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2. GENERAL SUMMARY 

The present thesis investigates age-related and stroke-induced differences in brain 

activation and neural network configuration, during states of rest and states of attentional 

demand. To this end, we employed a multiple object tracking (MOT) task at two load levels and 

compared functional magnetic resonance imaging between a group of younger and a group of 

older healthy participants (papers I and II), and between a group of sub-acute stroke patients and 

healthy controls (paper III).  

In paper I, we probe the age-related differential network response during rest and 

attentional demand. Task-positive (TPN) and task-negative networks (TNN) represent 

functionally connected brain regions that reliably activate and deactivate, respectively, when 

performing attention-demanding tasks. The antagonistic relationship between these networks has 

been hypothesized to reflect ongoing regulation of cognitive control and task-related effort, and 

as such a prerequisite for efficient visuospatial attention. In the field of cognitive aging, 

attentional impairment is widely reported, but it has not been known to which degree these 

behavioral differences can be attributed to network-specific neuronal alterations in the TPN and 
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task-negative networks TNN, respectively. Therefore, by employing independent component 

analysis (ICA) to derive brain networks from fMRI data recorded during a blocked MOT task, 

which requires sustained multifocal attention, we sought to characterize age-related alterations in 

TPN and TNN during sustained visuospatial attention. The results demonstrated age-related 

differences in network response during MOT. We found for the old compared to the young group 

diminished activations and deactivations in the task-positive and task-negative network, 

respectively. Moreover, increasing task difficulty resulted in a diminished network response in 

the old compared to the young group. Performance level, as indicated by target detection 

accuracy, was higher in the young compared to the old group. Assessment of network co-

activation showed for the younger group stronger correlations within networks that were 

designated as TPN and TNN, compared to the older group. Summarily, the findings supported 

the notion of neural dedifferentiation with increasing age.  

In paper II, we again studied age-related differences during MOT using roughly the same 

study sample as in paper I (based on task performance, a small subset of participants in paper I 

were excluded in paper II and vice versa). Whereas in paper I we investigated task-related 

network activation and co-activation, in paper II we probed age-related differences in functional 

connectivity (FC) across rest and task. We utilized a machine learning classifier to investigate 

whether age-related connectivity changes become more apparent during cognitive engagement. 

Variability in brain activity reflects optimal brain function. To investigate age related differences 

in signal variability, we computed the standard deviation of signal amplitude (SDSA) across 

network nodes and performed groupwise comparisons within each cognitive condition. Results 

from the study revealed robust discrimination between cognitive states across age groups. 

Further, there was a load dependent increase in classification accuracy between age groups when 

the participants were task-engaged compared to the resting state condition. Thus, confirming that 

the MOT task-paradigm increases sensitivity to age-related differences in functional connectivity 

compared to an unconstrained resting state. Network nodes within the dorsal attention network 

(DAN) and the default mode network (DMN) – representing the main task-positive and task-

negative networks, respectively – were shown to be the nodes most sensitive to age effects. 

These networks have an anti-correlated relationship which were found reduced in the older group 

comparative to the younger group, corroborating the neural dedifferentiation theory and 
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converging with the findings in paper I. Overall, signal variability was higher for the younger 

group, and nodes within the DAN and DMN showed strongest the effects of task.  

In paper III, we used the same methodological framework as in paper II, this time to 

investigate functional connectivity differences between a group of healthy controls and a group 

of sub-acute ischemic stroke patients. We again showed high classification accuracy between 

resting state and the two load levels of the MOT task. However, machine learning classification 

did not discriminate stroke patients from healthy controls beyond chance-level accuracy. The 

inherent demands of the study selected for a patient group with clinically mild strokes, and fMRI 

findings together with behavioral data converged to suggest that mild strokes might impart 

sparse effects on cognitive function and neural networks beyond the lesion proper.  
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4. INTRODUCTION 

Although wisdom accrues throughout a lifetime of amassed knowledge, lived experiences and 

life-lessons gathered - the inevitable course of senescence is that of diminishing acuity across the 

span of cognitive faculties. Behind the slow and often imperceptive cognitive decline that comes 

with advancing age is an accumulation of widespread change in the cerebral architecture. These 

changes are often found accelerated in neurodegenerative pathologies; meaning to better 

understand aging is to better understand, and hopefully ameliorate a range of brain disorders like 

Alzheimer’s and Parkinson’s disease. Sudden damage to brain tissue, by contrast, such as 

occurring in a cerebral stroke may result in immediate and irreversible behavioral changes 

depending on the extent and location of the damage. Regardless of the underlying mechanisms or 

speed of onset, loss of cognitive capabilities can be a devastating encounter, not only 

experienced by the effected individual, but with extensive ramifications for the next of kin, local 

communities and health services at large.  

The complexity of human brain is formidable, and accordingly, the neurobiological basis 

underlying cerebral processes including age-related decline and disease states remains elusive. 

However, the scientific and technological developments of the last half century have ushered in 

paradigmatic advancements in the field of neuroscience to allow for in vivo investigation and 

visualization of the structural and functional human brain. Arguably, the most powerful tool for 

assessing brain organization, fMRI utilizes the disparate magnetic properties of the hemoglobin 

molecule in states of oxygenation and deoxygenation to infer neural activity. At rest, fMRI 

studies have revealed synchronous activity between spatially dispersed brain regions, giving rise 

to the concept of functional connectivity and revealing a network organization structure of the 

human brain. Considering that neural activity in part reflects cognitive context, task-based fMRI 

paradigms allow us to assess spatial and temporal changes in neural activity during various 

cognitive states.  

The present thesis is structured around three original research articles. All three papers 

are cross-sectional cohort studies using task-based fMRI to compare neuroimaging data obtained 

from older and younger healthy adults (papers I and II), and sub-acute stroke patients and healthy 

controls (paper III). The thesis comprises three main sections: (1) an introduction which provides 

a general framework of key concepts and the current state of knowledge, on which the three 
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papers are built. Herein, the biological basis underlying functional brain networks and the fMRI 

signal from which the networks are derived, is reviewed. Emphasis is put on networks 

subserving visual attention processing, and the network-level effects of stroke and cognitive 

aging. Part (2) presents a summary of the three papers, which includes the specific research 

questions that were asked and the methods that were employed. The final section (3) discusses 

the findings in this thesis context of the current state of knowledge, and how this thesis might 

serve to contribute to the field. This section includes methodological consideration, concluding 

remarks and future directions.  

4.1 Functional magnetic resonance imaging 

By utilizing the properties of Hydrogen atoms to form images, MRI technology allows 

for detailed in vivo visualization of biological tissue. The technique is non-invasive and does not 

emit ionizing radiation, in contrast to x-rays and CT-scans. While structural MRI allows for 

detailed three-dimensional images of neuroanatomy with a high degree of spatial resolution, 

fMRI is applied to acquire information regarding brain activity. fMRI does not measure brain 

activity directly. The physiologic basis of the fMRI signal is the blood-oxygen level dependent 

(BOLD) response, which simply put, is the relative concentration difference between the 

deoxygenated and the oxygenated configurations of the hemoglobin molecule within the red 

blood cells, as it binds to and transports oxygen throughout the cerebral vascular system. Neural 

activity causes a multicellular response that alters local perfusion - also known as neurovascular 

coupling - producing a local surge in blood flow (Goense et al., 2012; Leniger-Follert & 

Hossmann, 1979), which changes the ratio of the oxygenated/deoxygenated state of the 

hemoglobin molecule in the microvasculature surrounding the activated neural regions. This 

change in oxygenation status leads to an increased BOLD signal that is recorded in an MRI 

scanner by virtue of the different magnetic properties of the hemoglobin molecule when it’s 

bound to oxygen (non-paramagnetic) and when it’s not (paramagnetic) (Logothetis et al., 2001). 

Thus, the BOLD signal is an indirect measure of brain activity, inferred through alterations in 

hemodynamic parameters such as cerebral blood flow, cerebral blood volume and cerebral 

metabolic rate of oxygen consumption (Buxton et al., 2004). The BOLD response evoked by 

neural activity follows a specific time course known as the hemodynamic response function 

(HRF) which is used to model the neural event to fMRI data (Lindquist & Wager, 2007). 
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Functional neuroimaging has provided invaluable insight into neural mechanisms and core 

organizational principles of the cerebral cortex. fMRI, in conjunction with graph theoretical 

analyses has revealed a network level topology that shares properties with other complex 

systems such as social- and information technological networks (Bullmore & Sporns, 2009).   

4.1.1 Resting-state fMRI and brain networks 

The brain – even at rest – exhibits a continuous activity of low frequency BOLD signal 

fluctuations (Biswal et al., 1995). By investigating whole-brain correlations in signal activity, 

studies have identified spatially dispersed brain regions that fluctuate synchronously in the 

absence of stimuli (De Luca et al., 2006; van den Heuvel & Hulshoff Pol, 2010). This temporal 

dependence of neuronal activity defines the concept of functional connectivity (Friston, 1994), 

and studies have shown reproducible connectivity patterns to identify canonical resting-state 

networks that are consistent across healthy subjects (Damoiseaux et al., 2006; Seitzman et al., 

2019). Networks such as sensorimotor, frontal, visual, dorsal attention and default mode 

networks (Fox & Raichle, 2007) constitute examples of commonly described large-scale resting-

state networks (figure 1).  

 

 

Figure 1. Adapted from paper III. Visual depiction of 8 commonly reported resting-state networks. 
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Resting-state fMRI studies have emerged the view of the brain as a complex integrative 

network, and thus provided a unique insight into the functional architecture and organizational 

principles of the human brain. Clinical applicability is still at a nascent stage, but resting-state 

fMRI has shown useful in diagnosing and monitoring disease progression in neurodegenerative 

(Cordova-Palomera et al., 2017; Kivistö et al., 2014) and neuropsychiatric disorders (Kaufmann 

et al., 2015), as well as guiding neurosurgery to minimize functional loss in tumor resection and 

epilepsy surgery (Lee et al., 2013).  

The main approaches to investigate functional connectivity between brain regions are 1) 

local seed-based analyses, where regions of interest (ROIs) are selected a priori and the 

corresponding time-series (the signal measured at each voxel throughout a run) are correlated 

with the time-series of other brain regions (Reid et al., 2017; Smitha et al., 2017), and 2) whole-

brain connectivity analyses which rely on model-free, data-driven methods to estimate 

connectivity patterns in the entire brain from the statistical properties of the source data (Smith et 

al., 2011). The former relies on selecting predefined brain ROIs to be investigated, and thus the 

information provided is locally limited while interpretating the results is relatively 

straightforward. The latter offers the advantage of being applicable to experimental paradigms 

without an a priori model and enables whole-brain connectivity assessment. However, given the 

higher data complexity, interpretations of between-group differences has shown more 

complicated (Fox et al., 2007). Although seed-based and data-driven methods differ conceptually 

and methodologically, they yield results with a high degree of convergence (Joel et al., 2011).  

Model-free whole-brain analyses include decomposition techniques such as principal 

component analyses (PCA) (Viviani et al., 2005)  and independent component analyses (ICA) 

(Abou Elseoud et al., 2011; Beckmann et al., 2005), as well as various clustering procedures 

(Cordes et al., 2002; Golland et al., 2008; Thirion et al., 2006; van den Heuvel & Hulshoff Pol, 

2010). PCA reduces the dimensionality of the fMRI data by parsing the set of variables into a 

smaller set of uncorrelated variables that captures most of the variance. For this purpose, it is a 

particularly useful analysis tool prior to ICA and machine learning algorithms, as the 

uncorrelated variables are more computationally efficient for downstream analyses. ICA is 

perhaps the most used tool for data-driven connectivity analyses. ICA separates the fMRI signal 

into independent spatial components and corresponding time-series, yielding signal sources that 
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are spatially maximal independent from each other. These signal sources, or independent 

components represent nodes in the brain network, that are functionally interconnected through 

network edges. Although in fMRI research, network edges are inferred through synchronous 

activity; structural imaging studies have shown functional brain networks to be dependent on the 

underlying anatomy (Tewarie et al., 2014; van den Heuvel et al., 2009). Graph theory, a 

mathematical branch, serves as the operating framework for investigating network properties of 

the human brain (Bullmore & Sporns, 2009). The arrangement of nodes and edges (network 

topology) is optimized for a high degree of local and global information exchange with low 

wiring cost (Fornito et al., 2010). This is particularly evident in networks that exhibit ‘small-

world topology’ where nodes are locally clustered sharing short range interconnections (Sporns 

et al., 2005). Perturbations in network topology during disease states causes brain networks to 

organize less efficiently and clinical deficits can in part be explained by system level alterations.  

fMRI research comparing brain activation and network characteristics typically rely on 

mean BOLD signal activity. Considering that the brain is constantly in flux, signal variability – 

once attributed to mere noise in the data – has been shown to serve a functional role for neural 

systems to adapt to the changing environment and respond to a greater range of stimuli (Garrett 

et al., 2010). The natural state of the brain is inherently variable (Pinneo, 1966), and increased 

signal variability has been linked to better performance in cognitive tasks (Garrett et al., 2011), 

and in younger compared to older populations (Grady & Garrett, 2014). In neurodegenerative 

and psychiatric disorders, both increased as well as decreased variability across a range of brain 

regions has been linked to disease state and severity (Han et al., 2011; Millar et al., 2020; Yang 

et al., 2014; Zhao et al., 2018), suggesting that an optimal degree of variability is requisite for 

healthy brain function.  
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Figure 2. Flow chart of data processing and network estimation for fMRI. A) Acquisition of individual 

fMRI images; and B) preprocessing; with C) corresponding time series; used to estimate D) a functional 

connectivity matrix based on correlated activity between nodes; E) the generated whole brain functional network in 

anatomic space; E) simple model diagram for graph theory analysis. 

4.1.2 Task-based fMRI 

 Functional imaging captures brain activity in the subject being investigated during his or 

her given cognitive state. In resting-state studies, participants are instructed to lie as still as 

possible while letting their mind wander without falling asleep. In task-based paradigms, 

participants perform various tasks depending on the phenomena being investigated. By mapping  

brain areas that show increased activation in response to task, these tools have allowed for in 

vivo assessing neural correlates subserving motor (Turesky et al., 2018), language (Pillai et al., 

2003), visual (DeYoe et al., 1996), attention (Culham et al., 2001) and memory processing 

(Osaka et al., 2003), as well as a multitude of other sensory, motor and cognitive operations 

(Drobyshevsky et al., 2006; Schwartz et al., 2005).   

Interestingly, bilateral brain regions in the medial prefrontal cortices, precuneus and 

angular gyri show consistent deactivation during task and activation at rest (Mevel et al., 2011; 
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Raichle et al., 2001). These distributed regions comprise the brain’s default mode network and 

divides the brain into two opposing systems; the task-negative DMN and task-positive networks 

such as attention-, visual-, sensorimotor-, salience and executive control networks (Chai et al., 

2012; Greicius et al., 2003; Power et al., 2011). The DMN is generally thought to support 

internal mentation. The role of the DMN in internally oriented cognition is evidenced by 

increased network activity when subjects are mind wandering, monitoring their internal states 

and processing autobiographical memory (Buckner et al., 2008; Mason et al., 2007; Raichle et 

al., 2001). The opposing dynamics between task-negative and task-positive brain systems 

suggests an antagonistic relationship competing for limited processing resources and serving 

conflicting operations. Externally oriented task paradigms invoke an allocation of resources from 

the DMN to task-positive networks, with increasing task demand yielding greater contrast in 

activation/deactivation responses (Buckner et al., 2008; McKiernan et al., 2006).  

Whilst brain activity in specific cerebral regions becomes markedly altered between rest 

and task, FC (temporal synchronicity of low-frequency signal fluctuations) show a high degree 

of correspondence across condition (Cole et al., 2014; Fox et al., 2007; Smith et al., 2009). This 

suggests an intrinsic functional network architecture that is stable across mental states, 

accounting for most of the variation in behavior considering that this intrinsic network 

configuration determines FC both at rest and during task. Although functional network 

alterations between conditions are small, task-evoked FC changes do exist. Networks that weakly 

activate or show deactivation, also show decreased FC during task, suggesting a decoupling of 

task-irrelevant networks (Tomasi et al., 2014). More surprisingly, several studies have also 

shown decreased FC in neural networks that activate during task (Cohen & Maunsell, 2009; Cole 

et al., 2021; Ito et al., 2020). A somewhat counterintuitive finding as one would expect that task-

evoked network activity would be observed along with stronger network connections. This task-

related activity/connectivity relationship can be accounted for by considering that overall activity 

flow is the product of activations times FC, which would accommodate for finding FC decreases 

and still have overall increased neural interactions (Cole et al., 2021). Nevertheless, the 

relationship between different measures of brain function is convoluted, highlighting the 

complexity of cerebral dynamics.   
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4.2 Visual attention and multiple object tracking 

Perhaps the most oft-quoted definition of attention begins with stating the intuitive nature 

and collective familiarity we have with the phenomenon: “Everyone knows what attention is” 

declared the influential psychologist William James writing in the late 19th century (James, 

2007). Attentional control is such an indispensable constituent piece in higher level cognition 

and goal-directed behavior, so as to seem second nature in everyday life (Hasher & Zacks, 1988; 

Petersen & Posner, 2012). It allows us to navigate through the endless amount of information 

that the environment presents us with, by purposefully prioritizing and ignoring information 

based on what is deemed relevant for behavior – akin to a highlighter rendering sections of text 

more salient to the reader. James’ quote goes on to further describe key features of attention: “It 

is taking possession of the mind, in clear and vivid form, of one out of what seems several 

simultaneously possible objects or trains of thought. Focalization, concentration of 

consciousness is of its essence. It implies a withdrawal from some things in order to deal 

effectively with others.” 

Facilitated by the tremendous technological and methodological advances within 

neurophysiological and neuroimaging techniques, in vivo research studies offer insight into the 

biological underpinnings of the working brain, now well over a century following James’ life 

and work. Early neuroscientific research on visual attention was somewhat impeded by the rather 

nebulous and vague ontology of attention as a unitary concept without described neural 

correlates that could be investigated empirically. In their seminal paper at the infancy of 

neuroimaging research, Peterson and Posner conceptualized three different, but interrelated 

subsystems with distinct neuroanatomy that constitute attention: alerting, orienting and detection 

(1990). Alerting, or arousal prepares the brain for signal detection and helps maintain vigilance, 

involving the ascending reticular activating system in the brain stem and midbrain with 

projections to the cortex (Yeo et al., 2013). Orientation involves the ability to prioritize the 

sensory inputs. Selective orientation of attention can further be sub-categorized according to the 

nature of the stimuli being attended to. Thus, we distinguish between attention driven by goal-

oriented behavior such as the act of dutifully writing or reading text, and stimulus-oriented 

behavior such as the reflexive reaction evoked by loud noises or bright flickering lights. The 

former being an example of attention driven by endogenous or top-down processes, whilst the 
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latter is conceptualized as attention that is exogenously driven or under bottom-up control. 

Neuroimaging research has revealed distinct cerebral anatomy and neural networks subserving 

these attentional systems (Corbetta & Shulman, 2002). Endogenous attention is mediated by a 

dorsal frontoparietal network comprising the intraparietal sulcus (IPS), and frontal eye fields 

(FEF), whilst the exogenous attention system comprises hubs in the ventral frontal cortex an the 

temporoparietal junction (Vossel et al., 2014). Thus, these attention systems are also referred to 

according to their neuroanatomical distributions as the dorsal and ventral attention networks, 

acronymized as DAN and VAN, respectively. In their 1990 paper Peterson and Posner identified 

target detection as the third major attentional subsystem, with neural correlates in frontal, 

parietal, and cingular regions (Gratton et al., 2018). Target detection meaning the capture of 

awareness that occurs once a target is detected, at the cost of being attentive to other targets. This 

process involves the focalization of attention and relates to the limited capacity of the attention 

system. Activity in these frontoparietal or cingular areas has since been shown to correlate with a 

number of diverse operations involving top-down control, such as self-regulation (Posner et al., 

2007) and action selection (Shenhav et al., 2013). Thus, this system is now considered a part of 

an executive control network, reflecting its more extensive role in the execution of cognitive 

operations (Petersen & Posner, 2012).  

 Visual attention functions effectively through a set of mechanisms that limits the 

processing to a subset of visual stimuli from all other stimuli that is presented through the visual 

stream. These mechanisms serve varied functions in visual processing including selecting and 

enhancing relevant stimuli whilst suppressing irrelevant stimuli, decomposition of the stimulus 

into constituent dimensions (color, shape, orientation etc.) and visual recognition where the 

signal is identified (Evans et al., 2011).  For all three papers included in the present thesis, visual 

attention is probed using a multiple object tracking task (Pylyshyn & Storm, 1988). MOT 

involves the tracking of multiple target objects amongst identical distractor objects, and as such 

requires goal-oriented selective and sustained visual attention (Luo et al., 2021). Since objects 

are moving randomly, successful tracking relies on constructing mental representations that 

maintain the integrity for the objects despite positional change (Pylyshyn, 2001). In addition to 

visual attention, the task relies on coordinated visuomotor processes and working memory. When 

task-engagement is combined with neuroimaging data, multiple object tracking is seen to reliably 

activate core regions of the DAN (Alnæs et al., 2014; Culham et al., 2001), in a load-dependent 
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manner (Jovicich et al., 2001), thus making the paradigm ideally suited for investigating neural 

mechanisms subserving sustained visual attention.  

 

4.3. Brain networks in aging 

Cognitive aging refers to the decline in cognitive performance and accompanying 

neurobiological alterations observed with advancing age. The most prevalent neurodegenerative 

diseases such as Alzheimer’s, Parkinson’s disease and cerebrovascular disease are inextricably 

linked to advancing age. In fact, given the prevalence of neurodegenerative findings in otherwise 

healthy elderly individuals, brain aging has been proposed to form a continuum with 

neurodegeneration (Hou et al., 2019; Hung et al., 2010). Accordingly, understanding the 

processes underlying cognitive aging is paramount in developing preventive and ameliorative 

interventions aiming to lessen a substantial disease burden.   

The age of onset and trajectory of age-related cognitive decline is highly variable 

between individuals and across cognitive domains. Crystallized cognitive abilities involving 

knowledge acquisition and the ability to recall information remain preserved until approximately 

the age of 60 (Cattell, 1963; Wang & Kaufman, 1993), while fluid abilities that require the 

ability to manipulate and process new information (Bugg et al., 2006), begin to decline as early 

as the mid-20’ (Harada et al., 2013). The human brain, being an exceedingly complex multi-level 

system, exhibits widespread age-related alterations at all levels of resolution ranging from 

molecular changes in calcium homeostasis, mitochondrial dysfunction and neurotransmitter 

pathways (Tripathi, 2012; Zia et al., 2021); cellular loss and dysregulation affecting neurons and 

glial cells (Baker & Petersen, 2018; von Bernhardi et al., 2015); and morphological changes, 

most notably gray matter volumetric reduction and loss of white matter integrity (Ge et al., 2002; 

Inano et al., 2011).  

In the field of brain imaging, early studies showed overactivation for senior adults 

compared to younger adults performing the same cognitive task (Cabeza et al., 1997; Grady et 

al., 1994). This relative activity increase seen with advancing age was frequently observed in the 

prefrontal cortex, an anatomical region particularly vulnerable to age-related atrophy (Tisserand 

& Jolles, 2003). Further, frontal regions that showed a preferred hemispherical lateralization for 

younger subject, showed bilateral recruitment in older subjects (Cabeza et al., 1997). Models 
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such as the posterior to anterior shift in aging (PASA; Davis et al., 2008), and Hemispheric 

Asymmetry Reduction in OLDer adults (HAROLD; Cabeza, 2002) were devised to interpret 

these commonly encountered patterns of age-related increased frontal recruitment and 

bilaterality, respectively. Age-related increases in frontal recruitment is thought to reflect 

compensation for neuronal tissue loss when overactivation positively correlates with successful 

task performance (Rossi et al., 2004). Conversely, when overactivation is negatively correlated 

with performance, this pattern is deemed to represent maladaptive neuromodulation inducing 

unwanted noise into the system (Nashiro et al., 2018). While overactivation is frequently seen for 

older subjects at low and moderate task difficulty (when differences in performance compared to 

younger participants is minimal), at higher cognitive loads, the same brain regions show under-

recruitment for the older participants along with detrimental effects on performance (Cappell et 

al., 2010; Mattay et al., 2006). This pattern of activity has been proposed to reflect effective 

compensatory mechanisms where older adults – due to processing inefficiencies – recruit more 

neural circuity at lower task demands, which eventually reaches a resource ceiling due to 

insufficient reserve capacity. A tradeoff that has been termed compensation-related utilization of 

neural circuitry or CRUNCH (Reuter-Lorenz & Cappell, 2008). Of particular interest in 

cognitive aging and imaging studies, is the task-negative default mode network. The DMN is 

suppressed during cognitive demanding tasks, but less so with advancing age (Grady et al., 

2006), and the relative failure to deactivate the DMN is related to reduced cognitive task 

performance for older adults (Damoiseaux et al., 2008).  

From behavioral studies, Lindenberger (1994) and Baltes (1997) demonstrated that visual 

and auditory acuity were strong predictors of successful task performance in a range of cognitive 

tasks for older adults, but not for younger ones. Indicating that sensory functions evolve from 

being independent features in early adulthood to become interrelated with various other cognitive 

operations with advancing age. The ability of younger adults to engage selective neural pathways 

in response to different tasks seemingly declines with age, a term the authors coined neural 

dedifferentiation. Commonly reported findings of older adults activating both cerebral 

hemispheres in tasks that elicit unilateral activations for younger subjects (Cabeza, 2002; Reuter-

Lorenz et al., 1999), along with network-level studies showing an age-related decreased ratio of 

within-network to between-network connectivity (Damoiseaux, 2017; Ferreira et al., 2016; Goh, 
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2011) further the notion of neural dedifferentiation, and form a key link between behavioral- and 

brain-based approaches to cognitive aging. 

Importantly, overcompensation, CRUNCH and dedifferentiation hypotheses aren’t 

mutually exclusive theories of cognitive aging. In the rapidly developing field of behavioral and 

neuroimaging research, these theories have rather been developed as explanatory models 

attempting to encompass emerging research findings within a general framework. To account for 

a more dynamic and adaptive view of the human brain, the scaffolding theory of aging and 

cognition or STAC was proposed in 2010 (Reuter-Lorenz & Park). The STAC model has since 

been revised (STAC-r) to account for the lifetime effect of factors (exercise, lifestyle, behavioral 

interventions, deleterious events etc.) that influence aging trajectories (Reuter-Lorenz & Park, 

2014).  

The STAC-r model (fig. 3) explains the brain’s response to cognitive challenges, which 

are not unique to, albeit more frequently encountered in advancing age. Scaffolding refers to the 

development of alternate neural circuits to achieve cognitive goals and has a protective function 

in cognitive aging. In childhood and youth, capacity for neural plasticity and skill acquirement is 

high, explained neurobiologically by the honing of efficient and modular neural circuitry. With 

advancing age and the accumulation of neural challenges, efficiency of the modular networks 

decreases and there’s a compensatory reliance on scaffolding networks to achieve the similar 

cognitive performance. However, eventually progressive neural pathology exhaust neural 

capacity to reorganize, the scaffold collapses and cognitive impairment ensues.  

The STAC-r model explains age-related frontal overactivation by proposing the frontal 

cortex as a locus for scaffolding, owing to its high flexibility and versatility in cognitive 

operations (Miller & Cohen, 2001). In the STAC-r framework, network dedifferentiation is an 

expression of progressive loss of efficiency in the honed and modular neural networks, with the 

need for additional neural recruitment for older adults. Similarly, decreased suppression of the 

DMN is reflective of compensatory utilization of scaffolded networks which are less efficient 

and selective.  
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Figure 3. Conceptual model of the scaffolding theory of aging and cognition revised (STAC-r;Reuter-

Lorenz & Park, 2014) 

 

4.4. Brain networks in cerebral stroke 

A cerebral stroke occurs when blood flow to a brain area is impeded. The tissue supplied 

by the compromised vasculature becomes oxygen deprived and cells undergo ischemic cell death 

within minutes of onset. Cerebrovascular disease contributes significantly to the global health 

burden as it ranks the second most common cause of death and disability adjusted life years 

(DALY’s), with an estimated lifetime risk of almost 25% for those aged 25 and older (Gorelick, 

2019). And whilst rates of stroke mortality has decreased the last two decades, the absolute 
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number of yearly strokes, stroke survivors and DALY’s lost is increasing (Feigin et al., 2014). 

Stroke survivors endure a prolonged period of rehabilitation with the aim of regaining as much 

function as possible. A wide variety of factors influence stroke prognosis including age, stroke 

severity, mechanism and location, the presence of comorbidities and level of stroke unit and 

rehabilitation care and treatment.  

 Brain strokes, also known as cerebrovascular accidents (CVAs), are broadly categorized 

as ischemic (vascular blockage) and hemorrhagic (vascular rupture) according to the mechanism 

of injury (Grysiewicz et al., 2008). Hemorrhagic strokes are further subdivided into intracranial 

hemorrhage (ICH) and subarachnoid hemorrhage (Feigin et al.) according to the location of the 

rupture, the former occurring within the brain parenchyma and the latter occurring in the 

subarachnoid space between the arachnoid and pia mater. Ischemic strokes account for 

approximately 87% of all CVAs. While hemorrhagic strokes are less prevalent (ICH make up 

10% and SAH 3%), they are more likely to be fatal (Benjamin et al., 2019). Regardless of the 

underlying etiology, once a stroke incident occurs, a complex cascade of interrelated and 

coordinated processes takes place including loss of cell ion homeostasis, immune system 

activation, glial cell response and blood-brain barrier disruption leading to necrotic cell death in 

the compromised brain tissue (Woodruff et al., 2011). In non-lethal cases, clinical recovery 

ensues the following days, weeks, months and even years after the stroke incident. Multiple 

factors influence recovery and can predict favorable outcomes, including a reorganization of 

neural networks (Carter et al., 2012; Diao et al., 2020).  

The notion that a focal brain lesion exerts neurophysiological effects in distant areas was 

most notably proposed by the neuropathologist Constantin von Monakow, who coined the term 

diaschisis as it relates to brain function in 1914 (Carrera & Tononi, 2014). Diaschisis from Greek 

meaning severe or split through (dia – through or across, and schizein – to split), was a novel 

heuristic breaking with the prevailing locationalist viewpoint that brain function was localized to 

specific areas in the cerebral cortex. Advances in neuroimaging and statistical modeling have 

since provided empirical evidence for lesion effects on whole-brain network properties, to the 

extent that stroke can be considered a network disease.  

Early fMRI studies in stroke-induced motor deficits have shown decreased activity in the 

ipsilesional hemisphere with increased recruitment of homologous areas in the unaffected 
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contralesional hemisphere (Johansen-Berg et al., 2002; Ward et al., 2003), giving rise to the 

notion that stroke recovery induces cortical reorganization. A commonly reported network-level 

finding is decreased connectivity within the lesioned hemisphere in the first days and weeks 

following a stroke (Carter et al., 2010; Golestani et al., 2013). Clinical recovery is predicted by 

connectivity normalization in the nodes that showed alterations in the acute phase (Golestani et 

al., 2013; Rehme, Fink, et al., 2011). Studies investigating longitudinal changes in the functional 

organization of brain networks, suggests a shift towards increased functional segregation of 

affected networks underlies successful recovery (Duncan & Small, 2016; Wang et al., 2010). 

Decreased connectivity in homotopic regions between hemispheres, along with increased 

intrahemispheric connectivity between normally disconnected networks are robust network 

findings that can predict behavioral deficits in the subacute phase (Baldassarre et al., 2014; He et 

al., 2007). A plurality of connectivity studies in stroke research have focused on resting state 

rather than task connectivity due to feasibility reasons. The task data that do exist show similar 

patterns to resting state with decreased connectivity as the dominant trend, with normalization to 

healthy control level with time (Rehme, Eickhoff, et al., 2011; Rosso et al., 2013),  

 

5. METHODS AND MATERIALS 

The PhD-project presented in this thesis is part of a larger StrokeMRI project conducted 

at the Norwegian Centre for Mental Disorders Research (NORMENT) and Oslo University 

Hospital (OUS). StrokeMRI is a collaborative effort focused on studying cognitive aging, brain 

health, stroke rehabilitation and recovery (Beck et al., 2022; Kolskår et al., 2021; Richard et al., 

2020; Richard et al., 2018; Sanders et al., 2021; Ulrichsen et al., 2020). To this end, stroke 

patients in both subacute and chronic phases of recovery were included, in addition to healthy 

controls. Stroke patients that were recruited in the study for paper III in the present thesis, were 

also invited to participate in an intervention study investigating the effects of computerized 

cognitive training (CCT) and transcranial direct current stimulation (tDCS) on cognitive 

improvement (Kolskår et al., 2019). Written and informed consent was obtained from each 

participant prior to inclusion. All facets of the project were performed in accordance with the 

Helsinki declaration, and the project has been approved by the Regional Committee for Medical 

and Health Research Ethics (South-East Norway, 2014/694; 2015/1282). 
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5.1. Study samples 

Healthy controls were included in the analyses for all three papers. They were recruited 

through newspaper ads, social media and word of mouth. Inclusion criteria were age above 18 

and normal or corrected-to-normal vision. Intelligence quotient (IQ) was obtained using the 

vocabulary and matrix reasoning subtests from the Wechsler Abbreviated Scale of Intelligence 

(WASI; Wechsler, 1999). Subtest scores were converted to Full Scale IQ (FSIQ) estimates.  

Exclusion criteria were reported history of neurological or psychiatric condition (including 

substance- and alcohol abuse), FSIQ below 70, concurrent use of medication significantly 

affecting the nervous system (e.g., antidepressants, opioid analgesics, anticonvulsive- or mood 

stabilizing drugs) and any contraindication for MRI.  

A total of 52 participants were recruited in the sample pool for both papers I and II. These 

papers thus have a high degree of overlapping participants. After the scanner session, two 

participants were excluded due to excess in-scanner motion. Further exclusions were then made 

based on performance on the MOT task. For both paper I and II, participants that performed at 

chance or below chance-level during the low load condition were excluded. Additionally, for 

paper I, two participants had accuracy scores that exceeded 2.5 standard deviations below the 

mean and were thus subject to further exclusion. Thus, the final sample sizes consisted of 45 and 

47 participants in papers I and II, respectively. The participants were then grouped into an older 

and a younger age group according to the median split.  

For paper III, the patient cohort was recruited from the stroke units at Ullevål, Oslo 

University hospital (OUS), Diakonhjemmet hospital and Bærum hospital. Inclusion criteria were 

age above 18, clinically and radiologically documented stroke and enrolment within 14 days of 

hospital admittance. Exclusion criteria were clinical condition leading to inability to actively 

participate in the fMRI session, and MOT performance below chance level on the low condition. 

From the 54 patients initially enrolled in the study, 10 were excluded (3 were diagnosed with 

diseases other than stroke, 3 had stroke-related visual and/or motor impairments rendering them 

incapable of performing the MOT task, 4 were unable to complete the MRI protocol and/or the 

neuropsychological tests) yielding a final sample of 44 stroke patients. A total of 100 age and 

sex-matched healthy controls were recruited using the same selection criteria as for papers I and 

II. Table 1 gives the general overview of sample characteristics for each paper.  
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 Paper I                         Paper II Paper 

III 

Group Young Old Young Old HC Pat 

N (%females) 24 (66.7) 21 (53.4) 25 (68.0) 22 (54.55) 100 (40.0) 44 (25.0) 

Age (mean [SD]) 24.4 (5.1) 64.7 (7.4) 24.2 (5.1) 65.1 (7.5) 63.1 (11.2) 63.1 (14.8) 

Age range 20-43 47-78 18-43 47-79 35-81 34-87 

Years of education 

(mean [SD]) 

15.5 (1.4) 15.1 (3.1) 15.4 (1.5) 15.1 (3.0) 15.82 (2.9) 15.18 (2.0) 

MOT accuracy L1 

(mean [SD]) 

97.9 (7.5) 94.4 (10.9) 90.0 (13.5) 82.3 (16.9) 84.0 (24.0) 77.7 (24.9) 

MOT accuracy L2 

(mean [SD]) 

88.9 (14.5) 77.8 (20.6) 80.4 (18.8) 69.6 (22.6) 71.7 (23.5) 66.5 (23.9) 

Table 1. General overview of the sample characteristics included in each study. HC: Healthy 

controls, Pat: patients. 

 

5.2. MRI acquisition  

Imaging data was obtained from a General Electric (Signa HDxt) 3.0T scanner with an 8-

channel head coil (papers I and II), and a General Electric (Discovery MR750) 3.0T scanner with 

a 32-channel head coil (paper III), at the Section of Radiology and Nuclear Medicine, Oslo 

University Hospital (OUS). For all three papers, functional data were acquired with a T2*-

weighted 2D gradient echo planar imaging sequence (EPI), the first five volumes were discarded. 

Additionally, a T1-weighted structural scan was obtained for all three papers.  

Papers I and II: 200 volumes were collected from the resting state condition and 217 

(paper I) and 140 (paper II) volumes from the MOT conditions (TR: 2,400 ms; TE: 30 ms; FA: 

90; voxel size: 3.75x3.75x3.2 mm; slices: 48; FOV: 240x240 mm; duration: 533 s). The 

structural scan was acquired using a sagittal T1-weighted fast spoiled gradient echo (FSPGR) 

(TR: 7.8 s; TE: 2.956 ms; TI: 450 ms; FA: 12°; voxel size: 1.0×1.0×1.2 mm; slices: 170; FOV: 

256 mm²; duration: 428 s). 
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Paper III: 200 volumes collected for the resting-state condition and 152 volumes for the 

two MOT load conditions (TR: 2250 ms; TE: 30 ms; FA: 79°; voxel size: 2.67 x 2.67 x 3.0 mm; 

slices: 43; FOV: 96x96 x129 mm. The sagittal T1-weighted FSPGR sequence (TR: 8.16 ms; TE: 

3.18 ms; TI: 450 ms; FA: 12°; voxel size: 1.0x1.0x1.0 mm; slices: 188; FOV: 256 x 256 x 188 

mm; duration: 288 s), and a T2-FLAIR (TR: 8000 ms; TE: 127 ms, TI: 2240; voxel size: 1.0 x 

1.0 x 1.0 mm; duration 443 s) for lesion demarcation. 

5.3. fMRI paradigms 

In the three papers, functional imaging was obtained during a multiple object tracking 

(MOT) task (Pylyshyn & Storm, 1988). Participants underwent one resting state run and three 

versions of MOT, including one blocked and two continuous tracking runs, performed in the 

MRI scanner during the same session. Paper I reports data obtained during the blocked run, 

while papers II and III report the continuous runs. MOT explores sustained goal-driven attention 

as it requires attention to dynamically moving objects, and by modifying the number of target 

objects, the task allows for manipulation of attentional load. The task matches attentional 

processes that the environment exposes us to everyday. Whether it be navigating through traffic, 

participating in sports, supervising children or wild game hunting - continuous deployment of 

attention to moving objects are paramount. At task onset, 10 identical blue objects are presented 

on the in-scanner screen, shortly thereafter one or two objects change color to red, signifying 

their designation as target objects before changing back to blue, thus rendering them again 

indistinguishable from the distractor object. After a 12 second interval of Brownian motion, one 

of the 10 objects are highlighted by changing color to green. Participants are then prompted to 

mark (by a button push) whether the highlighted object was one of the target objects or not. 

Along with sustained visual attention, the MOT task requires visual selection at the beginning of 

each trial as well as working memory throughout the task.    

From electrophysiological and neuroimaging studies, several brain regions have shown to 

preferentially activate during task engagement, such as the intraparietal sulcus (IPS), the superior 

parietal lobule (SPL), frontal eye fields (FEF), human motion area (MT+) and the precentral 

sulcus (PreCS).  
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Figure 4. MOT task 

 

5.4. fMRI processing and analysis 

On a single-subject level, we processed functional MRI data using the FMRI Expert Analysis 

Tool (FEAT) from the FMRIB Software Library (FSL; Smith et al., 2004). The preprocessing 

steps included spatial smoothing (FWHM = 6 mm), high-pass filtering (sigma = 64 s), motion 

correction (MCFLIRT), and single-session ICA using MELODIC (Beckmann & Smith, 2004). 

In-scanner subject motion was calculated as the average root mean square of the displacement 

from one frame to its previous frame for each dataset. Independent samples t-tests revealed 

significant more in-scanner movement for the older compared to the younger group in papers I 

and II, whilst no significant motion differences between stroke patients and healthy controls in 

paper III. Steps were taken to ensure that group differences were not introduced by motion 

effects or data cleaning in papers I and II. For paper I, the estimated network responses were also 

run on the uncleaned dataset yielding largely unchanged effects. In paper II, mean estimated 

motion was added as an additional covariate in the functional connectivity estimations for both 
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groups, yielding also here largely unchanged effects. To identify and remove noise components, 

we used FMRIB’s ICA-based Xnoiseifier (FIX; Salimi-Khorshidi et al., 2014) with a standard 

training set and threshold of 20, yielding a cleaned dataset for each subject. Instead of regressing 

out the global signal (GSR), white matter, or CSF, we regressed out noise components using an 

ICA-based approach (FIX) which has been shown superior in denoising fMRI data compared to 

conventional techniques (Pruim et al., 2015). Automated brain segmentation of the T1-weighted 

data was performed using FreeSurfer (Fischl et al., 2002) to obtain brain masks used for co-

registration to a standard coordinate system using FLIRT (Jenkinson & Smith, 2001), optimized 

by boundary-based registration (BBR; Greve & Fischl, 2009) and FNIRT (Andersson et al., 

2007a, 2007b). 

5.5.Voxel-wise general linear model (GLM) – Paper I  

Voxel-wise analyses were employed in paper I to investigate BOLD signal changes over 

experimental conditions, with the aim of replicating activation patterns seen in previous MOT 

studies, thus confirming the paradigm as a powerful tool for investigating sustained visual 

attention. The experimental design included blocks of fixation, passive viewing, MOT load 1, 

MOT load 2 and a tracking condition (averaging L1 and L2). The contrasts explored were 

tracking vs. passive viewing, and L1 vs. L2. GLM analyzes each voxel’s timeseries 

independently, with the onset and duration of the tracking and passive viewing blocks modeled 

with the fixation blocks as implicit baseline. The timing of the HRF is subject to regional 

differences that was accounted for by adding a temporal derivative to the model, after the design 

matrix was filtered and convolved with the HRF. We tested for the difference between young 

and old over the given contrasts, after subjecting individual contrast parameter maps to whole-

brain group analysis based on a random effect model. To correct for multiple comparisons, we 

performed cluster-level correction with voxel-wise Z-score > 2,3 and a corrected cluster 

significance of p < 0,05.  

5.6. Group Independent component analysis (ICA) and network estimation - Papers 

I, II and III 

All three papers use ICA analyses where individually processed, cleaned, filtered and 

normalized datasets were submitted to a temporal concatenation group spatial ICA using 

MELODIC in FSL (Jenkinson et al., 2012). Components were classified as noise and non-noise 
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components based on the spatial distribution of the component maps and/or the frequency 

distribution of the components time series (Kelly et al., 2010), yielding 28, 32 and 30 non-noise 

components in the three papers, respectively. Next, subject-specific individual time series and 

component spatial maps were estimated using dual regression (Filippini et al., 2009). For paper I, 

the generated time series were further submitted to time-series regression using the individual 

GLM design matrices for the voxel-wise analyses. Regression coefficients for the two tracking 

conditions (L2-L1) were subtracted for each subject and submitted to group-level analyses, to 

assess associations between component activation in the old and young group for the L2 > L1 

contrast. For papers II and III, the individual time-series of the noise components were regressed 

out of the time-series of the non-noise components to estimate functional connectivity matrices 

using FSLNets (Smith et al., 2011). Here, for paper III, to remove the common variance from the 

stroke lesions, a segmented lesion mask was added as an additional component in the individual 

dual regression. The estimated time-series of the lesion mask was then removed from the time-

series of the components prior to network modeling. In a graph theoretical framework, 

components represent nodes in an extended brain network, connected by edges defined as 

temporal correlations between node pairs. Temporal correlations were estimated using 

regularized partial correlations with a data driven automated estimation of the regularization 

parameter lambda (Brier et al., 2015; Ledoit & Wolf, 2003) to yield networks that do not depend 

on a preselected, global lambda value (Deligianni et al., 2014; Kaufmann et al., 2016).  

 

5.7.Edgewise univariate analysis – Papers II and III 

 

Network estimation yielded functional connectivity matrices comprising 32 nodes and 

496 unique edges in paper II, and 30 nodes with 435 edges in paper III. Edgewise associations 

were further explored using repeated measures analysis of variance (ANOVA), testing for effects 

of group, condition (resting state and two load level continuous runs and interaction.  ‘ 

To control for family wise error rate, we used a false discovery rate (FDR) level q=0.05 to adjust 

the alpha level for each test, assuming independence or positive dependence (Nichols & 

Hayasaka, 2003). 
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5.8. Multivariate machine learning analysis - Papers II and III 

 

Regularized partial correlations between components represent the edges between nodes 

in the functional connectivity network. For papers II and III, we then employed multivariate 

machine learning to assess the predictive value of the FC measures across condition (rest, MOT 

L1 and MOT L2), and group (old vs. young in paper I and stroke vs. healthy controls in paper 

II). Using a regularized linear discriminant analysis classifier (linkage LDA) (Friedman, 1989; 

Schafer & Strimmer, 2005), the estimated network edges were used in classification tasks to 

classify between young and old participants (paper II) and stroke patients and healthy controls 

(paper III), within resting state and load conditions. Further, classification between resting state 

and load conditions within and across groups were done in both papers II and III. The robustness 

of the model was assessed using leave-one-out (LOO) cross-validation procedures, and reliability 

was assessed across 10000 permutations. For paper III, where the healthy control group 

comprised over twice as many subjects as the stroke group, we performed the group 

classification within a nested loop of 100 iterations, in which we each time randomly picked 

healthy control to correct for uneven sample sizes.  

 

5.9. Eigenvector centrality – Paper II 

 

Eigenvector centrality is a measure of the relative importance of individual nodes in the 

functional connectivity network. In paper II we sought to investigate which nodes were more 

influential in discriminating between the old and the young group. Eigenvector centrality 

mapping (ECM) provides an index of weighted nodal centrality and reflects the number of edges 

to a node, while giving more weight to connections to nodes having a high degree of centrality 

(i.e., more connections). Preprocessed cleaned and normalized continuous tracking and resting 

state runs were processed in LIPSIA (Lohmann et al., 2001), and submitted to nodewise ECM 

estimation (Lohmann et al., 2010), using edgewise partial eta-squared effect sizes, testing for 

main effect of group, condition (resting state and two load level continuous runs) and interaction.  
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5.10. Standard deviation of signal amplitude (SDSA) – Paper II and III 

 

Variability in BOLD signal activity reflects healthy brain function. Studies have shown 

that the natural state of the brain is inherently variable, reflecting optimalization of 

responsiveness to the changing environment and the ability to flexibly transition between 

cognitive states (Grady & Garrett, 2014). In papers II and III we investigate variability on node 

level by computing the standard deviation of BOLD signal amplitude for each component’s time 

series, using FSLNets (Smith et al., 2011). Group differences were tested using an analysis of 

covariance (ANCOVA), covarying for sex (paper II), and sex as well as age (paper III).  

 

 5.11. Lesion mask – Paper III 

 

To be eligible for study inclusion, patients had to have a radiologically confirmed stroke. 

Stroke lesions were first identified by neuroradiologists at the respective Stroke units during 

standard clinical investigation upon hospital admittance. Patients that were enrolled in the study 

then underwent structural imaging including T1, FLAIR and DWI as part of the MRI protocol, 

which were used by the neuroradiologist at Oslo University Hospital to describe lesion 

characteristics. Informed by radiological descriptions, the lesions were semi-automatically 

delineated in native space, using the Clusterize-Toolbox (de Haan et al., 2015) based on visible 

structural damage and hyperintensity changes on FLAIR images. These images registered with 

the high-resolution T1 using linear transformation with 6 degrees of freedom. T1 images were 

further registered to MNI152 standard space by linear affine transformations (with 12 degrees of 

freedom). Native-to-standard transformation matrices (nearest neighbor interpolation) were 

applied to register the binarized lesion masks to standard space. In subsequent group ICA and 

network estimation, individual lesion masks were included as an additional component in 

individual dual regression runs to estimate time series for each component. The estimated time 

series from the lesion component was discarded from the component’s time series that were used 

for network modeling.  
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5.12.Clinical assessment – Paper III 

 

All patients enrolled in the study were clinically evaluated and treated at the respective 

Stroke units in which they were admitted. Treatment was in line with the national guidelines 

(Helsedirektoratet, 2017). Stroke severity was assessed according to the National Institute of 

Health Stroke Scale (NIHSS; Lyden et al., 2009) by an attending physician specialized in either 

internal medicine, neurology or geriatric medicine. Individual NIHSS scores at the time of 

discharge were reported in Paper III. Stroke subtypes were classified by the specialized 

physicians, using the Trial of Org 10 172 in Acute Stroke Treatment (TOAST) classification 

system to subtype stroke lesions based on etiology. The Montreal Cognitive Assessment 

(MoCA) tool (Nasreddine et al., 2005) was used to assess general cognitive performance in both 

the patient and the control group. For the patients, the test was administered during hospital 

admittance, after the patients were clinically stable to optimize test validity.   

 

5.13. Non-imaging statistical analyses – Papers I, II and III 

 

Non-imaging statistical data was analyzed in SPSS (IBM_Corp, 2015). Demographic 

group differences were assessed using Chi square (handedness, sex distribution) and t-tests 

(education, neuropsychological tests). Group differences in MOT performance were evaluated 

with a two-by-two repeated measures ANOVA using load demand (L1 and L2) as within subject 

factor and group (young and old for papers I and II, patients and controls for paper III). For paper 

I, parameter estimates (beta values) were derived from the GLM analysis for each network 

during each condition. Group difference in network activation as well as load dependent 

activations (L2-L1) were explored using paired samples t-test and an ANCOVA with the beta 

values as the dependent variable, including sex and group as fixed factors. The association 

between beta values and MOT task performance during L2 as well as other neuropsychological 

estimates were tested with an ANCOVA, with performance scores as the dependent variable and 

sex and group as fixed factors. To test for load dependent between-network correlations in 

activation, we computed Pearson’s correlation between the beta values in each network, yielding 

a 28 by 28 correlation matrix. We then tested for group differences by comparing the correlation 
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coefficients between the groups using Fisher’s r-to-z transformation.  

 

  6.  RESEARCH QUESTIONS 

PAPER I 

How are age-differential responses to attentional demand reflected in task-positive and task-

negative network modulation. To what degree does network activations correlate with task 

performance? What are the age-related effects on brain network co-activations?  

 

PAPER II 

Are age-related differences in brain networks more pronounced during an attentional task 

compared to rest? What brain nodes and connections are most discriminant in classifying 

younger and older participants? What are the effects of age and task on brain signal variability? 

 

PAPER III 

How does stroke affect cognitive behavior and brain network characteristics? Are the stroke-

induced effects more pronounced during an attentional task compared to rest?  

 

7.  SUMMARY OF PAPERS 

Paper I 

The brain is highly organized in a network fashion comprising sub-networks with 

regional hubs dispersed throughout the cortex. Task-based fMRI studies have shown differential 

patterns of brain activity when participants are engaged in cognitive demanding tasks as 

compared to rest, revealing task-positive networks (TPN) that activate and task-negative 

networks (TNN) that deactivate during task.  

In this paper we investigate age-related differences in brain network activity during a 

multiple object tracking (MOT) task, in a group of younger (n = 25, mean age = 24.4 ± 5.1 years) 
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and older (n = 21, mean age = 64.7 ± 7.4 years) healthy participants. We utilized voxel-level 

general linear model (GLM) analysis and independent component analysis (ICA) to compare 

brain network activation and co-activation during two load levels of attentional demand.  

Results indicated better task performance in the younger compared to the older group.  

Assessing the association between performance accuracy and network activity revealed no 

significant correlations in the old group, for the young group there was a positive correlation 

between performance and TPN activations. fMRI data revealed diminished activations in TPN, 

as well as diminished deactivations in TNN for the older comparative to the younger group. 

Further, the increase in task difficulty from 1 load to 2 load demand, resulted in greater relative 

network responses in the younger group, although no strong relationship between network 

activation and task performance was found. Sub-networks within the TPN and TNN showed 

stronger co-activations in the younger group, suggesting age-related neural dedifferentiation. The 

level of activation and deactivation of the task-positive and task-negative networks, respectively, 

was only weakly correlated; indicating that the two measures of task-related neuronal 

recruitment may reflect partly independent neuronal mechanisms of cognitive aging. 

Paper II 

Whereas some cognitive functions decline even in healthy aging, others show only minor 

changes and may even improve during the course of life. The heterogeneity across cognitive 

domains is mirrored in a differential network vulnerability of brain connectivity, which has been 

proposed as a candidate imaging biomarker for age-related cognitive decline, and risk and 

progression of dementia. This domain-selective cognitive vulnerability suggests that a 

constrained cognitive paradigm may comprise a more sensitive context for the study of age-

related brain network alterations compared to an unconstrained resting state paradigm.  

 We compared fMRI functional connectivity indices obtained from a group of younger 

(n=25, mean age 24.16 ± 5.11) and a group of older (n=22, mean age 65.09 ± 7.53) adults during 

rest and two load levels of a MOT task. We applied multivariate machine learning based on a 

cross-validated regularized linear discriminant analysis technique to discriminate cognitive load 

and age groups using the full set of brain connectivity features, which were estimated using 

independent component analysis, dual regression, and regularized partial correlations.  



 
34 

 

 Compared to resting-state, functional connectivity estimated during continuous tracking 

strongly increased group classification accuracy. Further, connectivity patterns during rest and 

task were more distinguishable in young compared to older individuals. Nodes within the default 

mode and the dorsal attention networks were most discriminative when comparing the two age 

groups, and we found age-related reductions in the anti-correlation between attention-and default 

mode networks, corroborating the notion of cognitive and neuronal dedifferentiation in aging. 

Our findings suggest that cognitive tasks provide a more sensitive framework for studying age-

related network differences, a finding that has implications in the ongoing search for imaging 

biomarkers across the clinical neurosciences.   

Paper III 

The complex constellation of symptoms following a stroke is not fully explained by the 

loss of function caused by the localized cerebral tissue damage, but better understood as the 

result of disruptions to the functional network architecture of distributed brain systems.  

 In paper II, we demonstrated differential connectivity patterns between a group of 

younger and a group of older healthy adults, and we found that a constrained cognitive paradigm 

comprises a more sensitive context for the study of age-related brain network alterations. In 

paper III - using the same methodology - we sought to explore the network alterations associated 

with cerebral strokes, and whether data obtained during an attentive tracking task was more 

sensitive to diagnosis compared to an unconstrained resting state paradigm.   

 Multivariate machine learning yielded high accuracy when classifying between resting-

state and two load levels of attentional demand, for both groups, indicating high sensitivity to 

cognitive context. However, discrimination between stroke patients and healthy controls was not 

found to be beyond chance-level, and task-data did not increase sensitivity to diagnosis 

compared to resting state. Supported by statistically insignificant group differences in MOT-

performance and cognitive assessment, results suggest that clinically mild ischemic strokes yield 

minimal behavioral and whole-brain neuronal effects. 
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    8.  ETHICAL CONSIDERATIONS  

 

All research performed in this thesis and in the larger StrokeMRI project were conducted 

in accordance with the Helsinki declaration. Each facet has been subject to review and approval 

by the Regional Committee for Medical and Health Research Ethics (South-East Norway, 

2014/694; 2015/1282), and by the data protection regulation (personvernombudet) at Oslo 

University Hospital.  

 

Stroke research is fraught with ethical issues that were carefully considered upon project 

inception and during data collection. Particularly, stroke patients are vulnerable individuals who 

may be compromised in information processing and decision-making. To ensure ethical 

inclusion standards, each patient was first assessed and deemed cognitively, physically and 

emotionally eligible for enrolment by a physician working at the respective stroke unit. Patients 

were then approached by a StrokeMRI researcher and reassessed before final inclusion. Patients 

were thoroughly assured that the decision to participate or not would not affect treatment or level 

of care. We obtained verbal and written informed consent from both stroke patients and healthy 

controls prior to data collection.  

 

MRI images acquired from both stroke patients and healthy controls were individually 

reviewed by a neuroradiologist. Incidental findings that required further follow-up were reported 

to each participant and – upon request – a radiological description was sent to their primary 

physician. Although not reported in the present thesis, blood samples and blood pressure 

measurements were obtained in each study participant. Clinically relevant information from 

these assessments were handled similarly to the incidental MRI findings.  

 

9. DISCUSSION 

The overarching aim of this thesis was to investigate the neural network correlates in 

cognitive aging and cerebral stroke, and how the networks are modulated by attentional demand. 

To this end, fMRI data was collected from a group of older and younger healthy participants 

(papers I and II), and a group of subacute stroke patients and matched controls (paper III) during 
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an unconstrained resting state and two load levels of a multiple object tracking task. 

Additionally, data was gathered from neuropsychological testing, MoCA, a cognitive screening 

tool particularly devised for stroke patients (Nasreddine et al., 2005) and a stroke severity scale.  

 Findings in papers I and II demonstrated robust effects of age on neural networks. Results 

in paper I provide evidence for attenuated brain activity modulations in task-positive and task 

negative networks for older subjects during attentional demand. Moreover, we observed 

alterations in the system-level coordinated patterns of network activity, with less within-network 

specificity for older subjects. In paper II, the system-level approach was explored further by 

estimating whole-brain functional connectivity features. Here, a machine learning classifier 

successfully discriminated between older and younger participants, with group differences 

becoming more pronounced during task compared to rest. Encouraged by the findings in paper 

II; we applied the same techniques to investigate connectivity alterations between a group of sub-

acute mild stroke patients and healthy controls in paper III. However, after regressing out 

individual lesion effects on whole-brain networks, the results yielded no significant group 

differences. Additionally, we investigated differences in brain signal variability in papers II and 

III. Again, we observed effects of age with overall greater variability for the younger compared 

to the older group, but no significant variability differences between stroke patients and controls. 

In the following section, these findings and their implications will be discussed in light of 

relevant theories and current state of knowledge.   

9.1 Stroke in the context of age 

Cognitive aging “describes the process of gradual, longitudinal changes in cognitive 

functions that accompany the aging process” (Blazer et al., 2015). Although technically not a 

disease; aging is the accumulation of deleterious processes that contribute to biological system 

failure. In the context of reliability theory where diseases are specific cases of system failure, 

aging does not interact on the system itself, but rather causes these failures to increase in 

intensity with age (Gavrilov & Gavrilova, 2001). Neural alterations observed in cognitive aging 

are often seen accelerated in neurodegenerative and psychiatric disorders. Studying the 

biological underpinnings of the aging brain, therefore, may not only advance approaches to the 

debilitating consequences of senescence, but also elucidate common mechanisms involved in a 

range of conditions affecting the human brain. Advancing age is a particularly pertinent topic in 
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the context of stroke research. Aging in itself is a risk factor for stroke, in that stroke occurs more 

frequently – approximately 75% of all strokes occur in people aged 65 years and above 

(Yousufuddin & Young, 2019) – and engenders more severe outcomes in the older population 

(Sohrabji et al., 2013). To evaluate the neuroimaging effects of stroke (and any other age-

associated neurodegenerative disorder for that matter), it is important to have knowledge about 

aging physiology to better identify the sources of observed effects and how they interact.  

9.2 Over- or underactivation with advancing age? 

Findings in both papers I and II demonstrate overall decreased attentional task 

performance for older compared to younger participants, with fMRI data showing age-related 

differential network modulations in response to task demands. In paper I, looking at brain 

network activations during task; DAN activations and DMN deactivations were diminished for 

the older relative to the younger participants. The commonly reported finding of age-related 

overactivation in task-positive networks at low load levels was not encountered, as DAN 

activation was stronger for the younger group during both load levels of task demand. 

Overactivation with advancing age, in the presence of positive behavioral correlates, has been 

interpreted as a compensatory feature as auxiliary neural recruitment is needed to make up for a 

supply-demand gap caused by depleted neural resources to meet the same task requirements 

(Cabeza et al., 2018). In paper I, there was no evidence of such compensation taking place. No 

significant association between task-related network modulation and task accuracies was 

encountered in either group, thus limiting any strong inferences to be made regarding the specific 

contributions of DAN and DMN modulation on the ability to successfully perform the MOT 

task. The older group did perform significantly worse than the younger group at the load 2 task 

demand, concomitantly with diminished DAN activation and DMN deactivation. This finding 

could reflect reduced task-positive neural resources and a relative failure to suppress task-

irrelevant brain regions, as a feature of the detrimental effects of advancing age on attention. 

Both the CRUNCH and STAC-r models of cognitive aging accommodate for finding 

underactivation in attentional networks for older adults once task difficulty exceeds a certain 

threshold and neural resources become exhausted. However, this theoretical limit was not 

encountered in the study, given the low load demand set on the MOT task and the high response 

accuracy (the older group had an approximated average response accuracy of 94% during load 1 
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and 78% during load 2). Indeed, mean performance accuracies during the load 1 level of task 

demand were statistically insignificant between the groups, yet DAN modulation was also here 

comparatively diminished in the older group. Further, the relative increase in DAN activation 

when increasing task difficulty (from 1 to 2 load levels) was significantly reduced for the older 

group, representing a lower capacity for additional DAN recruitment upon higher demand. 

Prevailing compensation models of cognitive aging suggest that - when performance is equal 

between older and young groups - there is a need for increased neural recruitment to compensate 

for the gross and microscopic cerebral aging effects.  

While task-positive overactivation for older participants is the most reported finding in 

cross-sectional studies, underactivation in task-positive regions has also been reported (Dulas & 

Duarte, 2011; Maillet & Rajah, 2013). The papers that have reported age-related frontal 

overactivations have primarily been cross-sectional studies utilizing large age-spans when 

comparing younger and older groups (for review, see Grady, 2012). In a study by Nyberg and 

colleagues (2010) cross-sectional results indicated frontal overrecruitment for older subjects 

during a cognitive task, longitudinal estimates, however, revealed activity reductions in the same 

frontal areas. Further, studies using life-span samples and continuous age-increments have 

reported diminished age-related frontoparietal BOLD modulations during visuospatial (Rieck et 

al., 2017) and working memory (Archer et al., 2018) tasks, suggesting that differential network 

modulation findings are in part design dependent. A general overview of the extant literature 

thus shows no consistent direction of task-related DAN modulation in the context of aging, nor a 

consistent coupling between activity and behavioral effects. The CRUNCH and STAC-r models 

are arguably the most influential compensation models of cognitive aging at present. They do, 

however, axiomatically derive from the premise of frontal over-recruitment as a ubiquitous 

feature of cognitive aging. Frontal underactivtions with preserved behavioral correlates as found 

in paper I is not encountered for in either model. A challenge in aging research and neuroscience 

in general is the emergence of ill-defined concepts that suffer from being poorly operational and 

difficult to falsify (Nilsson & Lovden, 2018). Added to this, the reproducibility-crisis in the field 

of neuroimaging calls for greater transparency in methods and reporting, and strict delineation 

between hypothesis-driven and exploratory research (Poldrack et al., 2017). The CRUNCH 

model sought to address some of these problems by introducing a clear and testable CRUNCH-

point. Regrettably, very few studies to date have tested the hypothesis, and results have been 
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conflicting (for review, see Jamadar, 2020). The present thesis did not seek to test the CRUNCH 

model, or other specific cognitive aging theory. And although the results do not align with 

models based on compensation, the results in this study certainly do not invalidate any of the 

proposed aging models. Findings reported here, in the context of the broad literature, support the 

future need for the development of models that are empirically approachable, and a general 

emphasis on rigorous testing of aging models, replication checks and meta-research (Ioannidis et 

al., 2015).  

9.3 Effects of age on DAN and DMN dynamics 

In paper I, results showed a positive association between DAN and DMN activations 

when increasing load demand for the older group, while no significant correlations between 

activation patterns between these two networks were found for the younger group. This 

illustrates that, when task difficulty increases, the anticorrelated relationship between the DMN 

and DAN becomes attenuated for older adults. The ICA-approach used in paper I yielded in total 

28 non-noise components corresponding to brain networks, where the DAN and the DMN were 

each parsed into five separate subnetworks. Task related co-activation in components within 

these networks were significantly stronger for the younger participants. These findings affirm 

decreased within-network co-activity and a relative loss of maintaining anticorrelation between 

task positive and task negative networks for older adults. Loss of network specificity with an 

increased reliance on between-network recruitment and a diminished contrast between task-

positive and task-negative networks underlies network dedifferentiation are well established 

findings in aging research (Li et al., 2015; Tomasi & Volkow, 2012). It is important here to make 

a distinction between network co-activations and functional connectivity. BOLD activation 

differences during blocks of rest and trials, as implemented in paper I, is a measure of differential 

neurovascular coupling (neuronal activity) evoked by different mind states. Networks that 

activate during trial blocks are thought to represent the underlying biological response necessary 

to perform the task at hand. The co-activation patterns observed in paper I thus reflect general 

age-related feature differences in within-and between network configurations. Care should be 

taken when interpreting co-activity between networks that are spatially dispersed and subserve 

specialized functions. Brain regions that perform independent operations may activate jointly 

during any compound task without being part of a common network. A task with both auditory 
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and visual stimuli would indeed activate auditory- and visual networks simultaneously, without 

necessarily implying that these networks are functionally linked. 

Whereas BOLD signal changes answer questions pertaining to which brain regions 

activate and deactivate across conditions – in paper II we studied age group differences in 

functional connectivity, that is, the synchronicity of signal fluctuations between brain regions. 

Here, we used a continuous version of the MOT task to investigate age differences in functional 

network configurations, and how networks are modulated by task. The dynamics of FC reflect 

evolving patterns of neural communication and FC indices serve as an interlinked and 

complementary approach to BOLD activation studies in understanding brain function. The 

interdependence between FC and BOLD activation has been demonstrated in studies where 

resting state connectivity is shown to predict activation during cognitive tasks (Grigg & Grady, 

2010; Mennes et al., 2010), and disconnection of task-irrelevant brain regions is correlated with 

enhanced task performance (Tomasi et al., 2014). Additionally, FC measures are altered both 

during and following task engagement (Wang et al., 2012) reflecting adaptive network properties 

serving to balance functional segregation and integration with the objective of optimizing cost 

efficiency (Fu et al., 2017) 

Brain signal synchronicity is facilitated by anatomical interconnectedness according to 

the Hebbian maxim of “neurons that fire together, wire together” (Greicius et al., 2009; Honey 

et al., 2009). The functional connectivity network comprises nodes (brain regions) connected 

through edges (signal time correlates between nodes). Task evoked connectivity changes reflects 

network modulation to optimize (increase connectivity) or deprioritize (decreased connectivity) 

anatomical pathways. In paper II, eigenvector centrality indices implicated the DAN and DMN 

as central network hubs. Briefly, eigenvector centrality is a graph theoretical measure that 

assigns value to a network node based on the number and relative influence of the nodes that it 

connects to. The higher the value of the node, the more influential it is in the network. The DAN 

was shown particularly relevant in attentional task processing, and the DMN particularly 

susceptible to aging effect. Unsurprisingly, task engagement yielded the strongest connectivity 

increases between DAN and visual networks, while connectivity decreases were seen between 

the DAN and task-negative sensorimotor nodes. Group effects were primarily seen in DMN-

connected edges. Notably, paper II showed aging-associated positive DAN-DMN connectivity 
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which compliments findings in paper I and supports the concept that DAN-DMN coupling and 

loss of anticorrelation is hallmark feature in cognitive aging.  

The DMN is known to play a role in internal mentation and is seen to preferentially 

deactivate when subjects are engaged in behavioral tasks (Fox et al., 2005; Raichle et al., 2001), 

thus forming an antagonistic system to task-positive networks, most notably the DAN. 

Activation in the DAN during attentional demand reflects coordinated neural recruitment in 

response to stimuli, as DAN subregions have specific functions each contributing to efficient 

visual attentional processing. For example, the frontal eye fields (FEF) provide a mental 

spotlight for the objects to be tracked, and guides eye movement (Thompson et al., 2005); the 

interparietal sulcus (IPS) is involved in selection among competing stimuli (Mevorach et al., 

2009); and the superior parietal lobule functions in spatial attentional shifts (Corbetta et al., 

1995). While the interpretation of task-positive activations is more intuitive, the significance of 

DMN suppression in response to externally oriented cognition has garnered a lot of interest in 

cognitive research and has been widely studied in the context of aging and disease.  

From its significance in self-referential thought processes, the DMN is proposed to 

enable construction of mental models that support internally oriented computations (Anticevic et 

al., 2012). By this nature, when cognitive goals are externally directed, DMN disengagement 

serves to filter out distractive internal thoughts such as mind-wandering, that otherwise would 

interfere with optimal cognitive behavior (McKiernan et al., 2003). The functional importance of 

DAN and DMN antagonism is also evident in its coordination with other large-scale brain 

network. Sensory networks are coupled with the DMN when task goals are internally focused 

(such as the retrieval of autobiographical memory), but not in externally demanding task (such as 

visual attention tasks) where sensory networks are coupled with the DAN (Chadick & Gazzaley, 

2011; Turkheimer et al., 2015). An anatomically interposed executive control network is thought 

to function as a mediator to flexibly facilitate the dynamic network coupling based on goal 

orientation (Spreng et al., 2010). Hierarchical clustering has revealed this frontoparietal control 

network (FPN) to be organized into two separate subsystems where subsystem A exhibit stronger 

connectivity with the DAN than the DMN and an opposite relationship for subsystem B (Dixon 

et al., 2018). The existence of multiple control networks has been evidenced from resting-state 

(Dosenbach et al., 2006) and lesion studies (Nomura et al., 2010). In large-scale network 
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estimations the frontoparietal control network and the DAN are highly adjacent or intermixed 

and are thus often grouped together (Gordon et al., 2017). However, network estimation analyses 

used in the present thesis managed to successfully identify components representing the 

frontoparietal control network in both papers I and II. In paper I, one (IC8) component extracted 

from the ICA was designated a right-lateralized frontoparietal node, discernable from the 

canonical DAN. In paper II, the same ICA approach yielded one right-oriented (IC1) and one 

left-oriented (IC2) component corresponding to the FPN. The FPN showed strong load-depended 

activity during MOT for both age groups, confirming its relevance during attentive tracking. 

Whilst there were no significant group differences in magnitude of activity (paper I), there was 

however, a strong age group difference in connectivity between the FPN and DMN (paper II). 

Whereas the FPN and the DMN were decoupled for younger participants, these edges were 

functionally connected for the older group at rest, with task condition yielding a load-dependent 

increase in connectivity strength. Generally, this affirms the trend of more between-network 

dependencies and loss of network segregation with advancing age. It is well established that the 

FPN and DMN couple during tasks that require top-down control to guide attention to internally 

oriented cognitive goals (Gao & Lin, 2012; Gerlach et al., 2011; Spreng et al., 2010). Here, the 

FPN-DMN connection has a functional relevance, considering the role of the FPN as a mediator 

of attentional control that shifts from coupling with the DAN upon external task demands, to 

couple with the DMN when task goals are directed internally. Thus, the finding of a preferential 

FNP-DMN coupling for older adults during an externally oriented task might represent a 

common network configuration in cognitive aging. No study to date has used the MOT paradigm 

to elucidate these specific network modulations in the context of aging research. However, these 

findings have been encountered in studies involving working memory (Sambataro et al., 2010) 

and planning (Turner & Spreng, 2015). The latter paper prompted the authors to promote the 

concept of a default-executive coupling hypothesis of aging (DECHA). This hypothesis posits 

that the age-related changes in the functional architecture of the brain are reflective of changing 

modes of cognition. Broadly, age-related changes in cognitive abilities divide cognition into 

crystallized and fluid abilities (Cattell, 1963; Wang & Kaufman, 1993). Crystallized abilities 

involve knowledge acquisition and the ability to recall information reflected in general 

knowledge and vocabulary tests. These skills show an improvement until approximately the age 

of 60 before a plateau into the 80’s followed by decline (Salthouse, 2010). Fluid abilities require 
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the ability to manipulate and process new information, placing high demand on processing speed 

and reaction time while relying less upon prior knowledge (Bugg et al., 2006). Age-related 

decline in fluid abilities appears as early as the mid-20s (Harada et al., 2013). These two facets of 

cognitive capabilities thus show inverted trajectories in adulthood. Accrual of semantic 

knowledge during the lifespan along with declines in fluid capabilities leads to a shift in 

cognitive modes, where goal-directed cognition becomes increasingly reliant on past knowledge 

and experiences (Spreng & Turner, 2019). When task goals are congruent with the knowledge 

expanse, this shift is beneficial to performance (Spreng & Schacter, 2012). When prior 

knowledge is task-irrelevant, it becomes a distracting intrusion. The DECHA model speculates 

that the FNP-DMN coupling is the neural conduit through which knowledge enters the focus of 

attention (Spreng & Turner, 2019). When taken together, findings in paper I and II are congruent 

with the DECHA-model, although no a priori hypotheses were proposed with this theory in 

mind. Again, the vast complexity of the working mind has yielded partly conflicting research 

findings and heralded a myriad of explanatory models that, to date, have yet to meet sufficient 

standards of reproducibility and predictive power. The future bodes well for further 

technological advancements to improve quality and quantity of data, which will only stress the 

importance of scientific rigor when interpreting the data and developing new models.  

9.4 BOLD variability: signal disguised as noise  

The exceedingly the most common and straightforward way researchers have 

investigated the BOLD signal is by looking at mean values. More recently, temporal variability 

of the BOLD signal has garnered attention as a proxy measure of neural network health, where 

greater variability reflects greater dynamic range and the ability to explore various functional 

states (Garrett et al., 2010; Wang et al., 2020). By computing the standard deviation of signal 

amplitude (SDSA) in paper II, findings were in alignment with previous research (Grady & 

Garrett, 2014) demonstrating overall less signal variation for the older cohort. Previous studies 

have also reported less variability in chronic stroke patients (Kielar et al., 2016), however, just as 

paper III did not find significant group differences between stroke patients and controls in 

functional connectivity, nor did we find significant differences in signal variability. The SDSA 

analyses did however provide some interesting results to consider. The greatest age group 

differences in signal variability were found in cerebellar nodes, and contrary to the general trend, 
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greater variability was encountered for the older compared to the younger group. Similar 

findings have previously been reported (Garrett et al., 2010, 2011) without an accompanying 

proposed hypothesis of underlying mechanisms. At face value, this might suggest inverted aging 

trajectories for cerebral and cerebellar nodes. Possibly, a compensatory feature where cerebellar 

networks increase dynamic range in response to less efficient cerebral networks, assuming that 

cerebellar neurons are more resilient to aging affects. There are, however, also particular 

confounds of note when interpreting cerebellum-specific findings in whole-brain analyses (for 

review, see  Diedrichsen et al., 2010); 1) The BOLD signal is an admixture of neural and 

vascular effects. The relatively small spatial extent of the cerebellum, and its proximity to dense 

vasculature and the respiratory tract, renders it particularly susceptible to physiological noise 

which effects variability analyses more than mean based ones (Schlerf et al., 2012); 2) The 

architecture of the cerebellum is quite distinct from the neocortex, so the source of the neural 

signal, neurovascular coupling and blood flow do not necessarily conform to the same ratios. 

Although methods to correct for some of these problems have been established (Schlerf et al., 

2014; van der Zwaag et al., 2015), the distinctiveness of the cerebellum poses a challenge for 

whole-brain level analyses where underlying assumptions do not tailor to separate brain regions. 

Future research should be mindful of regional differences in anatomy and physiology when 

interpreting regional effects in whole-brain studies.  

9.5 On the search for imaging biomarkers: machine learning and the value of task 

Cerebral stroke is a leading cause of death and disability worldwide, and with improved 

primary hospital care, population growth and a burgeoning elderly population, the amount of 

stroke survivors are projected to increase dramatically over the next couple of years (Béjot et al., 

2019). A stroke incident is an exceedingly individually variable diagnosis in terms of etiology, 

pathomechanism, location and extent of lesion, corresponding symptomatology and clinical 

outcomes. Henceforth, there’s a growing demand for identifying reliable biomarkers (objectively 

measured features of normal biological processes, disease states or pharmacologic responses) to 

predict outcomes, monitor progression, and individualize prevention, treatment and rehabilitation 

strategies. In clinical trials, stratifying and subgrouping patients according to appropriate 

biomarkers reduces variance which permits smaller sample sizes to be used whilst maintaining 

power (Cramer, 2010). Presently, to extract clinical utility from neuroimaging data, radiologists 
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examine individual brain scans emphasizing the anatomical characteristics of a lesion (e.g., size, 

location, adjoining tissue reaction), or perform analyses of clinically relevant features such as 

cortical thickness. Considering the complexity and interconnectedness of the human brain, a 

holistic approach may offer a superior avenue in which to explore relevant biomarkers and 

explain the final clinical phenotype following a stroke incident.   

The resting-state fMRI paradigm requires participants to lie still while looking at an 

empty screen within the scanner room. Due to its simplicity and relatively low individual 

demand, this paradigm accommodates for studying patients with functional deficits that would 

otherwise interfere with the ability to perform task-based paradigms. However, as behavioral 

deficits become more pronounced when behavior is challenged, it’s reasonable to assume that 

neural patterns subserving behavior become more distinct in a cognitively demanding context. 

This hypothesis was tested and confirmed in paper II, where machine learning classification 

based on FC indices yielded load-dependent increased classification accuracies in distinguishing 

between older and younger participants during MOT compared to rest. By showing that a task 

setting provides a more sensitive framework to explore age group FC differences, this finding 

has implications in the ongoing search for potential neuroimaging biomarkers in a range of brain 

disorders. 

 Machine learning classification on fMRI data has been explored in disorders such as 

schizophrenia (Arbabshirani et al., 2013; Calhoun et al., 2008), autism (Sadeghi et al., 2017; 

Uddin et al., 2013), attention deficit hyperactivity disorder (ADHD; Qureshi et al., 2017; Zhu et 

al., 2008) and mild cognitive impairment (MCI)/Alzheimer’s disease (Challis et al., 2015; Onoda 

et al., 2017; Zhang et al., 2021). A majority of the studies are binary classification between 

patients and controls on resting state data, with average classification accuracy around 80% (for 

review, see Du et al., 2018). Few, but some machine learning classification studies have also 

explored the impact of task data. Network activation differences distinguished schizophrenia 

patients from healthy controls with 93% accuracy at rest, increasing to 98% accuracy during an 

auditory oddball task in a study by Du and colleagues (2012). Park et al. probed a range of task 

paradigms and showed that gambling punishment and emotion tasks distinguished ADHD 

subtypes based on connectivity features with over 90% accuracy (Park et al., 2016). In a recent 

paper, Lee and colleagues (2021) used differential activation patterns to distinguish insomniacs 
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from healthy controls, and found that multi-task data outperformed single-task data analyzed 

separately. This finding further reflects the usefulness of extracting relevant features during 

different cognitive processes to get a more complete neural representation of various clinical 

phenotypes. In aging studies, machine learning classification based on whole-brain FC has been 

successfully applied to resting state fMRI (Meier et al., 2012; Vergun et al., 2013; Wen et al., 

2019), however, no such study to date has also included the implementation of task data. Hence, 

the methodological approach and subsequent findings in paper II has shown the benefits of 

investigating age-group differences in FC in a cognitively demanding setting, and that 

parametrically increasing task demand, might increase sensitivity to capture neuroimaging 

biomarkers that would otherwise elude resting state data. 

Machine learning techniques in stroke research have primarily been applied to structural 

imaging, with automated algorithms showing great effectiveness and utility in determining 

diagnosis (Takahashi et al., 2014), time of stroke onset (Lee et al., 2020), and in predicting 

functional outcomes (Forkert et al., 2015; Rondina et al., 2016). Connectivity-based 

classification approaches in stroke research have identified potential biomarkers using ROIs pre-

selected on basis of the functional deficits under investigation. For instance, post-stroke hand 

motor impairment was accurately classified from patients without such deficits driven by 

reduced interhemispheric connectivity between primary motor areas, and increased connectivity 

between primary and premotor areas (Rehme et al., 2015). To date, no study has probed stroke-

induced connectivity changes on whole-brain level using machine learning classification. In 

paper III, we used the same methodological approach as in paper II to investigate differences in 

whole-brain connectivity features during rest and MOT, between a group of sub-acute stroke 

patients and healthy controls. However, whereas paper II revealed significant group differences 

between older and younger healthy subjects, group differences between stroke patients and 

controls did not reach statistical significance. The demands of the study selected for minimally 

severe stroke patients, reflected in low NIHSS scores and behavioral results at par with the 

healthy controls. Thus, our findings demonstrated that minimally severe strokes need not 

produce significant alterations in whole-brain network configuration concomitant with minimal 

behavioral deficits. Although we did not find any significant difference between patients and 

controls in the metrics that we probed, this is not to say that the stroke subjects were without 

clinical sequelae. Hidden deficits such as fatigue, depression and memory changes etc. are well 
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known to affect stroke-survivors and may have a large impact in quality of life (Lapadatu & 

Morris, 2019; Schöttke et al., 2020; Ulrichsen et al., 2020). Other important outcome measures 

such as return to work and social reintegration were not included in our study, but is of great 

importance on individual and societal levels. With increasing numbers of stroke survivors and 

increasing age of retirement, research, particularly within neurorehabilitation, can benefit from 

including such variables in future studies.  

   9.6 Methodologic considerations 

 Research presented in this thesis come with several limitations which affects the 

generalizability of findings. These include factors related to the sampling, study design and 

methodology, as well as inherent challenges in the field of neuroimaging, aging and stroke 

research. This chapter is by no means an exhaustive list, but rather a selection of principal 

limitations worth consideration when interpreting study findings. Certain limitations that are not 

expounded upon here, may be visited elsewhere in the discussion section where appropriate.  

    9.6.1 Study sample and selection bias 

The healthy controls enrolled in all three papers were recruited through newspaper ads 

and social media. In papers I and II, participants’ Full Scale Intelligence Quotient (FSIQ) was 

estimated using the Wechsler Abbreviated Scale of Intelligence (WASI) test yielding average IQ 

scores of around 120, which is substantially higher than the national average. The recruitment 

strategy as well as the geographic location in which the study was performed – urban dwellers 

are known to outperform rural dwellers in standardized cognitive tests (Cassarino & Setti, 2015) 

– biased the final sample towards higher performing participants. The stroke sample in paper III 

comprised patients with mild clinical severity (average NIHSS below 1). This was partly due to 

the extensive MRI protocol which protracted the assessment to exceed an hour total scanning 

time, which is a substantial amount for health individuals, let alone individuals who recently 

suffered a cerebral stroke (average time between scanning and stroke symptom onset was 

approximately 8 days). As there were no apparent clinical or diagnostic benefits of study 

enrolment, on might speculate that the stroke patients that agreed to participate were partly 

incentivized by the desire to contribute to science and the novelty of task-based fMRI, which 

suggests a selection bias towards high cognitive function. Each cohort in all three papers, 



 
48 

 

including the stroke patient group had on average more years of education than the general 

population, further substantiating the fact that the convenience samples gathered were 

cognitively more proficient than the general patient- and overall population.  

    9.6.2 Study design 

There is tremendous inter-individual variability in cognitive aging. Research on episodic 

memory – an area particularly susceptible to age-related decline – has shown certain 

octogenarians to perform as well as, or even superior to 40-year-old individuals (Habib et al., 

2007). Aging exerts effects on multiple levels of microscopic and macroscopic neurobiology that 

also interacts with the environmental factors throughout the lifespan. As such, group-level effects 

for an older cohort draws the risk of containing individual outliers that skew group averages. A 

cross-sectional, compared to longitudinal design does not account for effects of birth cohort, 

such as the increase in IQ test scores for successive generations (Trahan et al., 2014), or the 

effects of age variant and invariant cognitive differences, as a large proportion of variance in 

cognitive performance for older adults were present in childhood (Deary et al., 2004). The age 

group cohorts in papers I and II were matched in terms of average years of education. In both 

papers, both the younger and older groups had over 15 years of education, commensurate with a 

completed bachelor’s degree. It is worth to note that the proportion of population that enter and 

achieve academic degrees has steadily increased in Norway since the second world war (Vabø, 

2003). This trend is not particular to Norway, but is encountered across industrialized nations 

worldwide, in part due to changes in societal class structures, technological development and 

increased competence requirements in the labor market. For a birth cohort born in the sixties, 15 

years of education represents a considerably lower proportion of the population compared to 

birth cohorts born in the subsequent decades. Consequently, it is reasonable to assume that cross-

sectional studies with age group cohorts that are matched in education and IQ will select for 

cognitively higher functioning individuals in the upper age range.  

It follows from the cross-sectional design that the stroke patients were assessed following 

the stroke event. The absence of baseline patient data makes it difficult to establish a causal link 

between stroke-induced alterations and pre-existing group differences. Further, the patients 

enrolled in the study were not expressly incentivized to participate in any other way than to 

contribute to scientific endeavor. This suggests a selection towards a higher functioning patient 
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sample compared to the general stroke population. A longitudinal study with data before and 

after the stroke incident would be an optimal design to investigate stroke effects on group and 

individual levels. No such study to date has been published on human participants and the 

feasibility to conduct such as study would be greatly limited by the cost of time and resources.  

The practice of pre-registering hypotheses and analyses in scientific research has gained 

prominence over the recent years. Widespread pre-registration on open platforms increases 

transparency, mitigates the risk of publication bias and enhances the overall quality and 

credibility of scientific findings. Regrettably, the research presented in this thesis was not 

submitted to a pre-registry. This is not to say that the science was conducted without proper 

rigor, but rather due to it not being standard practice at the time. Considering the reproducibility 

crisis in experimental research (Baer & Gilmore, 2018; Ioannidis, 2005; Johnson et al., 2017), 

there is a growing need to implement practices aimed at enhancing the dependability and 

resilience of scientific investigations. Pre-registration is an unequivocal mean to this objective, 

complemented by an emphasis on collaboration, data sharing and the cultivation of a milieu 

fostering ethical research practices.    

9.6.3 BOLD signal alterations in aging and stroke.  

The BOLD signal is dependent on local concentration of deoxygenated hemoglobin 

produced by the interactions between neural activity and vascular response. This neurovascular 

coupling is influenced by several physiological factors such as cerebral blood flow, volume and 

oxygen consumption that are impacted by age and disease (for review, see D'Esposito et al., 

2003). To properly interpret fMRI findings, especially in group comparison studies, it is 

paramount to be cognizant of the underlying sources of the observed signal. Aging and stroke 

confers altered vascular and hemodynamic properties that attenuates the neurovascular response 

and influences the relationship between neuronal and non-neuronal contributors to the BOLD 

signal (Kumral et al., 2020). Further, individuals of advancing age are more likely to use regular 

medication. This is certainly the case following a cerebral stroke, where secondary prophylactic 

drugs such as platelet inhibitors and lipid-lowering compounds are often necessitated. Due to the 

nature of the BOLD signal, pharmacological effects are not limited to psychoactive drugs, but is 

also seen in vasoactive compounds as well as in medication, where at face value, one would not 

expect a direct effect on neurovascular coupling (Williams et al., 2019; Xu et al., 2008). Possible 
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interaction effects between drugs, age and disease states further complicates the picture. The 

common method of minimizing unwanted drug effects (as was done in all three papers) is to 

exclude participants on psychoactive medication and with a history of drug abuse. However, as 

shown, this does not exclude possible pharmacological confounds in its entirety. 

 

10. CONCLUDING REMARKS AND FUTURE DIRECTIONS  

Inherent to human nature is a tremendous interest in understanding the inner workings of 

the human brain. Neuroimaging is still a relatively recent discipline that hinges on technology 

which is ever improving. These factors considered, the future of the field is bright with promises 

of further advancements, yet also vulnerable to existing and emerging challenges. The 

complexity of cerebral neurobiology and the nature of the BOLD signal requires careful and 

deferential consideration when interpreting fMRI finding. Future studies using longitudinal 

designs and rigorous confound correction with an emphasis on developing models that are 

testable and reproducible, will further this field of research. Meta-research and large, multi-

center datasets can offer an avenue to resolve contradictory findings and help introduce 

replicable brain models. 
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Abstract
Introduction: Multiple object tracking (MOT) is a powerful paradigm for measuring 
sustained attention. Although previous fMRI studies have delineated the brain activa-
tion patterns associated with tracking and documented reduced tracking performance 
in aging, age- related effects on brain activation during MOT have not been character-
ized. In particular, it is unclear if the task- related activation of different brain networks 
is correlated, and also if this coordination between activations within brain networks 
shows differential effects of age.
Methods: We obtained fMRI data during MOT at two load conditions from a group of 
younger (n = 25, mean age = 24.4 ± 5.1 years) and older (n = 21, mean age = 64.7 ± 7.4 years) 
healthy adults. Using a combination of voxel- wise and independent component analysis, 
we investigated age- related differences in the brain network activation. In order to explore 
to which degree activation of the various brain networks reflect unique and common 
mechanisms, we assessed the correlations between the brain networks’ activations.
Results: Behavioral performance revealed an age- related reduction in MOT accuracy. 
Voxel and brain network level analyses converged on decreased load- dependent activa-
tions of the dorsal attention network (DAN) and decreased load- dependent deactivations 
of the default mode networks (DMN) in the old group. Lastly, we found stronger correla-
tions in the task- related activations within DAN and within DMN components for younger 
adults, and stronger correlations between DAN and DMN components for older adults.
Conclusion: Using MOT as means for measuring attentional performance, we have dem-
onstrated an age- related attentional decline. Network- level analysis revealed age- related 
alterations in network recruitment consisting of diminished activations of DAN and 
diminished deactivations of DMN in older relative to younger adults. We found stronger 
correlations within DMN and within DAN components for younger adults and stronger 
correlations between DAN and DMN components for older adults, indicating age- related 
alterations in the coordinated network- level activation during attentional processing.
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attention, cognitive aging, DAN, default mode network, DMN, dorsal attention network, MOT, 
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1  | INTRODUCTION

Attention entails a differential allocation of cognitive resources toward 
task- relevant information at the expense of that deemed less relevant. 
It is a core property of perceptual and cognitive operations, and in 
common with a range of other cognitive domains, declines with age 
throughout the adult lifespan (McDowd & Shaw, 2000). Although the 
mechanisms and neural correlates of such age- related decline are not 
completely understood, the most consistent findings to date point 
toward disruptions in interconnected brain networks (Andrews- Hanna 
et al., 2007; Parks & Madden, 2013).

Studies in functional neuroimaging have identified neural net-
works with differential responses during task paradigms. Networks 
routinely exhibiting increased activity during tasks are described 
as task- positive networks (TPN) (Duncan, 2013; Hugdahl, Raichle, 
Mitra, & Specht, 2015), while another well- described network show-
ing an opposite pattern of activation to that of TPN, is the default 
mode network (DMN). Typically, DMN exhibits higher activity during 
resting conditions and decreased activation during cognitively 
demanding tasks (Beckmann, DeLuca, Devlin, & Smith, 2005; Raichle 
et al., 2001). A dorsal frontoparietal TPN known as the dorsal atten-
tion network (DAN) has been proposed as the source of endogenous, 
top- down attention signals in the brain (Ruff et al., 2008). DAN is 
involved in mapping task- relevant sensory information to adequate 
behaviors, and supports sustained and selective visuospatial atten-
tion through biasing the competition for representational space in 
sensory cortices (Corbetta, Kincade, Ollinger, McAvoy, & Shulman, 
2000; Corbetta, Patel, & Shulman, 2008; Corbetta & Shulman, 2002; 
Gitelman et al., 1999), and by increasing the baseline activity for an 
attended object, suppressing distractors and limiting the number of 
object representations (Bar, 2003; Pessoa, Kastner, & Ungerleider, 
2003). Critical nodes include the superior parietal lobe (SPL), inferi-
or parietal sulcus (IPS), posterior parietal cortex, and the frontal eye 
fields (FEF) (Fox et al., 2005; Szczepanski, Pinsk, Douglas, Kastner, & 
Saalmann, 2013; Toro, Fox, & Paus, 2008). A recent meta- analysis by 
Li et al. (2015) reviewing age- related changes in activations during 
tasks encompassing multiple cognitive domains including attention, 
memory, and executive function, indicated a crucial role of increased 
DAN in successful compensation for older adults. Insight into the 
effects of aging on DAN modulation is therefore an attractive target 
for studies aiming to delineate the neural mechanisms of cognitive 
aging.

While the DAN and other TPNs display increased activation in 
response to demanding tasks, the DMN, including the medial prefron-
tal and medial parietal cortex, the posterior cingulate and precuneus, 
and the medial temporal lobe (Spreng, Mar, & Kim, 2009; Uddin, Clare 
Kelly, Biswal, Xavier Castellanos, & Milham, 2009), typically shows 
increasing activity during periods without specific task demands 
(Raichle et al., 2001). The dichotomous relationship between these 
networks generally becomes more pronounced as attentional demand 
increases, reflected both in increased activation in DAN (Wojciulik & 
Kanwisher, 1999) and increased deactivation in DMN (Mckiernan, 
Kaufman, Kucera- Thompson, & Binder, 2003).

Some studies suggest that the enhancement of relevant informa-
tion largely remains intact, while efficient neural suppression of irrele-
vant information seems to be compromised in aging (Alain & Woods, 
1999; Czigler, Csibra, & Ambró, 1996; Gazzaley, Cooney, Rissman, 
& D’Esposito, 2005). Other reported age- related decline both in 
task- related enhancement as well as inefficient suppression (Logan, 
Sanders, Snyder, Morris, & Buckner, 2002; Tomasi, Wang, Wang, & 
Volkow, 2014). Previous fMRI studies have shown less pronounced 
DMN deactivation during cognitive tasks (Damoiseaux et al., 2008; 
Grady, Springer, Hongwanishkul, McIntosh, & Winocur, 2006; Lustig 
et al., 2003; Miller et al., 2008; Persson, Lustig, Nelson, & Reuter- 
Lorenz, 2007) as well as reduced resting- state DMN connectivity 
(Esposito et al., 2008; Mowinckel, Espeseth, & Westlye, 2012) in older 
adults. Diminished DMN deactivations during task performance may 
indicate reduced network regulation and dynamic range of network 
modulation to altering task demands (Spreng & Schacter, 2012), sup-
porting the view of the aging brain as more rigid and less cortically 
selective within the given cognitive states. In line with the hypothesis 
that disruptions of large- scale brain networks contribute to aging- 
related cognitive decline, Andrews- Hanna et al. (2007) observed age- 
related decreases in functional connectivity within both DMN and 
DAN, which were associated with poor cognitive performance.

In this study, we investigated age differences in the task- related acti-
vations across a range of brain networks during multiple object tracking 
(MOT) (Pylyshyn & Storm, 1988). MOT is a powerful paradigm for mea-
suring sustained goal- driven attention, requiring participants to attend 
multiple target items as they move among distractors. Attentional load 
can be manipulated by increasing the number of objects the subject is 
requested to track; higher numbers of objects to track implies higher 
attentional load. Load manipulation allows for distinguishing between 
brain regions directly involved in attentional performance and show-
ing load- dependent activity from regions activated by the task alone, 
giving a better measure for estimating neural activity in response to 
attentional demand rather than activity produced by task- relevant, 
but not load- dependent functions such as suppression of eye move-
ment (Culham, Cavanagh, & Kanwisher, 2001). Tracking performance 
is reduced with age for trials with higher attentional load (Trick, Perl, 
& Sethi, 2005), and this reduction in performance may be specific to 
attentional function, as memory for object location was only marginal-
ly affected by age (Sekuler, McLaughlin & Yotsumoto, 2008). A recent 
event- related potentials (ERP) study reported age- related decreases in 
tracking performance with reduced attentional modulation of the visu-
al P1 component (Störmer, Li, Heekeren, & Lindenberger, 2013; Trick 
et al., 2005), suggesting that MOT is sensitive to age- related differenc-
es in the neuronal machinery supporting attention.

While fMRI studies have documented robust DAN activation 
during MOT (Culham et al., 1998, 2001; Howe, Horowitz, Morocz, 
Wolfe, & Livingstone, 2009; Jovicich et al., 2001), age- related differ-
ences have not been studied. Further, little is known about DMN mod-
ulation during tracking (but see Alnæs et al., 2015; Tomasi et al., 2014), 
and to which degree network- specific activation and deactivations of 
different brain networks reflect independent and overlapping predic-
tors of cognitive aging. Using independent component analysis (ICA) 
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and conventional voxel- wise time- series analyses, our main aims were 
to test for differences between a group of younger and older healthy 
volunteers in brain network activation and deactivation across a range 
of brain networks, including networks involved in motor, sensory, 
and cognitive functions, during MOT. Secondly, in order to explore to 
which degree activation of the various brain networks reflect unique 
and common mechanisms, we assessed the correlations between the 
brain networks’ activations.

Based on current models of cognitive and brain aging (Cabeza, 
Anderson, Locantore, & McIntosh, 2002; Damoiseaux et al., 2008; 
Dennis & Cabeza, 2008; Grady et al., 2006; Li et al., 2015; Reuter- 
Lorenz & Park, 2010), we hypothesized:

1. MOT engages a range of brain networks, including but not 
limited to the DAN and DMN. Network responses are more 
pronounced with increasing load demand and there is an inter-
action effect of load and age, with stronger age-related differ-
ences at higher load levels.

2. Age differences are particularly manifested as reduced DMN deac-
tivation and altered DAN activation, partly reflecting reduced 
tracking performance (Nagel et al., 2009). DAN effects may mani-
fest either as increased activation in the old group, which—when 
accompanied by similar performance—indicate some form of com-
pensation or increased mental effort associated with task demands 
(Cabeza et al., 2002; Reuter-Lorenz & Lustig, 2005), or as reduced 
activation, reflecting diminished brain network efficiency.

3. Based on the concept that cognition is enabled by the temporal 
synchronization of different brain networks and in line with the 
notion of dedifferentiation in cognitive aging (Andrews-Hanna 
et al., 2007; Baltes & Lindenberger, 1997; Chan, Park, Savalia, 
Petersen, & Wig, 2014; Lindenberger, 2014), we anticipated that 
age effects would additionally be revealed in a differential pattern 
of correlations in levels of task-related activations between the two 
age groups. The dedifferentiation theory posits that aging confers a 
loss of network specificity and disruptions within intrinsic function-
al networks, particularly implicating DMN and DAN (Andrews-
Hanna et al., 2007). Thus, we anticipate stronger correlation in 
levels of co-activation between task-related components, particu-
larly within the DAN and DMN for the younger group compared to 
the older group.

2  | MATERIALS AND METHODS

2.1 | Sample

We recruited 26 young (mean age: 24.2 years, SD: 4.9, 69% females) 
and 26 old (mean age: 66.2 years, SD: 7.4, 58% females) adults 
through a newspaper ad and social media. All subjects underwent 
neuropsychological screening (details below). Participants reported 
normal or corrected- to- normal vision. Exclusion criteria included 
estimated IQ < 70, previous history of alcohol-  and substance abuse, 
history of neurologic or psychiatric disease, participants presently on 

any medication significantly affecting the nervous system and coun-
terindications for MRI. All participants were self- sufficient and living 
independently, and reported no reason to suspect marked cognitive 
decline or undiagnosed dementia.

From the full dataset, we excluded participants due to excess 
motion during scanning (n = 2) as well as poor MOT performance 
(n = 5). Specifically, participants performing worse than chance during 
the low load condition (see below) or 2.5 standard deviations below 
the mean during the high load condition were excluded from analy-
ses. Outliers in the high load condition were determined by boxplot 
graph visualization and verified using Grubbs’ test for single outlier 
(Iglewicz & Hoaglin, 1993), yielding a final sample of 24 younger (mean 
age 24.42 years, SD: 5.06, 66.7% females) and 21 older adults (mean 
age 64.67, SD: 7.44, 53.4% females).

2.2 | Screening and neuropsychological assessment

Participants completed the matrices and vocabulary subtests from the 
Wechsler Abbreviated Scale of Intelligence (WASI; Wechsler, 1999) 
as a measure of general intellectual functioning, and the 4- trial version 
of the Stroop Color Word Interference test (CWIT) from the Delis–
Kaplan Executive Function System (D- KEFS; Delis, Kaplan, & Kramer, 
2001) to obtain a measure of cognitive speed, interference, and inhi-
bition. CWIT comprises the following four conditions: (1) Color task—
subject identifies the color of a series of squares (red, blue, green); (2) 
Word task—subject reads a series of color words (red, blue, green) writ-
ten in black print; (3) Inhibition task—subject is presented with words 
written in congruent (e.g., red written in red ink) and incongruent (e.g., 
red written in blue ink) colors; (4) Inhibition/Switching—subject is pre-
sented with words written in congruent and incongruent colors. We 
used completion times as basis for analysis, with focus on the inhibi-
tion and inhibition/switching tasks.

Wechsler Abbreviated Scale of Intelligence subtest scores were 
converted to standardized scores from which full- scale IQ (FSIQ) was 
estimated. Two subjects (one young and one old) were native foreign 
language speakers and thus were not adequately able to perform the 
vocabulary subtest; their scores on this subtest were reported as miss-
ing and their FSIQ was calculated solely based on performance in the 
matrix reasoning subtest.

2.3 | MOT paradigm

All participants performed two versions of MOT in the MRI scanner 
during the same session, including one blocked run, and two runs 
comprising continuous tracking, in addition to one resting- state run 
following the protocol used by Alnæs et al. (2015). Here, we report 
data from the blocked runs. The level of attentional demand was set 
at two load conditions—load 1 (L1) and load 2 (L2) requiring the par-
ticipants to track one or two targets, respectively, during the task. 
We restricted the load level to a maximum of L2 to ensure that both 
group were able to perform at a high level, which is in particular 
pertinent for the subsequent utilization of the paradigm in clinical 
populations.
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For both versions, the participant was looking through a mirror 
mounted on the head coil at a MR- compatible LCD screen (NNL LCD 
Monitor®, NordicNeuroLab, Bergen, Norway) placed in front of the 
scanner bore, with a screen resolution of 1920 × 1080@60 Hz. All 
stimuli were generated using MATLAB and the Psychophysics Toolbox 
extensions (Brainard, 1997; Pelli, 1997). Participants produced their 
responses using a MR- compatible subject response collection system 
(ResponseGrip®, NordicNeuroLab). A trigger pulse from the scanner 
synchronized the onset of the experiment to the beginning of the 
acquisition of an fMRI volume. The screen covered 32.43° of visual 
angle, and the tracking area covered 17.32° of visual angle at a viewing 
distance of 1.2 meters. The objects were circular disks with a diame-
ter of 0.7° of visual angle moving at a speed of 4°/second. Objects 
changed direction when closer than 1° to another object or the edge 
of the tracking area, and also made random changes (one random turn 
per second on average) to make object movements unpredictable. 
A fixation circle of 0.5° of visual angle was located in the center of 
the tracking area. The participant’s task consisted of covertly track-
ing target objects while fixating on the central fixation point. Detailed 
instructions were given before entering the scanner room as well as 
before each sequence.

The blocked run contained 18 trials divided into six blocks. Each 
block contained three different conditions: Passive Viewing (PV), one 
target object (L1), and two target objects (L2), followed by rest. The 
rest periods, which lasted 12 s were not explicitly modeled and thus 
constitute the implicit baseline. The order of the three conditions was 
random and counterbalanced so that each condition was followed by 
a rest period in two of the six parts, that is, PV was presented twice 
followed by rest, and so were L1 and L2. The run started with 1.5 s 
of instructions followed by 0.5 s fixation. Then, 10 identical objects 
were presented on a gray background. All objects were blue for 0.5 s, 
and then either zero (PV condition), one (L1) or two (L2) of the objects 
turned red (designating them as targets) for 2.5 s before turning color 
back to blue (during tracking all objects were identical). After another 
1.5 s, the objects started moving randomly and independently of each 
other for 12 s. At the end of each trial, the objects stopped moving 
before one of the objects turned green (probe) for 2.5 s. The partici-
pant was instructed to respond as quickly and accurately as possible, 
“yes” or “no” to whether the green probe was one of the objects orig-
inally designated as a target. In passive viewing trials, there were no 
targets, nor probe, but the participants were still instructed to keep 
fixation during the length of the trial. Accuracy and response time (RT) 
were recorded for each button press.

2.4 | MRI acquisition

Magnetic resonance imaging scans were obtained from a General 
Electric (Signa HDxt) 3.0T scanner with an 8- channel head coil 
at Oslo University Hospital. Functional data were acquired with 
a T2*- weighted 2D gradient echo planar imaging sequence (EPI) 
with 217 volumes (TR: 2,400 ms; TE: 30 ms; FA: 90°; voxel size: 
3.75 × 3.75 × 3.2 mm; slices: 48; FOV: 240 × 240 mm; dura-
tion: 533 s). The first five volumes were discarded to allow for T1 

equilibrium. In addition, a structural scan was acquired using a sagittal 
T1- weighted fast spoiled gradient echo (FSPGR) sequence (TR: 7.8 
s; TE: 2.956 ms; TI: 450 ms; FA: 12°; voxel size: 1.0 × 1.0 × 1.2 mm; 
slices: 170; FOV: 256 mm²; duration: 428 s).

2.5 | fMRI processing and analysis

Functional MRI data were processed on single- subject level using the 
FMRI Expert Analysis Tool (FEAT) from the FMRIB Software Library 
(FSL; Smith et al., 2004), including spatial smoothing (FWHM = 6 mm), 
high- pass filtering (sigma = 64 s), motion correction (MCFLIRT), and 
single- session ICA using MELODIC (Beckmann & Smith, 2004).

We calculated in- scanner subject motion defined as the average 
root mean square of the displacement from one frame to its previous 
frame for each dataset, and used FMRIB’s ICA- based Xnoiseifier (FIX; 
Salimi- Khorshidi et al., 2014) to identify and remove noise compo-
nents (standard training set, threshold: 20), yielding a cleaned data-
set for each subject. We used 24 motion parameters, including 6 raw 
realignment parameters and 24 extended parameters estimated from 
the realignment procedure. We did not regress out the global signal 
(GSR), nor the white matter or CSF. Instead, we used an ICA- based 
approach to selectively regress out noise components (FIX) from each 
dataset, in line with recent studies evaluating benefits of different 
noise reduction strategies (Pruim, Mennes, Buitelaar, & Beckmann, 
2015). The older group showed significantly more in- scanner motion, 
t(43) = −3.9, p < .0001, and FIX removed a significantly higher number 
of components from the older group, t(19) = −2.2, p < .05, and also 
removed more of the variance from the raw fMRI data, both in terms 
of absolute and relative variance, both t(19) = −2.8, p < .05), which 
were significantly correlated with amount of subject motion across 
groups (r = .52, p < .0001).

We used FreeSurfer (Fischl et al., 2002) for automated brain seg-
mentation of the T1- weighted data to obtain brain masks used for co- 
registration to a standard coordinate system using FLIRT (Jenkinson 
& Smith, 2001), optimized using boundary- based registration (BBR; 
Greve & Fischl, 2009) and FNIRT (Andersson, Jenkinson, & Smith, 
2007a,b).

2.6 | Voxel- wise GLMs

In the first- level general linear model (GLM), the onset and duration 
of the PV and tracking blocks (L1 and L2) were modeled with the fixa-
tion blocks as implicit baseline. The design matrix was filtered and 
convolved with a hemodynamic response function (HRF) before the 
model fit. A temporal derivative was added to the model to adjust for 
regional differences in the timing of the HRF. We included the follow-
ing contrasts: Tracking (average of L1 and L2) versus PV, and L1 ver-
sus L2. The individual contrast parameter maps were then subjected 
to whole- brain group analysis based on a random effects model, test-
ing for differences between the young and the old group. To correct 
for multiple comparisons across space, we performed cluster- level 
correction with voxel- wise Z > 2.3 and a corrected cluster significance 
threshold of p < .05 for all analyses.
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2.7 | Group- independent component analysis and 
time- series analysis

The individually processed, filtered, cleaned, and normalized fMRI vol-
umes were submitted to a group- level ICA using the temporal concat-
enation approach in MELODIC (Beckmann & Smith, 2004). The number 
of components was calculated using a Laplace approximation of the 
posterior probability of the model order (Beckmann & Smith, 2004), 
yielding 41 components. Next, the group- average spatial maps for the 
28 non- noise components were used to generate subject- specific maps 
and associated time series using dual regression (Filippini et al., 2009). 
Dual- regression time series were submitted to time- series regression 
using the same individual- level GLM design matrices used for the voxel- 
wise analysis. The regression coefficients for the two tracking conditions 
were subtracted for each participant (L2- L1) for both DMN and DAN and 
submitted to group- level analysis assessing main effects of load across 
groups, as well as differences between the old and the young group. For 
visualization purposes, we calculated the group- average blocked time 
series for each of the three MOT conditions (PV, L1, L2) based on the 
z- normalized (within- run) dual- regression time series for each subject.

2.8 | Statistical analysis

Nonimaging data were analyzed in SPSS (IBM_Corp, 2010). Between- 
group differences were assessed using Chi square tests (sex distribu-
tion) and linear models (age, neuropsychological performance, task 
performance). Group differences in MOT performance and estimated 
brain network beta values were assessed using two- by- two repeated- 
measures ANOVA with load (L1 and L2) as within subject factor and 
group (young and old) as between subject factor. Group differences in 
beta values were further explored using ANCOVA including gender and 
group as fixed factors. We used paired samples t- tests and ANCOVA 

to test for load- dependent (L2- L1) differences in beta values. To test 
for association between task performance and beta estimates, we used 
an ANCOVA with gender and group as fixed factors and task accu-
racy during L2 as the dependent variable. We tested for association 
between neuropsychological performance and beta estimates using 
an ANCOVA with gender and group as fixed factors and performance 
scores for each neuropsychological subtest as the dependent variable. 
Lastly, we employed an ANCOVA to test for associations between the 
beta estimates for the respective networks at the given load conditions 
for the two groups, covarying for gender and age. In order to assess 
the between- network correlations of the task- related activations, we 
computed the Pearson’s correlation between the betas of each of the 
component pairs, yielding a 28 by 28 correlation matrix for each group. 
Next, in order to test for group differences, the correlation coefficients 
were compared between groups using Fisher’s r- to- z transformation. 
The resulting p- values were then adjusted using Bonferroni and FDR 
corrections. Raw p- values are also shown for transparency.

3  | RESULTS

3.1 | Demographics, neuropsychology, and task 
performance

Table 1 summarizes demographic, neuropsychological, and MOT perfor-
mance. Briefly, the younger subgroup performed significantly better on 
the matrix reasoning task of the WASI subtest as well as the inhibition 
and inhibition/switching parts of the Stroop test. No other significant 
differences were found. An ANCOVA exploring whether differences 
in performance on the neuropsychological tests correlated with acti-
vation levels in the selected DAN and DMN components revealed no 
significant correlation between WASI matrix reasoning and beta coef-
ficients for either group. ANCOVA associating completion time during 

TABLE  1 Demographics and neuropsychological performance

Young (SD) Old (SD) χ2/t- score p

N 24 21

Age 24.42 (5.06) 64.67 (7.44)

Age range 20–43 47–78

Percent male 33.3 47.6 χ2 = 0.95 .33

Percent right handedness 91.7 85.7 χ2 = 1.61 .21

Years of education 15.50 (1.37) 15.12 (3.06) t = 0.53 .603

WASI matrix reasoning 29.58 (2.17) 25.71 (6.48) t = 2.61 .015

WASI vocabulary 65.91 (6.20) 66.10 (10.6) t = −0.07 .943

Full scale IQ- 2 120.04 (9.17) 119.95 (17.45) t = 0.02 .983

Stroop word 30.36 (6.86) 34.36 (7.39) t = −1.83 .074

Stroop color 22.79 (5.27) 25.33 (5.30) t = −1.61 .115

Stroop inhibition 47.17 (11.26) 64.14 (22.35) t = −3.15 .004

Stroop inhibition/switching 55.50 (11.73) 79.19 (45.94) t = −2.30 .031

MOT accuracy on L1 97.9 (7.47) 94.4 (10.9) t = 1.22 .230

MOT accuracy on L2 88.9 (14.5) 77.8 (20.6) t = 2.063 .047

Significant group differences are shown in bold.
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the inhibition task from the Stroop task with activation levels for DAN 
L2 revealed a main effect of group [F(1,40) = 4.94, p = .032, partial 
η2 = .110], but no main effect of DAN L2 [F(1,40) = .88, p = .354, par-
tial η2 = .021] and no interaction effect [F(1,40) = 3.88, p = .056, partial 
η2 = .088]. No significant association was found between DMN L2 and 
performance on the inhibition subtest. ANCOVA associating completion 
time during the inhibition/switching task from the Stroop test with acti-
vation levels for DAN L2 revealed a main effect of group [F(1,40) = 5.88, 
p = .020, partial η2 = .128], a main effect of DAN L2 [F(1,40) = 7.46, 
p = .009, partial η2 = .009], and an interaction effect [F(1,40) = 5.42, 
p = .025, partial η2 = .119], indicating better performance with increased 
DAN activation for the young group. Association between DMN L2 
and the inhibition/switching subtest revealed no main effect of group 
[F(1,40) = .01, p = .930, partial η2 = .000], but a main effect of DMN 
L2 [F(1,40) = 5.23, p = .027, partial η2 = .116] and an interaction effect 
[F(1,40) = 4.94, p = .032, partial η2 = .110], indicating better perfor-
mance with increased DMN deactivation for the young group.

Mean tracking accuracy during the MOT task was 97.9% (L1) and 
88.9% (L2) and 94.4% (L1) and 77.8% (L2) for the young and old group, 
respectively. A two- by- two repeated- measures ANOVA with load (L1 
and L2) as within subject factor and group (young and old) as between 
subject factor yielded a significant effect of load [F(1,43) = 26.04, 
p = 7.0E- 6] and group [F(1,43) = 4.69, p = .04], but no load by group 
interaction [F(1,43) = 2.30, p = .137].

3.2 | Functional MRI

3.2.1 | Voxel- wise analysis

In order to validate the MOT paradigm, we investigated whether pat-
terns of activation in this study mirrored previously described findings 

in MOT research. Figure 1A shows the main effects across groups for 
the tracking versus PV contrast. Tracking- related activation is seen in 
human motion area (MT+), FEF, IPS, SPL, and SMA. Tracking- related 
deactivation is seen within the DMN including the medial prefrontal 
cortex (mPFC), the precuneus, and the lateral temporal cortex (LTC).

Figure 1B shows the main effects across groups for the L2 versus 
L1 contrast. Increasing the task demand produces load- related acti-
vations and deactivations in areas overlapping the tracking versus PV 
contrast, including increased activations in FEF, lateral occipital corti-
ces, and superior parietal lobules, decreases in activations are seen in 
medial prefrontal cortices and precuneus.

Figure 1C and Table 2 summarize the significant group differences 
in the L2 versus L1 contrast. Four clusters showed significantly greater 
load- dependent activity increases in the young compared to the old 
group, including the FEF, MT+ and SPL. Two clusters showed greater 
load- related deactivations in the young compared to the old group, 
including the precuneus and the mPFC.

3.2.2 | Independent component analysis

From the 41 components generated by the group- level ICA, 13 com-
ponents were manually classified as noise components and discarded 
from further analysis, and the subsequent analyses were performed 
on the remaining 28 components (Fig. 2).

3.2.3 | Main effects of group and load and their 
interactions

Table 3 and Figure 2, panels A- C summarize the estimated con-
trast parameters for the L2 > L1 contrast and the young > old con-
trast at L2 > L1 using the individual- level GLMs and subject- specific 

F IGURE  1 Voxel- wise GLM analysis for the contrasts; (A) Tracking > passive viewing across groups; (B) L2 > L1 across groups; (C) Young > old 
group for L2 > L1. We employed Gaussian random field theory to carry out cluster- level corrections for multiple comparisons (voxel- level 
Z > 2.3; cluster significance: p < .05, corrected)
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dual- regression times series, for the 28 independent components gen-
erated from the group ICA. Briefly, hierarchical clustering grouped the 
components into five clusters, largely corresponding to task- positive/
DAN, DMN, somatosensory, brainstem/cerebellar, and frontoparietal 
clusters. The five strongest load effects were found for IC7 (DAN) 
(t = 12.21, p < .001), IC13 (posterior DAN) (t = 8.22, p < .001), IC 3 
(DAN) (t = 7.83, p ≤ .001), IC 1 (posterior DMN) (t = −7.02, p < .001), 
and IC11 (somatomotor) (t = −6.80, p < .001). The five strongest group 
effects at the L2 > L1 contrast were found for IC1 (posterior DMN) 
(t = −4.25, p < .001), IC3 (DAN) (t = 3.54, p = .001), IC 5 (anterior 
DMN) (t = −3.03, p = .004), IC 6 (posterior DMN) (t = −2.74, p = .009), 
and IC17 (somatomotor) (t = −2.70, p = .01), of which the two strong-
est (IC1 and IC3) remained significant after Bonferroni correction, 
indicating increased DAN activation and increased DMN deactivation 
in the young compared to the old group.

3.2.4 | DAN and DMN activations and associations 
between these networks

Figure 3A shows the two components showing significant group dif-
ferences, representing the DMN (IC1) and the DAN (IC3), respec-
tively. Figure 3C shows the average blocked time- series for the two 
components during L2. Table 4 summarizes the regression coefficients 
(betas) for each component for each of the load conditions.

A repeated- measures ANOVA with load as within subject factor 
and group as between subject factor revealed significant main effects 
of Load [F(1,43) = 72.97, p = 8.21E- 11, partial η2 = .63] and Group 
[F(1,43) = 18.1, p = . 0001, partial η2 = .296], and a significant Load by 
Group interaction [F(1,43) = 12.55, p = .001, partial η2 = .226] on DAN 
activation. Post hoc group comparisons within the load conditions, 
using an ANCOVA with gender and group as fixed factors, revealed 
significant differences in DAN L1 [t(42) = 3.35, p = .002] and DAN L2 
[t(42) = 5.13, p = 7.0E- 7], indicating stronger DAN activations in the 
young group compared to the old, in both load conditions.

A repeated- measures ANOVA revealed a significant main effect 
of Load [F(1,43) = 63.46, p = 5.29E- 10, partial η2 = .60], no signifi-
cant main effect of Group [F = (.005), p = .946, partial η2 = .00011], 
and a significant Load by Group interaction effect [F(1,43) = 18.05, 
p = .00011, partial η2 = .296] on DMN deactivation. ANCOVA test-
ing for group differences within the two load conditions in DMN 
activations revealed significant differences in DMN L1 [t(42) = 2.22, 

p = .032] as well as DMN L2 [t(42) = −2.30, p = .027], indicating 
increased and decreased DMN deactivation in the old group in the L1 
and L2 condition, respectively.

Figure 3B summarizes the average difference between the L1 and 
L2 regression coefficients for the two groups. Paired samples t- tests 
revealed greater load- dependent DAN activations both in the young 
[mean difference = .804, SD = (.521), t(23) = 7.55, p = 1.15E- 7] and 
the old [mean difference = .332, SD = .336), t(19) = 4.53, p = .00005] 
group. Further, both the young [mean difference = −.796, SE = .489), 
t(23) = −7.97, p = 4.58E- 8] and the old (mean difference = −.242,  
SE .367, t(19) = −3.04, p = .007) group showed greater DMN deactiva-
tions during L2 compared to L1.

ANCOVA revealed a significant [t(42) = 4.01, p = .00025] effect of 
group on the difference in DAN activation between L2 and L1, indicat-
ing larger load- dependent activations in the young compared to the 
old group. In addition, ANCOVA revealed a significant [t(42) = −4.27, 
p = .00011] effect of group on the difference in DMN deactivation 
between L2 and L1, indicating stronger load- dependent deactivations 
in the young compared to the old group.

ANCOVA testing for associations between betas for the DAN and 
the DMN within load conditions revealed no significant associations for 
either group during L1 [young: t(23) = .42, p = .678; old: t(19) = 1.81, 
p = .088] or L2 [young: t(23) = .27, p = .792; old: t(19) = 1.17, p = .260). 
For the difference between L2 and L1, the ANCOVA revealed a signifi-
cant association between DAN and DMN activation for the old group 
[t(19) = 2.18, p = .042], but not for the young [t(23) = −.65, p = .526], 
indicating a positive association between DAN and DMN activation 
when increasing load from L1 to L2 in the old group.

3.3 | Associations between component activation

We used the beta coefficients for all the 28 independent compo-
nents generated from the group ICA to test for associations between 
component activation in both groups for the L2 > L1 contrast (Fig. 3, 
panel D). In a graph theoretical framework, the brain is modeled as 
a network that can be graphically represented by an assembly of 
nodes and edges. Here, the nodes represent the respective compo-
nents and edges correspond to the temporal correlations between 
the said components. Across groups, positive correlations were pri-
marily found between task- positive components within the DAN. 
Negative correlations were primarily found between subcortical 

TABLE  2 Cluster list with coordinates, cluster- level statistics for local maxima and associated brain regions for the main effects of the 
L2 > L1, young > old contrast. Positive Z- scores reflect increased differentiation between L2 and L1 in the young compared to the old group

Brain region Voxels p −log10(p) Z- max Z- Max x, y, z (mm)

Right SPL 4,879 1.5E- 08 7.81 5.03   62, −46, 52

Right FEF 2,285 8.66E- 05 4.06 5.27   20, −6, 78

Left FEF 1,133 0.0115 1.94 4.2 −32, −4, 60

Right MT+ 1,014 0.0206 1.69 4.48   40, −72, 6

Left precuneus 4,564 5.96E- 08 7.22 −4.2   −6, −38, 34

Left mPFC 2,671 2.06E- 05 4.69 −4.02   16, 42, 44
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F IGURE  2 Panel A: Dendrogram showing clustering of nodes for the 28 components from the group ICA. Panel B: The 28 nodes from 
the group ICA. Panel C: GLM for all the independent components at the given contrasts. Panel D: The nominally significant (p < 0.5) beta 
correlations between the independent components, correlations in the old and young group are shown above and below the diagonal, 
respectively. Warm colors indicate high correlation, cold colors indicate low correlation. Panel E: Below the diagonal are the nominally (p < .05) 
significant differences in correlation (Young > Old). Above the diagonal are the FDR (q = 0.05) corrected differences in correlation (Young > Old). 
Warm colors indicate stronger correlations in the younger group, cold colors indicate stronger correlations in the older group. Squares marked 
with an X indicate the correlations surviving Bonferroni correction (378 independent tests)
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and task- positive DAN components and between somatomotor and 
task- positive DAN components. Component correlations within 
age groups revealed a higher number of correlated and anticorre-
lated components in the young compared to the old group; 92 out 
of 378 edges showed significant correlations at the nominal level 
in the young group; for the old group, 64 out of 378 edges were 
found nominally significant. Strongest positive correlations between 
components in the young group were found between IC7 (DAN) and 
IC13 (posterior DAN) (r = .82, p = 1.22E- 6), IC13 (posterior DAN) 
and IC22 (lateral occipital) (r = .79, p = 4.35E- 6), and between IC13 
(posterior DAN) and IC24 (angular gyrus), (r = .76, p = 1.63E- 5). 
Strongest negative correlations between components in the young 
group were found between IC7 (DAN) and IC17 (somatomotor) 
(r = −.87, p = 3.88E- 8), IC13 (posterior DAN) and IC23 (subcortical) 
(r = −.73, p = 4.36E- 5) and between IC13 (posterior DAN) and IC17 
(somatomotor) (r = −.68, p = 2.31E- 4). Strongest positive correlations 

between components in the old group were found between IC13 
(posterior DAN) and IC21 (left lateralized DAN) (r = .77, p = 5.16E- 
5), IC26 (brainstem) and IC27 (cerebellum) (r = .76, p = 6.17E- 5) and 
between IC7 (DAN) and IC24 (angular gyrus) (r = .72, p = 2.22E- 4). 
Strongest negative correlations between components in the old 
group were found between IC13 (posterior DAN) and IC23 (sub-
cortical) (r = −.70, p = 3.74E- 4), IC7 (DAN) and IC23 (subcortical) 
(r = −.63, p = 2.30E- 3) and between IC8 (right frontoparietal) and IC 
18 (left inferior frontal) (r = −.63, p = 2.30E- 3).

Figure 3E summarizes the age- related differences in correlations 
between the 28 independent components at nominal, FDR, and 
Bonferroni- corrected levels of significance for the L2 > L1 contrast, 
and Table 5 lists the edges with respective correlations coefficients 
within both groups and Fisher’s z- scores comparing group differences. 
Using the more conservative Bonferroni correction, only one edge was 
significantly stronger in the older group, namely IC26 (brainstem)- IC27 

TABLE  3 Components sorted by main effect of load (L2 > L1) for all participants. Column 4 gives the t- score for the young versus old 
contrast at L2 > L1. The rightmost column gives the respective brain networks/regions corresponding to each component. Values that are 
significant after Bonferroni correction for multiple comparisons (28 tests) are shown in bold

IC no. L2 > L1, all participants, t- score p- value L2 > L1, Young>Old, t- score p- value Brain network/region

7 12.21 <.001 1.59 0.120 DAN

13 8.22 <.001 1.67 0.102 Post- DAN

3 7.83 <.001 3.54 0.001 DAN

1 −7.02 <.001 −4.25 <0.001 Post- DMN

11 −6.80 <.001 −0.50 0.620 Somatomotor

17 −6.75 <.001 −2.70 0.010 Somatomotor

20 5.98 <.001 2.13 0.039 Supramarginal gyrus

14 5.78 <.001 −0.98 0.332 Superior frontal gyrus

22 5.30 <.001 1.68 0.100 Lateral occipital

21 5.11 <.001 0.09 0.932 Left lateralizedDAN

19 −5.11 <.001 −0.35 0.729 Auditory/temporal

23 −4.84 <.001 −1.27 0.211 Subcortical

4 −4.54 <.001 −2.25 0.030 Ant. DMN

8 4.49 <.001 −0.76 0.450 Right frontoparietal

16 −4.06 <.001 −0.67 0.504 Ant. DMN

12 −3.01 .004 −2.29 0.027 Paracingulate

26 2.98 .005 −2.01 0.051 Brainstem

15 2.97 .005 0.10 0.922 Visual

28 −2.30 .026 −0.78 0.440 Insula

5 −2.29 .027 −3.03 0.004 Ant. DMN

9 −1.80 .079 −1.27 0.210 Somatomotor

18 −1.79 .080 −0.38 0.704 Left inferior frontal

25 −1.44 .156 −0.10 0.919 Visual

10 1.42 .163 0.48 0.634 Cerebellum

24 1.23 .226 0.09 0.927 Angular gyrus

27 −0.86 .395 −2.49 0.017 Cerebellum

2 0.44 .663 −1.78 0.083 Visual

6 0.28 .784 −2.74 0.009 Post- DMN
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(cerebellum), and no edges were stronger in the younger group. Briefly, 
using FDR correction, stronger correlations were found between two 
DAN components (IC13–IC22) showing increased load- dependent 
activations (task positive) and within task- negative DMN components 
(IC5–IC16), in the young group. Stronger correlations were found 
between IC7 (DAN) and IC1 (posterior DMN), as well as between IC7 
(DAN) and somatomotor IC17 (somatomotor), in the older group. Edges 
IC15 (visual)- IC18 (left inferior frontal) and IC22 (lateral occipital)- IC27 
(cerebellum) were at a nominal significance level (p < .05, uncorrect-
ed) positively correlated in the young group and negatively correlat-
ed in the old group. The edge IC1 (posterior DMN)- IC7 (DAN) was 

negatively correlated in the young group, but positively correlated in 
the old group.

3.3.1 | Associations with task performance

Two components corresponding to the DAN and the DMN showed sig-
nificant load by group interaction effects. Based on these effects and a 
wealth of literature implicating these two networks as imperative to visual 
attention performance, the beta coefficients for the DAN and DMN were 
tested for correlations with task performance as indexed by the average 
percentage of correct responses for the two groups, respectively.

ANCOVAs assessing the relationship between the estimated  
betas (L2 and L2- L1) for DAN and DMN, and MOT tracking accuracy 
revealed for DAN L2, no main effect of group [F(1,40) = .15, p = .700, 
partial η2 = .004], or DAN L2 activation [F(1,40) = 2.20, p = .146, par-
tial η2 = .052], and no interaction between group and DAN L2 activa-
tion [F(1,40) = .48, p = .492, partial η2 = .012]. For DMN L2, there was 
a main effect of group [F(1,40) = 4.48, p = .038, partial η2 = .103], but 
no main effect of DMN L2 [F(1,40) = .30, p = .585, partial η2 = .008], 
and no interaction effect [F(1,40 = .32, p = .572, partial η2 = .008]. No 
significant relationship was revealed between MOT tracking accuracy 
and the relative difference in load- dependent activations for either 
network (DAN and DMN L2- L1).

F IGURE  3  ICA: (A) Spatial maps 
with selected components representing 
DAN (right) and DMN (left), (B) Average 
differences in beta estimates between 
L2 and L1 for the two networks, (C) Time 
series for DAN and DMN in both groups 
during L2

TABLE  4 Beta coefficients reflecting the component time series 
model fit with the task design. Bold: Significantly (p < .05) different 
from zero as indicated by one sample t- tests. Standard deviation is 
given in the parentheses

Young Old

L1 L2 L1 L2

DAN 1.89 (0.44)    2.70 (0.77) 1.47 (0.45) 1.80 (0.51)

DMN 0.15 (0.45) −0.65 (0.50) −0.12 (0.51) −0.36 (0.33)

CO
LO

U
R
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3.3.2 | Motion correction

The dataset yielded significantly more in- scanner motion in the old 
group [(df)t = −3.9, p < .0001], and FIX removed a significantly higher 
number of components from the older group, t(19) = −2.2, p < .05, 
and also removed more of the variance from the raw fMRI data, both 
in terms of absolute and relative variance, both t(19) = −2.8, p < .05), 
which were significantly correlated with amount of subject motion 
across groups (r = .52, p < .0001).

In order to rule out that any group differences were induced by the 
cleaning procedure, we estimated load responses on the uncleaned 
dataset. The effects reported remained largely unchanged.

4  | DISCUSSION

Aging is associated with a manifold of changes in the brain structure 
and function resulting in altered behavioral performance and decline in 
cognitive faculties. Using a combination of fMRI- based voxel and mul-
tivariate analyses across a range of large- scale brain networks obtained 
during multiple object tracking, we have demonstrated age- related dif-
ferences in tracking performance and associated brain network recruit-
ment, in particular related to task- related activation and deactivations of 
the DAN and DMN, respectively. Compared to the young participants, 
the older subjects showed reduced tracking accuracy. Voxel and brain 
network- level fMRI analyses converged on decreased load- dependent 
activation of the DAN, and decreased load- related deactivations of 
the DMN during tracking in the old group, suggesting differential age- 
related alterations in task- positive and task- negative brain networks. 
Investigating the age-  and load- dependent effects in all of the 28 com-
ponents generated from the group ICA, we found a significant group 
by load interaction in two components representing the DAN and the 
DMN, respectively. This suggests that these two brain networks are 
engaged during the MOT task as well as sensitive to aging effects.

Furthermore, we have demonstrated significantly stronger correla-
tions between the levels of activation in components within both the 

DAN and the DMN for younger adults. Conversely, task- positive DAN 
and DMN components were positively correlated in older adults and 
negatively correlated in younger adults.

4.1 | Effects of task and age on task- 
positive networks

Studies investigating the brain network involvement in visual atten-
tion consistently report task- related activations in the DAN (Corbetta & 
Shulman, 2002; Kastner & Ungerleider, 2000). This frontoparietal network 
is hypothesized to be involved in the goal- directed (top- down), endoge-
nous component of attentional processing as opposed to the exogenous, 
stimulus- driven (bottom- up) component (Shulman et al., 1997). Less 
consistent findings have been reported when studying the age- related 
effects on DAN activation; some studies have found a relative increase 
in activation for older adults, possibly reflecting functional compensation 
for inefficient bottom- up processing (Cabeza et al., 2004; Madden, 2007). 
However, a longitudinal study by Nyberg et al. (2010) reported age- related 
reduced activations in the same areas, complicating a straight- forward 
interpretation of the DAN in relation to neurocognitive aging.

With diverging literature in mind, we hypothesized an altered 
DAN response in older relative to younger adults without making 
strong predictions with regard to the specifics of these alterations. 
We observed strong DAN activation in both age groups when subjects 
were engaged in the task, and increasing load demand from one to two 
targets resulted in a further increased DAN activation. Group compari-
son revealed significantly stronger DAN activation for younger relative 
to older adults, and this activation pattern amplified with increasing 
task demand. Furthermore, the relative increase in DAN activation 
observed with increasing load demand was significantly greater for 
younger adults, possibly representing a greater capacity for DAN 
recruitment in response to increased attentional demand for younger 
adults. Thus, results obtained from this study support an age- related 
diminished activation pattern for the DAN along with less capability 
for load- dependent activation increase for older adults.

TABLE  5 The 13 edges that showed FDR- corrected significant differences in correlations between the young and the old group for the 
L2 > L1 contrast, corresponding to Figure 2, panel E, above the diagonal. Columns to the left show the correlation coefficients and corresponding 
p- values within the young and the old group, respectively. The two rightmost columns give the Fisher’s r- to- z values between the two groups’ 
correlations coefficients with corresponding p- values. Bold indicates nominally significant component correlation within the groups

Edge Young, r Young, p Old, r Old, p Fisher’s Z p

IC1–IC7 −.49 0.01 .50 0.02 −3.41 6.43E- 4

IC7–IC17 −.87 3.38E-3 −.11 0.65 −3.79 1.50E- 4

IC13–IC22 .79 4.35E-6 .16 0.49 2.84 4.51E- 3

IC5–IC16 .35 0.09 −.48 0.03 2.78 5.40E- 3

IC9–IC17 .36 0.09 −.59 4.99E-3 3.26 1.11E- 3

IC23–IC26 .52 8.88E-3 −.36 0.11 2.96 3.05E- 3

IC11–IC18 −.33 0.11 .58 6.04E-3 −3.12 1.79E- 3

IC8–IC18 .18 0.40 −.62 2.55E-3 2.84 4.47E- 3

IC15–IC18 .59 2.57E-3 −.77 3.87E-5 5.30 1.15E- 7

I22–IC27 .56 4.14E-3 −.45 0.04 3.49 4.84E- 4

IC26–IC27 −.24 0.26 .76 6.17E-5 −3.88 1.06E- 4
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4.2 | Effects of task and age on task- 
negative networks

Mediating introspection and self- referential thought, the DMN rep-
resents an antagonistic function to that of the task- driven DAN. 
Also known as the task- negative network, the DMN is deactivated in 
response to tasks involving selective visual attention reflecting a real-
location of resources from monitoring of the self and the environment 
to external and goal- oriented behavior. Although the DMN is not task- 
negative per se in that the DMN is indeed engaged in active cognitive 
processes requiring internal focusing (Golland et al., 2007), the value 
in dichotomizing these two networks stems from studies where atten-
tion demanding tasks engage the DAN and passive fixation relative 
to task reliably engages the DMN (Raichle et al., 2001; Shulman et al., 
1997). Our results are in line with the existing literature; we observed 
strong task- related DMN deactivations for both groups with dimin-
ished deactivations for the older relative to the younger group. Similar 
(although with opposite direction) to the activation pattern observed 
for the DAN—increasing task demand resulted in stronger DMN deac-
tivations for both groups with the younger group having a significantly 
stronger load- dependent response compared to the older group.

These findings are in line with several previous observations 
(Grady et al., 2006; Persson et al., 2007), and suggest that reduced 
DMN modulation with increasing age can negatively affect attentional 
processing by increasing vulnerability to irrelevant distractions.

The ICA approach we employed in this study parsed the DMN into 
five components, the DMN component (IC 1) showing load and group 
interaction effects and that was included in the subsequent analyses, 
corresponded anatomically to the posterior DMN (precuneus and 
angular gyrus). Our findings fall in line with a number of studies in 
healthy aging and Alzheimer’s disease, that have observed the pos-
terior DMN to have an increased susceptibility to decreases in task- 
induced deactivations (Hafkemeijer, van der Grond, & Rombouts, 2012; 
Mevel, Chételat, Eustache, & Desgranges, 2011). The same areas are 
also particularly vulnerable to amyloid deposits (Sperling et al., 2009), 
a proposed cause of functional disruption and aberrant network activ-
ity, even in clinically healthy subjects (Sperling et al., 2010).

4.3 | Association between brain network activation

Based on the interlinked and dynamic relationship between various 
brain networks during the execution of cognitive tasks, in particular 
between the DAN and DMN, a critical aim of this study was to investi-
gate the associations between the levels of activation of different brain 
networks and how their relationship is affected in aging. Importantly, 
if the level of task- related activation in one network (e.g., the DAN) 
is highly correlated with the level of activation in another network 
(e.g., the DMN), this may indicate that the activation levels of the two 
networks are reflecting partly overlapping mechanisms. We found 
no such significant association between two selected components 
representing the DAN and the DMN at the L1 or the L2 load condi-
tions for either of the age groups, a finding that could suggest that 
the mechanisms of brain network level activation in cognitive aging, 

for these two networks are relatively independent. However, this 
interpretation might be an oversimplification of the complex network 
dynamics underlying attentional processing. Considering the engage-
ment of the DMN in goal- directed internally focused tasks such as 
autobiographical planning, recent studies (Di & Biswal, 2014; Spreng, 
Stevens, Chamberlain, Gilmore, & Schacter, 2010) have elucidated the 
confounding role of an anatomically interposed frontoparietal exec-
utive control network and its function in flexibly coupling with the 
DAN or DMN when engaged in external or internal oriented tasks, 
respectively. Further, investigating aging effects, Spreng and Schacter 
(2012) found for older compared to younger adults a relative inability 
to decouple the control network from the default network during a 
visuospatial task. The researchers attributed the failure of DMN deac-
tivation not to intrinsic DMN dysfunction, but rather reduced network 
flexibility and range of dynamic network modulation in response to 
different task demands. The magnitude of load- dependent activations 
(L2- L1) in a range of components was significantly correlated across 
groups. In particular, we found strong positive correlations within 
task- positive components, between visual and task- positive compo-
nents and within two DMN components, indicating that subjects with 
strong load- dependent increase in activation in one component also 
showed strong load- dependent activation in the other components 
and subjects with strong load- dependent decrease in activation in 
one component also showed load- dependent deactivation in anoth-
er component. Similarly, we observed strong negative correlations 
between task- positive and task- negative components and between 
subcortical and task- positive components, indicating the opposite 
relationship. The level of co- activation across components pertains 
to the system- level coordination of brain networks during cognitive 
processing, and comparing the correlation between groups yields a 
window into the age- related differences in this brain network coor-
dination. Interestingly, we identified significantly stronger correla-
tions within DAN as well as within DMN components in the younger 
group and conversely, stronger correlations between DAN and DMN 
components in the older group, indicating a load- dependent response 
shifting from increased within- network specificity in younger adults 
to a more between- network dependence in older adults. Disrupted 
functional connectivity with advancing age has been proposed to 
reflect a reduction in specialization and segregation of brain sys-
tems (Chan et al., 2014). This brain dedifferentiation and reduction in 
diversity (Ferreira et al., 2015) may reduce the flexibility and dynamic 
repertoire of large- scale brain networks, which in turn contribute to 
age- related cognitive decline (Chou, Chen, & Madden, 2013). Along 
with the robust group effects on the load- dependent activation of the 
DMN and DAN, these results suggest altered coordination of brain 
networks during cognitive processing in aging.

4.4 | Associations between task performance and 
DAN and DMN activation

As expected, we observed a significant group difference in MOT per-
formance accuracy between younger and older adults, as well as a 
significant effect of load, but no interactions.
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Investigating the relationship between MOT accuracy and compo-
nent beta estimates (DAN and DMN L2 and L2- L1), we found for DMN 
L2, a significant main effect of age group, but no significant effect of 
DMN deactivation and no interaction effect on performance accura-
cy. No significant associations were found for DMN L2- L1, DAN L2, 
or DAN L2- L1. The weak relationship between activation levels and 
performance accuracy could be due to the relatively low task demand. 
Investigating age differences in the MOT task, Sekuler, McLaughlin, 
and Yotsumoto (2008) demonstrated that younger adults were able 
to track up to four target objects simultaneously while older adults 
managed to track only three. Our implementation of the MOT task 
was limited to tracking a maximum of two target objects to ensure that 
participants of both groups were able to maintain task- focus through-
out each trial. However, this restriction prevented participants from 
achieving maximal attentional load demand, allowing for ceiling effects 
and limited our capacity to make any strong inferences about how spe-
cific network properties relate to task performance at high load.

4.5 | Limitations

This study does not come without limitations. Head movement is a 
ubiquitous concern in studies of network properties, and we found 
significantly more in- scanner motion in the old group. We used a sen-
sitive approach for denoising of fMRI data by automated classification 
of ICA components on an individual level (FIX; Salimi- Khorshidi et al., 
2014). Although there inevitably will be an effect of motion in any 
given fMRI experiment, using such a validated approach (Pruim et al., 
2015) minimizes noise contamination. However, since the cleaning 
procedure removed more variance from the old participants, we esti-
mated both DAN and DMN load- responses on the uncleaned datasets 
in order to rule out that any age differences was induced by the clean-
ing procedure. The effects reported remained largely unchanged.

Since we included healthy subject on both ends of the adult age spec-
trum, we do not have data covering a continuous age range. Therefore, 
our data cannot determine whether changes in network patterns follow 
a linear or nonlinear curve or if there is a critical age at which a cut- off 
point is reached and dramatic decline in attentional ability is observed. 
Full- scale IQ observed for both groups were above average. Considering 
that the sample was not drawn randomly from the population, but rather 
based on convenience—this was not an unexpected finding, yet it does 
influence generalizability. A study by Dixon et al. (2004) investigating 
episodic memory retrieval found a similar, gradual age- related decline 
in an advantaged convenience sample and a low- education population- 
based sample, suggesting that although population- based samples are 
more representative, the same pattern of age- related changes in higher 
cortical functions is retained in convenience samples.

As previously addressed, the restriction to two MOT load condi-
tions was done to ensure that the participants indeed were engaged 
in the MOT task and that neuronal activity more accurately reflect-
ed attentional effort and not mind wandering due to loss of focus. 
For some of the participants, especially in the young group, the 
task demand might have been insufficient to elicit a strong network 
response, and we cannot exclude that including higher load conditions 

would have revealed stronger group effects and possibly group by load 
interactions. However, using tracking accuracy as an index of atten-
tional performance, this design proved sensitive to group and load 
effects validating its use within the scope of our investigation.

5  | CONCLUSION

Using MOT as means of measuring visual attention, our results further 
support a substantial amount of research reporting an age- related 
attentional decline. fMRI analysis including a range of large- scale 
brain networks revealed age- related alterations in network recruit-
ment during mental tracking consisting of diminished activations of 
the DAN and diminished deactivations of the DMN in older relative to 
younger participants. Although these brain network level reductions 
may reflect a general signature of the aged brain, we did not observe 
any robust associations with task performance in the older group, 
possibly due to the relatively low task demands. Lastly, we identified 
several robust correlations in brain network activations, and also sig-
nificant group differences in a subsample of these brain network acti-
vation correlations; we found stronger correlations within DMN and 
within DAN components for younger adults and stronger correlations 
between DAN and DMN components for older adults, indicating age- 
related alterations in the coordinated network- level activation during 
attentional processing. The correlation between DAN and DMN acti-
vation was low, suggesting that while some dependencies indeed exist 
between several of the estimated brain networks, the age- related 
alterations in DAN and DMN responses to attentional demands may 
reflect independent mechanisms.
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A B S T R A C T

Age-related differences in cognitive agility vary greatly between individuals and cognitive functions. This
heterogeneity is partly mirrored in individual differences in brain network connectivity as revealed using
resting-state functional magnetic resonance imaging (fMRI), suggesting potential imaging biomarkers for age-
related cognitive decline. However, although convenient in its simplicity, the resting state is essentially an
unconstrained paradigm with minimal experimental control. Here, based on the conception that the magnitude
and characteristics of age-related differences in brain connectivity is dependent on cognitive context and effort,
we tested the hypothesis that experimentally increasing cognitive load boosts the sensitivity to age and changes
the discriminative network configurations. To this end, we obtained fMRI data from younger (n=25, mean age
24.16 ± 5.11) and older (n=22, mean age 65.09 ± 7.53) healthy adults during rest and two load levels of
continuous multiple object tracking (MOT). Brain network nodes and their time-series were estimated using
independent component analysis (ICA) and dual regression, and the edges in the brain networks were defined as
the regularized partial temporal correlations between each of the node pairs at the individual level. Using
machine learning based on a cross-validated regularized linear discriminant analysis (rLDA) we attempted to
classify groups and cognitive load from the full set of edge-wise functional connectivity indices.

While group classification using resting-state data was highly above chance (approx. 70% accuracy),
functional connectivity (FC) obtained during MOT strongly increased classification performance, with 82%
accuracy for the young and 95% accuracy for the old group at the highest load level. Further, machine learning
revealed stronger differentiation between rest and task in young compared to older individuals, supporting the
notion of network dedifferentiation in cognitive aging. Task-modulation in edgewise FC was primarily observed
between attention- and sensorimotor networks; with decreased negative correlations between attention- and
default mode networks in older adults. These results demonstrate that the magnitude and configuration of age-
related differences in brain functional connectivity are partly dependent on cognitive context and load, which
emphasizes the importance of assessing brain connectivity differences across a range of cognitive contexts
beyond the resting-state.

Introduction

Individual life-span trajectories in brain and cognition are shaped
by a dynamic interplay between genetic and environmental
factors (Lindenberger, 2014). Aging confers a notable increase in

inter-individual variability in cognitive functions (Buckner, 2004;
Singh-Manoux et al., 2012), and developing sensitive and specific
in vivo biomarkers for identification of individuals at risk for
cognitive impairment and dementia is a key challenge for clinical
neuroscience.
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The brain is intrinsically organized into neuronal networks or nodes
of which continuous cross-talk enables cognition and complex beha-
viors (Sporns et al., 2004). Functional connectivity (FC) measured by
functional magnetic resonance imaging (fMRI) refers to the synchro-
nization between nodes, reflecting an organizational principle of the
brain (Van Den Heuvel and Pol, 2010). In line with this system-level
view of brain function, aging studies converge on less specialized and
segregated brain networks, supporting the theory of cognitive and
neuronal dedifferentiation in aging (Baltes and Lindenberger, 1997; Chan
et al., 2014; Daselaar et al., 2005; Lindenberger, 2014; Park et al., 2012).

Age-related FC differences have been extensively studied, implicat-
ing a range of networks including the executive control (ECN), dorsal
attention (DAN), default mode (DMN), frontoparietal (FPN) and
hippocampal networks (Salami et al., 2014; Voss et al., 2010; Zhang
et al., 2014), and links between DMN connectivity and cognitive aging
(Andrews-Hanna et al., 2007; Sambataro et al., 2010) corroborate the
notion of network-level vulnerability to advancing age (Mowinckel
et al., 2012; Salami et al., 2012).

In line with the selective vulnerability of brain networks, age-
related cognitive decline is not uniform across domains (Glisky, 2007).
Whereas crystallized functions including vocabulary and general
knowledge remain relatively unaffected, a commonly reported impair-
ment relates to deficient selective attention (Quigley and Müller, 2014)
which manifests as reduced ability to selectively attend to and ignore
information based on relevance (Kensinger and Corkin, 2009; Murray
and Kensinger, 2012). Whereas resting-state fMRI has provided an
opportunity to test specific hypotheses regarding the underlying brain
connectivity alterations, the selective cognitive vulnerability suggests
that attention-demanding tasks may comprise a more sensitive and
informative context for the study of age-related brain network altera-
tions. Thus, in order to characterize the brain functional connectomic
signature of cognitive aging in different cognitive contexts, we compare
fMRI brain connectivity indices obtained during rest and during two
load levels of a continuous multiple object tracking (MOT) task
(Pylyshyn and Storm, 1988) between young and older healthy adults.

MOT requires the subject to attend to multiple target items as they
move among distractor items, which is a basic feature of sustained
multifocal visual attention (Cavanagh and Alvarez, 2005). Alnæs et al.
(2015) reported widespread connectivity modulations during MOT in
young adults, and machine learning revealed high classification
accuracy when discriminating between task and rest, demonstrating
successful decoding of cognitive load using FC features. Here, we utilize
a similar decoding approach to describe the neuronal characteristics of
cognitive aging by comparing two groups of healthy adults at both ends
of the adult lifespan. We hypothesized that (1) multivariate classifica-
tion would yield robust discrimination between resting state and data
collected during MOT as well as between younger and older adults,
reflecting age and cognitive context related changes in brain network
configuration. Higher task classification accuracy in young compared to
older adults would support the notion of cognitive and neuronal
dedifferentiation in aging. Additionally, we anticipated stronger group
differences with higher load, resulting in improved group classification
with increasing load. On edge-level, we hypothesized (2) that the most
discriminative edges for rest and task are found in connections between
attention networks and somatosensory and motor nodes (Alnæs et al.,
2015; Tomasi et al., 2014). With regards to age-related edgewise effects
in response to attentional demand and keeping with the theory of
dedifferentiation, we hypothesized a system-level loss in network
segregation, reflected in decreased FC within modular networks and
in particular within the DMN as well as increased connectivity between
large-scale brain networks, in particular during continuous tracking,
which would support a relative inability to selectively inhibit competing
neural processes during task engagement.

Finally, since any effects on edgewise functional connectivity may
be partly driven by nodal increases or decreases in activity, we probe
temporal variability on node level by computing the standard deviation

of signal amplitude (SDSA) (Garrett et al., 2010). Brain signal
variability has been shown to reveal distinct patterns not captured by
mean-based analyses (Garrett et al., 2011), and increased signal
variability is thought to be indicative of a more sophisticated and
complex neural machinery (McIntosh et al., 2008), offering greater
dynamic range and facilitating the brain's ability to explore different
network states. When applied to aging studies, reduced SDSA has
proved to be a better predictor of advancing age and poorer task
performance than the mean measure (Grady and Garrett, 2014).
Additionally, in a study investigating age-related variability changes
in response to cognitive demand, Garrett et al. (2012) observed a broad
increase in SDSA on task compared to fixation for both age groups, the
magnitude and spatial extent of this variability increase was compara-
tively reduced for the older group. Based on this, we hypothesize (3)
task related modulations of signal variability that is network selective,
reflected in increased and decreased SDSA in task-positive and task-
negative/irrelevant networks, respectively. Further, reflecting reduced
dynamic repertoire in response to cognitive state-transition, we
anticipate group differences in signal variability manifested as dimin-
ished task-related SDSA changes for older compared to younger adults.

Materials and methods

Sample

We recruited 26 young and 26 older adults through a newspaper ad
and social media. The sample is overlapping with a previous publica-
tion (Dørum et al., 2016) reporting results from the blocked MOT runs
(see below). All subjects provided an informed consent and underwent
neuropsychological screening (details below). Participants reported
normal or corrected-to-normal vision. Exclusion criteria included
estimated IQ < 70, previous history of alcohol- and substance abuse,
history of neurologic or psychiatric disease, medications significantly
affecting the nervous system and counter indications for MRI. All
participants were self-sufficient and living independently, and reported
no reason to suspect marked cognitive decline or undiagnosed demen-
tia.

From the full dataset, we excluded participants due to excess in-
scanner motion where image artifacts persisted after running FSL FIX
(FMRIB's ICA-based Xnoiseifier) (n=2), as well as due to chance-level
or below-chance level performance on the one load condition MOT task
(n=3), yielding a final sample of 47 subjects, including 25 young (mean
age: 24.2 years, SD: 5.1, 68% females) and 22 old individuals (mean
age: 65.1, SD: 7.5, 55% females).

Screening and neuropsychological assessment

Participants completed the matrices and vocabulary subtests from
the Wechsler Abbreviated Scale of Intelligence (WASI) (Wechsler,
1999). Results from the subtests were converted to standardized scores
from which full scale IQ (FSIQ) was estimated. Two subjects were
native foreign language speakers and thus not adequately able to
perform the vocabulary subtest, and their FSIQ was calculated based
on matrix reasoning.

fMRI paradigms

All participants underwent one resting state run and two versions of
MOT, including one blocked and two continuous tracking runs,
performed in the MRI scanner during the same session (Alnæs et al.,
2015). Here we report data from the continuous MOT runs
(Supplementary material). The level of attentional demand was set at
two load conditions – load 1 (L1) and load 2 (L2) requiring the
participants to track one or two targets respectively during the task. We
restricted the load level to a maximum of 2 to ensure that both groups
were able to perform at a high level.
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Participants were looking through a mirror mounted on the head
coil at a calibrated MR-compatible LCD screen (NNL LCD Monitor®,
NordicNeuroLab, Bergen, Norway) placed in front of the scanner bore,
with a screen resolution of 1920×1080 at 60 Hz. All stimuli were
generated using MATLAB and the Psychophysics Toolbox extensions
(Brainard, 1997; Pelli, 1997). Participants responded to the tasks using
a MR-compatible subject response collection system (ResponseGrip®,
NordicNeuroLab, Bergen, Norway). A trigger pulse from the scanner
synchronized the onset of the experiment to the beginning of the
acquisition of an fMRI volume. The screen covered 32.43° of visual
angle, and the tracking area covered 17.32° of visual angle at a viewing
distance of 1.2 m. The objects were circular disks with a diameter of
0.7° of visual angle moving at a speed of 4°/s. Objects changed
direction when closer than 1° to another object or the edge of the
tracking area, and also made random changes (one random turn pr.
second on average) to make object movements unpredictable. Colors
used for the objects were isoluminant (as measured using Spyder 4,
Datacolor, Lawrenceville, NJ). A fixation circle of 0.5° of visual angle
was located in the center of the tracking area. The participant's task
consisted of covertly tracking target objects while fixating on the
central fixation point. Detailed instructions were given before entering
the scanner room as well as before each sequence.

Each participant performed two runs of continuous MOT task, one
with tracking load of 1 object, and the other with 2 objects. Each
continuous tracking block lasted 7.5 min and contained 14 trials. The
continuous tracking versions started with 1.5 s instruction, followed by
0.5 s fixation. After that, 10 identical blue objects were presented on a
grey background screen, and after another 0.5 s the objects started
moving. The first cued object(s), or target(s), turned red after the first
0.5 s, and remained red for a duration of 2.5 s. The tracking period
lasted on average 32 s (range, 27–37) after which the participants were
instructed to respond to a probe (green object), “yes” or “no” to
whether the green probe was one of the objects originally designated as
a target, before a new target assignment took place. The colors of the
distractor (blue), cued (red) and probe (green) objects, were set for the
whole task. The duration of the target and the probe presentation was
2.5 s. The participants were instructed to fixate on the centrally
presented fixation point during the length of the run. Accuracy and
reaction times were recorded.

MRI acquisition

MRI scans were obtained from a General Electric (Signa HDxt)
3.0 T scanner with an 8-channel head coil at Oslo University Hospital.
Functional data were acquired with a T2*-weighted 2D gradient echo
planar imaging sequence (EPI) with 140 volumes (TR: 2400 ms; TE: 30
ms; FA: 90°; voxel size: 3.75×3.75×3.2 mm; slices: 48; FOV:
240×240 mm; duration: 533 s). The first five volumes were discarded.
In addition, a structural scan was acquired using a sagittal T1-weighted
fast spoiled gradient echo (FSPGR) sequence (TR: 7.8 s; TE: 2.956 ms;
TI: 450 ms; FA: 12°; voxel size: 1.0×1.0×1.2 mm; slices: 170; FOV:
256 mm²; duration: 428 s).

fMRI processing and network estimation

FMRI data was processed on single-subject level using the FMRI
Expert Analysis Tool (FEAT) from the FMRIB Software Library (FSL)
(Smith et al., 2004) including motion correction (MCFLIRT), high-pass
filtering (sigma=64 s), spatial smoothing (FWHM=6 mm), and single-
session independent component analysis (ICA) using MELODIC
(Beckmann and Smith, 2004).

We calculated in-scanner subject motion defined as the average root
mean square of the displacement from one frame to its previous frame
for each dataset. Repeated measures ANOVA revealed no significant
effect of run (resting state, C1 and C2) (F=2.23, p= .113) or group
(F=1.91, p= .17) on motion, but a significant condition by group

interaction effect (F= 6.81, p= .002). Independent samples t-tests
revealed no significant group differences in motion during rest
[mean(SD)young=.084 (.098), mean(SD)old=.072 (.034), t=.533, p
> .596]; but the old group showed significantly more motion during
L1 [mean(SD)old=.126 (.099), mean(SD)young=.072 (.068), t=2.20,
p=.033)]; and during L2 (mean(SD)old=.104 (.066),
mean(SD)young=.069 (.055), t=2.02, p < .049).

We used FSL FIX (FMRIB's ICA-based Xnoiseifier) (Salimi-
Khorshidi et al., 2014) to identify and remove noise components
(standard training set, threshold: 20), which has been shown superior
to other conventional methods for denoising fMRI data (Pruim et al.,
2015), and regressed out the estimated motion parameters from
MCFLIRT from the voxel-wise time series.

We used FreeSurfer (Fischl et al., 2002) for automated brain
segmentation of the T1-weighted data to obtain brain masks used for
co-registration using FLIRT (Jenkinson and Smith, 2001), optimized
using boundary-based registration (BBR) (Greve and Fischl, 2009) and
FNIRT (Andersson et al., 2007a, b).

Next, we used a group-PCA approach (Smith et al., 2014) in
MELODIC with an automated estimation of model order (n=55). We
discarded noise components based on the spatial distribution of the
component maps and/or the frequency spectrum of the components’
time series (Kelly et al., 2010), resulting in a final set of 32 components.
Thereafter, for each subject we estimated individual time series and
component spatial maps using dual regression (Filippini et al., 2009)
for the full set of components. Finally, we regressed out the time-series
of noise components from the time-series of the remaining components
and estimated functional connectivity matrices using FSLNets (Smith
et al., 2011b). To ensure reliable network estimation, we computed
regularized partial correlations of the time series, with an automated
estimation of lambda on the individual level (Ledoit and Wolf, 2003,
Schäfer and Strimmer 2005). Such data-driven, automatic lambda
optimization on the single subject level yields well-conditioned net-
works that do not depend on a preselected, global lambda value (Brier
et al., 2015; Deligianni et al., 2014; Kaufmann et al., 2016).
Components were hierarchically clustered based on the Euclidean
distance metrics using the ward linkage function in Matlab (The
Mathworks Inc.), as implemented in FSLNets (Smith et al., 2011a).
Ward's linkage uses the incremental sum of squares; that is, the
increase in the total within-cluster sum of squares as a result of joining
two clusters. The within-cluster sum of squares is defined as the sum of
the squares of the distances between all objects in the cluster and the
centroid of the cluster. The sum of squares measure is equivalent to the
distance between the cluster's centroids. The linkage procedure max-
imizes the distance between centroids while minimizing the within-
sum of squares for each cluster. For each dataset we also computed the
SDSA of each component's time series as a measure of nodal strength
(Garrett et al., 2010; Kaufmann et al., 2015).

Multivariate classification of condition and group

The regularized partial correlation based networks each comprised
32 nodes yielding 496 unique edges. We used these edges in several
classification tasks using a regularized linear discriminant analysis
classifier (shrinkage LDA) (Friedman, 1989; Schäfer and Strimmer,
2005). We classified between (1) young and old individuals within
resting state and load conditions and between (2) resting state and load
conditions within and across groups utilizing leave-one-out (LOO)
cross validation procedures, and assessed reliability across 10,000
permutations, in line with a previous publication (Alnæs et al., 2015).

Univariate statistical analysis

Non-imaging data were analyzed in SPSS (IBM_Corp R, 2010).
Between-group differences were assessed using Chi square tests (sex
distribution) and linear models (age, neuropsychological performance,
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MOT task performance). Group differences in MOT performance were
assessed using two-by-two repeated measures ANOVA with load (L1
and L2) as within subject factor and group (young and old) as between
subject factor.

For each edge in the connectivity matrix, we performed repeated
measures ANOVA to test for effects of group while accounting for sex.
We computed edgewise partial eta-squared effect sizes, and adjusted
the alpha level using false discovery rate (FDR) for each test separately
with a false discovery rate level q=0.05 and a threshold based on the
assumption of independence or positive dependence (Nichols, 2009;
Nichols and Hayasaka, 2003).

Whereas the main analysis is targeting the connections between the
nodes, the cumulative involvement of each of the nodes is also of
interest. To assess the importance of each network node in distinguish-
ing between groups and conditions, we calculated nodewise eigenvector
centrality (EC) (Bonacich, 2007) based on edgewise effect sizes, in line
with a previous publication (Skåtun et al., in press). A high EC indicates
altered connectivity with several other nodes, indicating a relative
importance of this node in discriminating between groups or load
condition. Finally, for each dataset we computed the standard deviation
of signal amplitude (SDSA) for each component's time series, as a
measure of nodal activity. Group differences in SDSA were tested using
ANCOVAs, covarying for sex.

Results

Neuropsychology and demographics

Table 1 summarizes key demographics and WASI and MOT
performance. Briefly, the younger group performed significantly better
on the matrix reasoning subtest of the WASI. Repeated measures
ANOVA revealed significant main effects of load (F=17.58, p < .001)
and group (F=4.11, p=.049) on MOT accuracy, indicating higher
accuracy during L1 compared to L2 and for young compared to old,
but no group by load interaction (F=.35, p=.56). No other significant
differences were found.

Classification analysis

Fig. 1 shows the confusion matrices from all classification analyses.
The algorithm distinguished resting state from both load conditions
with high accuracy (mean classification accuracy across groups:
M=93.62%, pperm < 0.0001). Classification of load conditions (L1 vs
L2) yielded higher accuracy in the young group (L1 and L2: both 72%,
pperm < 0.0001) than the older group (L1: 59.09%, pperm=0.003, L2:
54.55%, pperm=0.011).

We further trained the classifier to distinguish old from young
individuals based on data from resting state or each of the two load
conditions separately. Using resting state data, we achieved 72%
classification accuracy for identifying the young group (pperm=0.025)
and 68.18% accuracy for identifying the old group (pperm=0.0035).

Accuracy when using L1 was 80.77% and 80.95% for the young and old
group, respectively (both pperm=0.0001). Accuracy using L2 was
82.76% (pperm < 0.0001) for the young and 94.44% (pperm=0.0001)
for the old group.

Edgewise univariate analysis

Fig. 2A shows the results from the edgewise repeated measures
ANOVAs. Briefly, we identified 41 edges showing significant effects of
load, 25 edges showing significant effects of group and 1 edge showing
a significant interaction effect (all p < .05, FDR corrected).

The node with most edges showing effect of condition was the DAN
(IC4), involved in 9 out of the 41 significant edges. The 5 strongest
effects of condition were found between another node of the DAN (IC9)
and a right occipital node (IC23) (F=64.09, p < .0001), connectivity
between these nodes became less positive going from rest to the task
conditions; between DAN (IC4) and an occipital node (IC28) (F=48.64,
p < .0001), this edge was weakly negative at rest and positively
correlated during task; between DAN (IC4) and a visual node (IC13)
(F=44.70, p < .0001), this edge was weakly positive at rest and
negatively correlated during task; between DAN (IC4) and a sensor-
imotor node (IC17) (F=29.07, p < .0001), this edge was positively
correlated during rest and showed a linear decrease in connectivity
strength with increasing load demand; and between two nodes within
the DMN (IC6 - IC19), (F=26.46, p < .0001), this edge was positively
correlated for both groups at rest, during task engagement the
connectivity became markedly less positive for the young group,
whereas in the older group, this edge showed a minimal decrease in
connectivity in response to task engagement. With the exception of the
edge within the DMN, there were no significant group differences for
the other listed edges.

Seven of the 25 edges showing significant effect of group implicated
the DMN (IC6), which was the node with the highest number of age
effects. The 5 strongest effects of group were; between the left
frontoparietal network (IC2) and insula (IC14) (F=24.8, p < .0001),
connectivity between these nodes was positive during rest for the old
and weakly negative for the young group, with task engagement, this
edge became less positive for the old group with little change in
connectivity strength for the young group; between the thalami (IC21)
and temporal cortices (IC31) (F=24.5, p < .0001), connectivity strength
for this edge was positive at rest for the old group, becoming slightly
more positive with task engagement. For the young group, this edge
was uncorrelated at rest and slightly more negative when increasing
task load; between the DAN (IC5) and DMN (IC6) (F=24.3, p < .0001),
connectivity for this edge at rest was negative for the young and
positive for the old group. During task, connectivity became less
negative for the young and more positive for the old group; between
DMN (IC7) and sensorimotor cortex (IC27) (F=20.9, p < .0001), for the
old group these nodes were uncoupled during rest with minimal
connectivity change during task. For the young group, connectivity at
rest was negative, with task engagement connectivity became more
negative, and again less negative when increasing load demand from
L1 to L2; and between the right frontoparietal network (IC1) and the
DMN (IC6) (F=20.8, p < .0001), resting connectivity for this edge was
negative for the young and positive for the old group, with increasing
attentional demand connectivity strength became more positive and
less negative for the old and young group, respectively.

Fig. 2B illustrates the significant interaction effect, which impli-
cated IC19 (DMN) and IC25 (cerebellum). For this particular edge,
resting state connectivity was stronger in the young participants
compared to the old. Task engagement caused a decrease in connec-
tivity in the young group whereas connectivity strength increased in the
old group. These connectivity changes were further amplified when
increasing load demand from L1 to L2.

Fig. 2C shows results from edgewise repeated measures ANOVAs
after removing resting state runs, revealing 30 edges showing effect of

Table 1
Demographics and neuropsychological performance.

Young (SD) Old (SD) χ2/t-score p

N 25 22
Age 24.16 (5.11) 65.09 (7.53)
Age range 18–43 47–78
Percent male 32.00 45.45 χ2=0.90 .34
Percent right handedness 92.00 86.36 χ2=0.39 .53
Years of education 15.43 (1.47) 15.07 (2.99) t=0.51 .613
WASI matrix reasoning 30.32 (2.79) 25.64 (6.38) t=3.18 .004
WASI vocabulary 65.80 (5.97) 66.27 (10.16) t=−0.20 .845
Full scale IQ-2 119.60 (9.25) 120.18 (17.06) t=−0.14 .888
MOT accuracy on L1 90.00 (13.54) 82.27 (16.88) t=1.74 .089
MOT accuracy on L2 80.40 (18.81) 69.55 (22.57) t=1.80 .079
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group (FDR corrected), and no load or interaction effects. Strongest age
effects were found for frontoparietal-DMN (IC1-6), frontoparietal-frontal
pole (IC1-22), DAN-insula (IC2-14) and DAN-temporal (IC4-31).

Nodewise eigenvector centrality

Fig. 3 summarizes the nodewise EC obtained from each of the
relevant statistical analyses. For group effects, highest centrality was
found for IC6 (DMN), IC5 (DAN), and IC16. For load effects, highest
EC was found for IC4 (DAN), IC9 (DAN) and IC13 (visual). For the
interaction effect, highest EC was found for IC19 (DMN), IC6 (DMN)
and IC10 (cingulum).

Nodewise SDSA analyses

Fig. 4 shows the results from the nodewise SDSA analysis. Overall,
greater SDSA was observed in more numerous nodes in younger
compared to older participants, during rest (50.00% versus 31.25%);
during L1 (62.50% versus 34.38%); as well as during L2 (53.13%
versus 40.63%). Briefly, repeated measured ANOVA revealed 12
significant (p < .05, FDR corrected) effects of load, 4 effects of group

and one group by load interaction effect. Load effects showing an
increase in task-related variability for both groups were observed in
DAN (IC4), frontal (IC15) and sensorimotor (IC17) nodes; task-related
decreases in SDSA for both groups were seen in DMN (IC6, IC7, IC16,
IC19), DAN (IC5, IC9), visual (IC23, IC28) and sensorimotor (IC11)
nodes (Supplementary material).

Group effects comprised the cerebellum (IC24, IC25 and IC30),
with higher variability in the old group in all runs, and a node in the left
frontal lobe (IC22) where amplitude variability was higher for the
young group in all runs. The interaction effect implicated the DMN
(IC7), where resting SDSA was higher for the older group than the
younger. During L1 there was a sharp decrease for the older group and
a slighter decrease from L1 to L2. For the young group, SDSA for IC7
did not show any marked changes from rest to L2. Comparing
variability between group within runs, we found; during resting state
two cerebellar nodes (IC 24 and 25) and two frontal nodes (IC 3 and
22) with greater variability in the older and younger group, respec-
tively; during L1, a somatosensory node (IC 11) had higher SDSA in the
young and a cerebellar node (IC 30) was more variable in the older
group; during L2 there were no significant group differences in signal
variability.

Fig. 1. Confusion matrices from various classification tasks. (A) Classification of the three conditions (rest, L1 and L2) within the young group, the old group and across groups. (B)
Classification of the two groups (old and young) within resting state, load 1 and load 2.

Fig. 2. The components grouped into 8 clusters largely corresponding to motor/somatosensory components (purple); frontal pole (light green); dorsal attention and visual components
(blue); temporal and cerebellar components (red); frontoparietal (pink); default mode (turquoise); visual and auditory components (yellow); and subcortical components (green). (A)
Circular connectivity plot showing effect of condition, group and interaction during all conditions; (B) Changes in functional connectivity (FC) strength for both groups during the three
conditions for the edge showing interaction effect; (C) Connectivity plot with the resting state session removed. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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Discussion

The heterogeneity in cognitive aging across cognitive domains is
mirrored in a differential vulnerability of brain network connectivity,
which has been proposed as a candidate imaging biomarker for age-
related cognitive decline and risk and progression of dementia. Since
previous studies have primarily utilized resting-state fMRI, we assessed
the generalizability of the predictive FC patterns across the resting-
state and constrained contexts characterized by higher cognitive load.
In line with our main hypothesis, FC patterns discriminated between

young and old individuals using the full range of connections with
increasing accuracies from resting state to higher constraint and load.
Further, we discriminated resting-state from task runs, with accuracy
approaching 100% across groups. Importantly, whereas we signifi-
cantly discriminated between the MOT load levels for young partici-
pants, these were indistinguishable among the older group, providing
FC support for decreased network modularity in cognitive aging.

Classification of group and run

Using multivariate machine learning techniques, we have demon-
strated robust discrimination between state of rest and state of
attentional effort as well as between younger and older adults, using
brain connectivity indices. In agreement with our hypotheses, distin-
guishing between resting state and task engagement is done with high
accuracy in both age groups (93.6% classification accuracy across
groups), distinguishing between the two levels of attentional load is
done with moderate accuracy, with better discrimination in the young
group compared to the old. Furthermore, classification between young
and old age groups is more accurate during MOT than during resting
state, and increasing load yields a further increase in classification
accuracy.

Our findings of lower discrimination between the two load levels in
old individuals corroborate the notion of less distinctive neural
representations with advanced age, which has been conceptualized
through theories of cognitive and neural dedifferentiation in aging
(Baltes and Lindenberger, 1997; Ghisletta and Lindenberger, 2003;
Park et al., 2004), postulating that specialized neural networks lose
fidelity with age with additional recruitment of non-selective brain
regions (Goh, 2011). In line with this, we have in an overlapping
sample recently demonstrated stronger correlations in the task-related
activation between DAN and DMN during the blocked MOT runs in the
older compared to the younger group, indicating stronger between-
network dependence or lower differentiation in older adults (Dørum
et al., 2016).

An alternative but not mutually exclusive theory termed compensa-
tion-related utilization of neural circuits (CRUNCH) (Reuter-Lorenz
and Cappell, 2008; Reuter-Lorenz and Lustig, 2005) proposes that at
low levels, specialized neural resources are recruited and as task
demand increases, the specialized machinery becomes exhausted,
requiring the utilization of more task-general resources. Due to neural
inefficiency, older individuals reach their resource ceiling at lower task-
demand than younger subjects and thus CRUNCH predicts that
distinctiveness in neural representation becomes more pronounced.
Conversely, at higher task demand when older subjects recruit more

Fig. 3. Nodewise eigenvector centrality based on edgewise effect sizes for main effect of
load, group, and their interactions.

Fig. 4. Nodewise SDSA analysis. Top panel shows the hierarchical clustering of nodes. Middle panel shows the significant effect of condition, group and interaction effect across groups.
Lower panel shows the group differences within each condition. FDR-significant effects are highlighted.
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task-general resources, neural representations become less discrimin-
able. Thus, our observations that discriminating between task engage-
ment and rest is done with superior accuracy in the older group and
discriminating between the two levels of task demand is more accurate
for the younger group are consistent with CRUNCH, although an all-
encompassing model on cognitive aging does not exist, it would likely
to incorporate features from both dedifferentiation and CRUNCH.

Edgewise univariate analysis

The temporal correlations between fMRI time series in anatomi-
cally separated regions represent channels of functional communica-
tion. As such, the human brain can be understood as an integrative
network of communicating brain regions where the coordinated
activity of distributed brain systems underlies complex behavior. The
continuous MOT task allows us to discern the differential connectivity
patterns induced by sustained attentional effort, from the network
configurations of the brain at rest. By comparing connectivity features
in a group of older and a group of younger adults, we investigate age-
related dynamic brain network alterations in response to cognitive
demand.

Exploring the edgewise connectivity changes between network
nodes during states of rest and effortful attention, we found the most
predictive information about cognitive states in edges involving the
DAN. A task-dependent decrease in connectivity was found for an edge
connecting the DAN to a sensorimotor node, suggesting a disconnec-
tion of task-irrelevant networks. Both increased and decreased con-
nectivity could be observed in edges between the DAN and the occipital
cortex, this differential coupling and decoupling between the DAN and
visual system directly replicates a recent publication using a similar
approach (Alnæs et al., 2015) and could possibly reflect the selective
retinotopic representation of tracked objects in the central visual field.
Decreased functional connectivity was also observed between two
nodes within the DMN. Whereas there were minimal group differences
in the other aforementioned edges, this within-DMN edge showed a
marked decrease in connectivity strength for the old group and little
task-related connectivity changes in the young group. Age-related
reductions in DMN connectivity has been widely reported in resting
state (Damoiseaux et al., 2008; Ferreira et al., 2015b; Hafkemeijer
et al., 2012) and task based studies (Chen et al., 2013), however a
recent task-based fMRI study found age differences in DMN connec-
tivity during rest but not during task (Grady et al., 2016).

The most discriminative edges when comparing age groups were
primarily found in nodes involving the DMN and manifested as an age-
related increase in between-network connectivity. Edges connecting
the DAN to the DMN were negatively correlated in younger adults and
positively correlated in older adults across conditions, possibly reflect-
ing an age-related loss in maintaining the anticorrelated relationship
between these networks, as it serves to prevent interference between
internal and external processing of information (Fox et al., 2005). The
FPN is thought to mediate the flexible coupling and decoupling
between these networks based on specific task demands, serving as a
cognitive “switch” by exerting top-down influence on large-scale net-
work reconfiguration (Di and Biswal, 2014). FPN and DMN nodes were
positively correlated in older and negatively correlated in younger
adults, supporting the notion of an age-related decrease in large-scale
network segregation. Relative to the young group, older adults also
showed stronger connectivity in FPN-insula, DMN-sensorimotor and
thalamic-temporal connections, supporting the notion of a system-level
loss of network specificity with advancing age.

Nodewise eigenvector centrality based on the univariate edgewise
effect sizes suggested strongest involvement for group discrimination
in nodes comprising the DMN and DAN, indicating widespread age-
related connectivity alterations in these nodes. Altered network dy-
namics between these interdependent networks is commonly reported
in aging studies (Ferreira et al., 2015a; Spreng et al., 2016) and,

supported by the results from the edgewise connectivity analysis, the
present findings suggests reduced DMN-DAN anticorrelation to be a
signature feature in cognitive aging.

For effects of condition, we found strongest involvement of DAN
and visual nodes, suggesting nodes within these networks to be central
when visually attentive, reflecting dynamic network alterations in
response to task goals. An interaction effect between age and condition
was primarily observed for the DMN, reflecting the role of the DMN as
a connectivity hub, its selective vulnerability to aging effects and
relevance in task processing.

SDSA
More than simple “noise” – brain signal variability has been shown

to reveal biologically relevant brain patterns distinct from mean-based
patterns (Garrett et al., 2010, 2011). We tested effects of group and
condition on the brain network node-level SDSA. Overall, greater SDSA
was observed in more numerous nodes in younger compared to older
participants across conditions. Significant effects of load were most
pronounced in DAN, DMN, frontal and sensorimotor nodes, reflecting
network selective modulation in SDSA with increased load and task
engagement. Contrary to the unidirectional increase in brain signal
variability reported by Garrett et al. (2012), we observed both task-
related increases and decreases changes in variability. In agreement
with our initial hypothesis, that task-positive networks would exhibit
higher signal variation in response to cognitive load, we note that the
node showing strongest load effect represented the canonical DAN, and
SDSA changes manifested as a linear increase in variability with
increasing load for both groups with more variability seen across
conditions for the young group. However, task-induced SDSA de-
creases were also observed for DAN nodes, and similarly, somatosen-
sory nodes also exhibited both increased and decreased SDSA in
response to the MOT task. For DMN and visual nodes, we observed
consistent reductions in signal variability during task. Significant group
differences were found in a frontal pole node where SDSA was greater
for the younger participants, and in three nodes encompassing the
cerebellum where the older group showed greater signal variability.
Interestingly, two previous studies (Garrett et al., 2010, 2011) using a
blocked design, several cognitive tasks and voxel-based signal SD
analyses, also reported an age-related increase in signal variability in
cerebellar regions. The significance of this finding is unknown and
requires further research. A single load by group interaction effect was
found in a DMN node, reflecting greater SDSA at rest for the older
group, with a marked reduction during attentional effort, whilst for the
younger group variability remained unaffected by task demand.

As an index of neural complexity, research into the variability in
temporal signal fluctuations supplements temporal signal synchroni-
city (FC) in understanding the governing principles underlying infor-
mation processing between local and distributed brain networks
(McDonough and Nashiro, 2014). Evidence from developmental
(Bunge, 2009; McIntosh et al., 2008) and aging studies (Garrett
et al., 2010, 2012) suggests that lifespan signal variability changes
follow an inverted U-shaped trajectory with greatest variability ob-
served in early adulthood and lower variability seen in infancy and
senescence, a pattern which is corroborated by recent evidence of
reduced resting-state fMRI dynamic functional connectivity with dis-
ease severity across the Alzheimer's disease spectrum (Córdova-
Palomera et al., 2017). A similar lifespan developmental trajectory
has been described for functional (Wang et al., 2012) and white matter
microstructural properties (Westlye et al., 2009). Along with the results
from the connectivity analyses, the present findings from the SDSA
analysis extend the notion of a strong vulnerability of the DMN to aging
effects, and reveal that age-related network changes can be reflected in
reduced signal variation in addition to previously described findings of
diminished deactivation and decreased FC.
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Strengths and limitations

The current study does not come without limitations. Our findings
should be interpreted in the light of the relatively modest size of our
final sample (n=47). Sample size limits statistical power and thus
reduces both the chance of detecting true effects and the likelihood that
the significant results indeed reflect true effects. We attempted to
overcome this limitation by applying advanced statistics on node and
edge-level and used cross-validated machine learning techniques along
with permutation testing to assess the robustness of our findings. In-
scanner motion is a universal problem in fMRI studies, and the present
study is no exception. Further, in light of a recent study documenting
increased head motion during rest relative to task (Huijbers et al.,
2016), accounting for movement is especially relevant for the present
study. We observed more movement during the task conditions for the
older compared to the younger group, but the reported group differ-
ences in functional connectivity remained largely unchanged when
adding mean estimated motion as an additional covariate. The limita-
tions imposed by a cross-sectional study design are well known, and
large-scale longitudinal studies are needed to establish the dynamic
changes in functional connectivity with increasing age. Finally, BOLD
signal group comparisons rely on the assumption that neurovascular
coupling is similar between the groups; any differences in cerebrovas-
cular dynamics will have an effect on neurovascular coupling and thus
complicate the interpretation of the measured signal (D'Esposito et al.,
2003). This confound is particularly relevant when comparing indivi-
duals on both ends of the adult age spectrum, as vascular changes
accumulate throughout the course of a lifespan. There are several
approaches to estimate differences in vasculature, including breath-
holding induced hypercapnia (which might be poorly tolerated in older
adults) (Lu et al., 2010) and scaling for resting state fluctuation
amplitude (RSFA) along with electroencephalographic (EEG) record-
ings (Tsvetanov et al., 2015). However, vascular alteration is a
ubiquitous feature in the aging brain and it's likely that cognitive
changes are in part caused by age-related changes in vasculature.
Accordingly, the findings in this study should be interpreted in light of
its scope in classifying and describing age differences regardless of
origin, without attempting to disentangle the neuronal effects of age
from the vascular.

Conclusion

Our main findings demonstrate that FC during a constrained
continuous tracking task strongly increases sensitivity to age compared
to the conventional resting-state paradigm, and secondly, that data
obtained during rest and task is more distinguishable in young
compared to older individuals, providing further neuronal support of
the conjecture of cognitive and neuronal dedifferentiation in aging.
Complementary connectivity analyses on node and edge level, as well
as nodal signal variability indices suggests widespread modular dis-
ruptions in distributed brain systems and loss of signal complexity with
advancing age, with a selective susceptibility of the DMN to aging
effects. Further large-scale longitudinal studies are needed to test the
clinical utility for predicting cognitive decline and potential link to
development of dementia, and for assessing the generalization to other
neuropsychiatric disorders. A continuous multiple object tracking task
may yield great value in approaching these goals.
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A B S T R A C T

A cerebral stroke is characterized by compromised brain function due to an interruption in cerebrovascular blood
supply. Although stroke incurs focal damage determined by the vascular territory affected, clinical symptoms
commonly involve multiple functions and cognitive faculties that are insufficiently explained by the focal damage
alone. Functional connectivity (FC) refers to the synchronous activity between spatially remote brain regions
organized in a network of interconnected brain regions. Functional magnetic resonance imaging (fMRI) has
advanced this system-level understanding of brain function, elucidating the complexity of stroke outcomes, as
well as providing information useful for prognostic and rehabilitation purposes.

We tested for differences in brain network connectivity between a group of patients with minor ischemic strokes
in sub-acute phase (n ¼ 44) and matched controls (n ¼ 100). As neural network configuration is dependent on
cognitive effort, we obtained fMRI data during rest and two load levels of a multiple object tracking (MOT) task.
Network nodes and time-series were estimated using independent component analysis (ICA) and dual regression,
with network edges defined as the partial temporal correlations between node pairs. The full set of edgewise FC went
into a cross-validated regularized linear discriminant analysis (rLDA) to classify groups and cognitive load.

MOT task performance and cognitive tests revealed no significant group differences. While multivariate machine
learning revealed high sensitivity to experimental condition, with classification accuracies between rest and attentive
tracking approaching 100%, group classification was at chance level, with negligible differences between conditions.
Repeated measures ANOVA showed significantly stronger synchronization between a temporal node and a senso-
rimotor node in patients across conditions. Overall, the results revealed high sensitivity of FC indices to task con-
ditions, and suggest relatively small brain network-level disturbances after clinically mild strokes.

1. Introduction

Unlike the insidious onset and progressive neurological decline
observed in most neurodegenerative diseases, a cerebral stroke is char-
acterized by instant damage to brain tissue due to a compromise in ce-
rebrovascular blood supply. Although stroke incurs focal damage
determined by the vascular territory affected, clinical symptoms

commonly involve multiple functions and cognitive faculties that are
insufficiently explained by the focal damage alone (Carter et al., 2012;
Ovadia-Caro et al., 2013).

The brain is organized in a network of connected brain regions that
are spatially dispersed, yet functionally linked (Bullmore and Sporns,
2009; Damoiseaux et al., 2006; Power et al., 2011; Van Den Heuvel and
Pol, 2010), thus even a well localized stroke can give rise to a complex
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clinical picture of symptoms owing to the highly interconnected orga-
nization of the cerebral cortex. Contemporary brain network connectivity
models go beyond traditional lesion-symptom mapping, and advanced
imaging techniques like functional magnetic resonance imaging (fMRI)
can be used to capture disruptions of connectivity following stroke. fMRI
has shown great promise in probing alterations in brain activity for a
range of neurodegenerative (Cordova-Palomera et al., 2017; Dickerson
et al., 2016; Paulsen et al., 2004) and neuropsychiatric (Kaufmann et al.,
2015; Skåtun et al., 2016; Yu et al., 2015) conditions. These techniques
may provide novel understanding of brain function, and potentially,
clinical information used to predict patient recovery, outcome and aid in
tailoring individual rehabilitation strategies.

Functional connectivity (FC) refers to the temporal correlation of
blood-oxygen-level dependent (BOLD) signal between brain regions
(Hampson et al., 2002). Resting state fMRI has revealed the brain to be
organized into functional networks of distributed brain systems, where
an orchestra of synchronous activity underlies even the simplest behav-
iors (Van Den Heuvel and Pol, 2010). Task based fMRI studies have
shown that functional connections at rest are similarly engaged during
various cognitive tasks (Raichle, 2010; Smith et al., 2009) and the in-
crease in joint BOLD activations in spatially dispersed brain regions has
revealed networks engaged during attention (Alnæs et al., 2015; Szcze-
panski et al., 2013), working memory (Compte et al., 2000), language
(Ferstl et al., 2008) and motor task (Hanakawa et al., 2008), as well as
various other cognitive operations.

Most studies relating the effect of stroke on fMRI-based FC to
behavioral deficits have used unconstrained resting state data. Siegel
et al. (2016) showed that FC was superior in predicting certain memory
deficits, whilst visual and motor impairments were best predicted by
lesion topography. Attention and language deficits were well predicted
by both. He et al. (2007) demonstrated that the severity of spatial neglect
was correlated with the degree of disruption within the contralateral
attention network connectivity.

The present work builds on a previous study that examined age dif-
ferences in functional connectivity in healthy controls during 1) an un-
constrained resting-state condition and 2) two load levels of a
constrained multiple object tracking (MOT) task (Dørum et al., 2017).
Briefly, our previous findings demonstrated that a machine learning
approach based on FC resulted in robust discrimination between a group
of younger and a group of older healthy participants, as well as between
states of rest and effortful attention, with higher sensitivity to age group
observed during continuous tracking compared to resting state. In the
present study, we aim to apply a similar prediction model on data from
44 patients with stroke and 100 healthy controls, in order to test whether
the functional brain data alone would be sufficient to accurately identify
the stroke patients, and whether the group classification varied between
load levels. We also investigated edge-level main effects of experimental
condition and group, as well as their interactions, using repeated mea-
sures ANOVA. Lastly, since edge-level FC ultimately reflects nodal signal
changes, temporal activity on node-level was probed by computing the
standard deviation of signal amplitude (SDSA) (Garrett et al., 2010).
Brain signal variability reflects neural complexity and the ability to
dynamically transition between a range of network states (Garrett et al.,
2011), and a reduction in signal variability has been reported with
advancing age (Grady and Garrett, 2014), in patients with schizophrenia
(Kaufmann et al., 2015), and in acute stroke patients (Zappasodi et al.,
2014), indicating global loss of complexity and neurological dysfunction.

Based on the studies reviewed above and current models of brain
network dysfunction after stroke, we hypothesized 1) that multivariate
classification would yield robust discrimination between a group of sub-
acute stroke patients and healthy controls, as well as between states of
rest and task engagement. Next, we anticipated that 2) FC during task
would yield higher classification accuracywhen classifying between stroke
patients and healthy controls. We accompanied the multivariate analyses
with edgewise repeated measures ANOVAs to test for effects of group, task
condition (rest, L1, L2) and their interactions. Lastly, we hypothesized 3)

decreased SDSA for stroke patients compared to healthy controls, with
group differences more prominent during task compared to rest.

2. Methods and material

2.1. General study design

In this cross-sectional study, stroke patients and healthy controls
underwent MRI examination, including a resting state and task-based
functional image acquisition as well as cognitive and neuropsychologi-
cal assessment.

2.2. Study material and recruitment procedures

Patients were recruited from the stroke units at Oslo University hos-
pital (OUS), Diakonhjemmet hospital and Bærum hospital, Norway. In-
clusion criteria were: (i) age 18 or older, (ii) clinically and radiologically
documented stroke of ischemic, hemorrhagic or subarachnoid origin, (iii)
time of enrolment within 14 days of admittance. Exclusion criteria were:
(i) clinical condition of impaired consciousness leading to inability to
actively participate and maintain wakefulness psychiatric condition (e.g.
schizophrenia, bipolar disorder) as well as alcohol or substance abuse
that potentially could impact the interpretation of the behavioral/im-
aging data, (iii) contraindication for MRI including incompatible metal
implants, claustrophobia or pregnancy.

Clinical assessment quantifying stroke severity was performed ac-
cording to the National Institute of Health Stroke Scale (NIHSS) at the
respective stroke units by an attending physician specialized in internal
medicine, neurology or geriatric medicine at the time of discharge.
Cognition was assessed using the Montreal Cognitive Assesment (MoCA)
test after the patients were clinically stable and before discharge. The
ischemic strokes were classifyed according to the TOAST classification
(Adams et al., 1993). The patients were treated in accordance with na-
tional guidelines (Helsedirektoratet, 2017).

Healthy controls were recruited from social media and newspaper
ads. Inclusion criteria were: (i) age 18 years or older, (ii) absence of
neurologic, psychiatric condition as well as alcohol or substance abuse,
(iii) abnormal radiological findings requiring medical follow-up (e.g.
silent stroke, tumor). From a pool of 341 healthy controls recruited to a
parallel study (Richard et al., 2018), we selected n¼ 100 adults based on
a group-level matching with the patient sample with regards to age, sex,
education and handedness.

Written informed consent was obtained from all participants, and the
Regional Committees for Medical Research Ethics South East Norway
approved the study protocol.

2.3. MRI acquisition

MRI scans were obtained using a General Electric Medical Systems
(Discovery MR750) 3.0T scanner with a 32-channel head coil at Oslo
University Hospital. fMRI data was acquired with a T2*-weighted 2D
gradient echo planar imaging sequence (EPI) (TR: 2250 ms; TE: 30 ms; FA:
79�; voxel size: 2.67� 2.67� 3.0mm; slices: 43; FOV: 96� 96� 129mm.
We collected 200 volumes for the resting-state condition and 152 volumes
for the two MOT load conditions, after discarding the first five volumes.
We collected a structural scan using a sagittal T1-weighted fast spoiled
gradient echo (FSPGR) sequence (TR: 8.16ms; TE: 3.18ms; TI: 450ms; FA:
12�; voxel size: 1.0 � 1.0 � 1.0 mm; slices: 188; FOV: 256 � 256 � 188
mm; duration: 288 s), and a T2-FLAIR (TR: 8000 ms; TE: 127 ms, TI: 2240;
voxel size: 1.0 � 1.0 � 1.0 mm; duration 443 s) for lesion demarcation.

2.4. fMRI paradigms

Participants underwent one resting state run and three versions of
MOT, including one blocked and two continuous tracking runs, per-
formed in the MRI scanner during the same session (Alnæs et al., 2015).
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Here we report results from the resting-state and the two continuous load
conditions. The level of attentional demand was set at two load condi-
tions – load 1 (L1) and load 2 (L2) requiring the participants to track one
or two targets, respectively. We restricted the load level to 2 to ensure
that both groups were able to perform at a high level.

The task was presented on a calibrated MR-compatible LCD screen
(NNL LCD Monitor®, NordicNeuroLab, Bergen, Norway) with a screen
resolution of 1920 � 1080 at 60Hz, placed in front of the scanner bore.
The experimental set-up and technical specifications were performed as
described in a previous publication (Alnæs et al., 2015).

Each participant performed two runs of continuous MOT task, one
with tracking load of 1 object, and the other with 2 objects. Each
continuous tracking block lasted 7.5 min and contained 14 trials.
Detailed outline of the task is described in our previous study (Dørum
et al., 2017). Briefly, 10 identical blue objects were presented on a grey
background screen, and after another 0.5 s the objects started moving.
The first cued object(s), or target(s), turned red after the first 0.5 s, and
remained red for a duration of 2.5 s. The tracking period lasted on
average 32 s (range, 27–37) after which the participants were instructed
to respond to a probe (green object), “yes” or “no” to whether the green
probe was one of the objects originally designated as a target, before a
new target assignment took place. The participants were instructed to
fixate on a central fixation point during the length of the run. Accuracy
and reaction times were recorded.

2.5. Lesion demarcation

Individual lesions were defined based on visible damage and
hyperintensities on FLAIR images as well as guided by independent
neuroradiological descriptions using DWI/FLAIR images. The lesions
were semi-automatically delineated in native space using the Clusterize
toolbox (de Haan et al., 2015) used with SPM8, running under Matlab
R2013b (The Mathworks, Inc., Natick, MA). The FLAIR images were
registered with the high-resolution T1 images using a linear trans-
formation with 6 degrees-of-freedom. Subsequently, each T1 image was
registered to the MNI152 standard space by computing 12
degrees-of-freedom linear affine transformation. To obtain each regis-
tered lesion mask in standard space, the native-to-standard trans-
formation matrices were applied using the nearest neighbor
interpolation. Figure 1 shows a probabilistic lesion heat-map displaying
lesion overlap across patients.

2.6. fMRI analysis

FMRI data was processed on single-subject level using the FMRI
Expert Analysis Tool (FEAT) from the FMRIB Software Library (FSL)
(Smith et al., 2004) including spatial smoothing (FWHM ¼ 6 mm),
high-pass filtering (sigma ¼ 64 s), motion correction (MCFLIRT) and

single-session independent component analysis (ICA) using MELODIC
(Beckmann and Smith, 2004). In-scanner motion was calculated as the
average root mean square of the displacement from one frame to its
previous frame for each dataset.

We used FSL FIX (FMRIB's ICA-based Xnoisefier) (Salimi-Khorshidi
et al., 2014) to identify and remove noise components at the individual
level (standard training set, threshold: 20), and regressed out the esti-
matedmotion parameters fromMCFLIRT from the voxel-wise time series.

Next, we employed a group-level PCA approach (Smith et al., 2014) in
MELODIC to estimate group-level spatial maps representing the nodes in
our networks. We used a model order of 40 and discarded 10 noise
components based on the spatial distribution of the component maps
and/or the frequency spectrum of the components' time series (Kelly
et al., 2010), resulting in a final set of 30 components (see Figure 2).
Next, the full set of spatial maps from the group analysis was used to
generate subject-specific versions of the spatial maps, and associated
timeseries, using dual regression (Nickerson et al., 2017). First, for each
subject, the group-average set of spatial maps is regressed (as spatial
regressors in a multiple regression) into the subject's 4D space-time
dataset. This results in a set of subject-specific timeseries, one per
group-level spatial map. Next, those timeseries are regressed (as temporal
regressors, again in a multiple regression) into the same 4D dataset,
resulting in a set of subject-specific spatial maps, one per group-level
spatial map. Here, in order to remove common variance with the
lesion, we included the segmented lesion mask as an additional compo-
nent in individual dual regression runs.

After discarding the estimated time-series from the lesion, we used
the components’ time series for network modeling (Smith et al., 2011).
Here, the spatial maps are considered nodes in an extended brain
network, and the edges are defined as the temporal correlation between
each pair of nodes. Based on our previous work (Kaufmann et al., 2016),
we estimated the temporal correlations using regularized partial corre-
lations with an automated lambda estimation (Brier et al., 2015; Ledoit
and Wolf, 2003). For each individual, this approach resulted in 435
unique edges, each reflecting the strength of a node-by-node connection
represented as indexed by the regularized correlation coefficient from the
current network modeling approach, which were submitted to further
group-level univariate and multivariate analyses (see below).

For each dataset, we also computed the individual level SDSA of each
component's time series as a measure of nodal volatility or strength
(Garrett et al., 2010; Kaufmann et al., 2015).

2.7. Statistical analysis

Demographics, behavioral and clinical data were analyzed in SPSS
(IBM_Corp, 2010). Between-group differences were assessed using Chi
square tests (sex distribution) and linear models (age, neuropsychologi-
cal performance, MOT task performance).

Figure 1. Probabilistic lesion heat-map across all stroke patients with coordinates in MNI-space. Colors towards the yellow range indicate higher degree of lesion
overlap across the stroke group.
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In order to assess the predictive value of the FC measures on the
individual level we employed a multivariate machine learning
approach based on our previous work (Alnæs et al., 2015; Dørum et al.,
2017). We used the network edges to classify task condition across and
within groups, and also classified group (case/control) across and
within task conditions, using a regularized linear discriminant classifier
(shrinkage LDA) (Friedman, 1989; Sch€afer and Strimmer, 2005). To
avoid bias due to the uneven group sizes, we performed the group
classification within a nested loop of 100 iterations, in which we each
time randomly picked healthy controls to match the sample size of the
patient group. The robustness of the models was assessed using
leave-one-out cross-validation to avoid overfitting and permutation
testing across 10,000 iterations to compare the predictive value to
empirical null distributions.

In order to assess the univariate associations at the edge level, we
performed repeated measures ANOVA to test for effects of group, task

condition (rest, L1, L2) for each edge, and their interactions. We
computed edgewise F-stats and adjusted the alpha level using false dis-
covery rate (FDR) for each test separately with an FDR level q¼ 0.05 and
a threshold based on the assumption of independence or positive
dependence (Nichols, 2009; Nichols and Hayasaka, 2003).

3. Results

3.1. Sample descriptives

We included 44 patients with ischemic stroke in the present analyses.
Of the 54 patients initially enrolled in the study, 10 were excluded (3
were diagnosed with diseases other than stroke, 3 had stroke-related
visual and/or motor impairments rendering them incapable of perform-
ing the MOT task, 4 were unable to complete the MRI protocol and/or the
neuropsychological tests). Table 1 provides individual patient level

Figure 2. The 30 networks derived from the ICA numbered from top left to bottom right. The color scale refers to z-scores, and all maps were thresholded at z > 3.
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information regarding lesion location, stroke classification and days be-
tween stroke incident and MRI scan.

Table 2 summarizes key demographics, neuropsychological data and
MOT performance for both groups, as well as stroke severity for the pa-
tient group as assessed by NIHSS. There were no significant group dif-
ferences in any demographic variables, MoCA scores or MOT
performance between patients and healthy controls.

3.2. Group difference in head motion

Independent samples t-tests revealed no significant difference in
motion during rest [mean (SD)controls ¼ .09 (.05), mean (SD)patients ¼ .11
(.08), t ¼ -1.54 p ¼ .13]; during L1 [mean (SD)controls ¼ .11 (.08), mean
(SD)patients ¼ .13 (.09), t ¼ -1.50, p ¼ .14]; and during L2 [mean
(SD)controls ¼ .14 (.14), mean (SD)patients ¼ .15 (.09), t ¼ -.65, p ¼ .52].

3.3. Classification analysis

Figure 3 shows the confusion matrices from all classification analyses.
The algorithm distinguished resting state from both load conditions with
high accuracy (mean classification accuracy across groups: 95.83%, pperm
< .0001, chance level ¼ 30%). Classification of load conditions revealed
minimal group differences, specifically L1 yielded slightly higher accu-
racy in the control group (L1: 67% pperm < .0001) than in the stroke
group (L1: 61.36%, pperm < .0001), for load condition L2 classification
accuracy was slightly higher for the stroke group (L2: 63.64%, pperm <

.0001) than the healthy control group (L2: 58.00%, pperm < .0001).
We further trained the classifier to distinguish stroke patients from

healthy controls based on data from resting state or each of the two load
conditions separately. Briefly, classification performance was low, and,
except for stroke group accuracy at L2, none of the classification tasks

Table 1. Patient sample with classification according to TOAST, lesion location, lesion size and days between stroke incident and MRI scan.

Patient Lesion classification Lesion location Lesion size (in mm3) Days between stroke and MRI

1 Cardioembolism Right temporooccipital cortex 25592 5

2 Large artery atherosclerosis Right cerebellum 1216 1

3 Cardioembolism Right sided subcortical stroke 36624 3

4 Small vessel occlusion Left corona radiata 167416 8

5 Large artery atherosclerosis Right precentral gyrus, right external capsule and left postcentral gyrus 3176 3

6 Large artery atherosclerosis Right frontoparietal cortex 10808 6

7 Cardioembolism Right cerebellum 15232 2

8 Large artery atherosclerosis Pons 4664 5

9 Large artery atherosclerosis Left frontoparietal cortex 7560 8

10 Large artery atherosclerosis Right occipital cortex 7480 8

11 Small vessel occlusion Right basal ganglia 1336 8

12 Large artery atherosclerosis Left cerebellum 9680 11

13 Large artery atherosclerosis Left cerebellum 6072 8

14 Large artery atherosclerosis Left occipital cortex 7256 13

15 Large artery atherosclerosis Right middle frontal gyrus 1456 23

16 Large artery atherosclerosis Right frontal cortex 5000 5

17 Cardioembolism Right frontoparietal cortex 15904 2

18 Cardioembolism Left occipital cortex 3584 8

19 Cardioembolism Left centrum semiovale 2736 7

20 Small vessel occlusion Right basal ganglia 20128 7

21 Stroke of undetermined etiology Left parietal cortex 5584 12

22 Large artery atherosclerosis Left frontal cortex 19624 17

23 Cardioembolism Multiple emboli in right frontotemporoparietal cortex 27848 6

24 Large artery atherosclerosis Right occipital cortex 2392 7

25 Large artery atherosclerosis Three cortical and subcortical emboli left hemisphere 21624 11

26 Small vessel occlusion Left external capsule 1160 7

27 Small vessel occlusion Left thalamus 1736 4

28 Cardioembolism Right precentral gyrus 19384 8

29 Small vessel occlusion Right internal capsule 9720 11

30 Cardioembolism Right cella media 13944 9

31 Small vessel occlusion Right cerebellum 15432 11

32 Cardioembolism Medulla oblongata 2240 11

33 Small vessel occlusion Right cerebellum 12520 9

34 Small vessel occlusion Pons and left splenium of corpus callosum 5712 6

35 Small vessel occlusion Left caudate nucleus 93752 2

36 Cardioembolism Left insula and left corona radiata 10432 11

37 Cardioembolism Left temporal cortex 5072 8

38 Small vessel occlusion Bilateral cerebellum 12840 12

39 Small vessel occlusion Left temporooccipital cortex 19096 16

40 Small vessel occlusion Medulla oblongata and multiple frontoparietooccipital emboli 1552 6

41 Small vessel occlusion Pons 10712 7

42 Stroke of undetermined etiology Right postcentral gyrus and middle frontal gyrus 2504 5

43 Small vessel occlusion Left corona radiata 6152 8

44 Small vessel occlusion Left internal capsule 6728 9
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performed substantially better than chance level as estimated using
permutation testing. Using resting state data, we achieved 47.09 %
classification accuracy for identifying the stroke group (pperm ¼ .67) and
55.86% accuracy for identifying healthy controls (pperm ¼ .08). Accuracy
when using L1 was 50.3% (pperm ¼ .40) and 47.02% (pperm ¼ .68) for the
stroke and healthy control group, respectively. Accuracy using L2 was
50.75% (pperm < .36) for patients and 56.84% (pperm ¼ .04) for controls.

3.4. Edgewise univariate analysis

Figure 4 and Figure 5 summarize the results from the repeatedmeasures
ANOVA testing for A) main effect of condition, B) main effect of group and
C) group by condition interaction effect. Repeated measures ANOVA

revealed 210 edges showing significant main effect of condition. The edges
showing strongest effect of condition were observed between nodes 14–20
(visual-DMN;F¼122.62, p< .001),nodes1–7 (DAN-left frontoparietal; F¼
119.53, p< .001), nodes 1–16 (DAN-supramarginal gyrus; F¼ 117.76, p<
.001), nodes 1–27 (DAN-sensorimotor; F ¼ 113.56, p < .001) and nodes
10–13 (right sensorimotor-DMN; F ¼ 96.78, p < .001).

Among 41 edges showing nominally significant group differences,
one edge remained significant after correction for multiple comparisons
(p < .05, adjusted using FDR). The significant edge connected nodes 23
and 27 (temporal-sensorimotor; F¼ 23.08, p< .001), and showed a task-
dependent increase in connectivity strength for both groups, with
significantly higher connectivity in the stroke group during resting state
and both task loads.

Table 2. Demographics, stroke severity, and neuropsychologic performance. Standard deviations in parentheses.

Stroke Healthy controls X2/ t p

N 44 100

Age 63.11 (14.8) 63.12 (11.2) t ¼ .00 .99

Age range 34–87 35–81

Percent male 75.0 60.0 X2 ¼ 3.00 .08

Percent righthanded 92.0 90.90 X2 ¼ .48 .83

Years of education 15.18 (2.0) 15.82 (2.9) t ¼ 1.52 .13

MoCA 26.91 (2.6) 27.65 (1.7) t ¼ 1.75 .09

NIHSS .73 (1.17) NA

MOT accuracy L1 77.7 (24.9) 84.0 (24.0) t ¼ 1.42 .16

MOT response time L1 1.13 (0.2) 1.16 (0.2) t ¼ .66 .51

MOT accuracy L2 66.5 (23.9) 71.7 (23.5) t ¼ 1.22 .23

MOT response time L2 1.17 (0.3) 1.22 (0.2) t ¼ 1.04 .30

Figure 3. Confusion matrices from various classification tasks. A) Classification of the three conditions (rest, L1 and L2) within the stroke group, the healthy control
group and across groups. B) Classification of the two groups (stroke and healthy controls) within resting state, load 1 and load 2.
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18 edges showed nominally significant group by condition in-
teractions, however none survived FDR correction.

3.5. SDSA

Figure 6 visualizes the results of the nodewise SDSA analysis.
Repeated measures ANOVA revealed a significant (p < .05, FDR cor-
rected) main effect of condition for 19 nodes. Strongest effect of condi-
tion was observed in node 20 [(inferior frontal gyrus), F ¼ 205.96, p <

.001], node 15 [(DAN), F ¼ 150.00, p < .001], node 13 [(DMN), F ¼
104.98, p< .001], node 24 [(cerebellum), F¼ 57.85, p< .001] and node
23 [(temporal lobe), F¼ 48.64, p< .001]. Briefly, the frontal gyrus, DAN,
DMN and temporal lobe nodes showed a task-related decrease in signal
variability whereas a task-related increase was observed in the cerebellar
node. FDR adjustment revealed no significant main effects of group and
no significant interaction between group and condition on node-wise
SDSA.

4. Discussion

Identifying sensitive imaging markers for early evaluation of severity
and prognosis is important for improving patient stratification and
personalized approaches in stroke care. In an attempt to classify patients
with sub-acute strokes from healthy controls, we used fMRI-based brain
network approaches to estimate indices of brain functional connectivity
during an unconstrained resting state, and during two load levels of a
multiple object tracking task. In line with our previous studies (Dørum
et al., 2017), the classification analysis successfully distinguished be-
tween resting state and attentive tracking, with accuracies approaching
100% across groups. Despite the high sensitivity to experimental condi-
tion, and contrary to our initial hypothesis, the algorithm was not able to
robustly distinguish between patients and healthy controls. Based on a
notion of effort-dependent aberrations in brain functional organization,
we had anticipated that increasing cognitive demand would increase the
ability to discriminate between groups, however, the results did not

Figure 4. Edgewise repeated measures ANOVA. A) Main effect of condition, B) Main effect of group, C) Group by condition interaction effect. Red-crossed boxes
denotes FDR-significant edges; white-crossed boxes denote nominally significant (p < .05) edges.

Figure 5. Differences in functional connectivity for stroke patients (blue) and healthy controls (green) during the three conditions for A) the 10 edges showing
strongest effect of condition and B) the single edge showing FDR-significant group effect. The values on the y-axes represent the strength of the relevant node-by-node
connection, as indexed by the regularized correlation coefficient from the current network modeling approach.
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support this hypothesis as increasing load levels had negligible effect on
classification accuracy.

The results obtained using machine learning based classification were
largely supported by the univariate edgewise analyses. Edge-level find-
ings revealed strong main effects of condition on a range of edges, only
one edge showing significant main effects of group, and no significant
interactions between group and condition. The strong effects of experi-
mental condition were corroborated in our node-wise analysis, showing
robust modulation of task condition on SDSA in 19 of the 30 nodes, but
no significant group differences.

In our previous study (Dørum et al., 2017), multivariate classification
using the full set of FC indices yielded robust discrimination between
groups of younger and older healthy adults as well as between states of
rest and task engagement, thus providing a sensitive framework in which
to explore age-related changes in neurobiology and their interactions
with cognitive states. Correspondingly - employing the same classifica-
tion analysis - we expected to find robust discrimination between a group
of stroke sufferers and healthy adults. Whereas results in this study
indicate high accuracy when classifying between resting state and two
levels of attentional demand; group discrimination performed at

chance-level. Machine learning and pattern recognition algorithms
enable the capture of multivariate associations beyond traditional uni-
variate analyses and are thus sensitive to differences in spatially
distributed patterns of FC, which may serve as noninvasive biomarkers
for disease. This methodological approach is congruent with the
contemporary view of the brain as an integrative network, and has
proven sensitive to distinguish group differences in multiple disease
states (Arbabshirani et al., 2013; Craddock et al., 2009; Plitt et al., 2015).

Considering the dependency of FC on cognitive context, we hypoth-
esized that a constrained cognitive task paradigm would comprise a more
sensitive context for the study of brain network alterations after a cere-
bral stroke. In our previous study (Dørum et al., 2017), we found this
paradigm to increase classification accuracy between a group of older
and a group of younger healthy adults, and thus we expected to find a
similar trend in classifying between a group of stroke patients and a
matched cohort of healthy adults. Results did not support this hypothesis,
however, as group classification accuracy revealed no substantial dif-
ferences from resting-state to the two load levels of the attention task.

It is possible that the poor group discriminability can be partly
explained by the relative high functioning of the stroke sample. The

Figure 6. Visualization of nodewise SDSA for the 30 non-noise components for stroke patients (blue) and healthy controls (green) during resting state and two load
levels of the continuous tracking task.
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inherent demands of the study biased patient selection towards less
clinically severe strokes – reflected in an average NIHSS score below 1.
Further, although healthy controls on average performed better than the
stroke group in the cognitive assessment tests as well as during both load
levels of the MOT-task, as indexed by response accuracy, these group
differences were not found to be statistically significant. Thus, neuro-
psychological data corroborated the classification analyses with results
indicating that clinically mild strokes may result in minimal behavioral
and neural network-level effects beyond the area of the lesion. Another,
not mutually exclusive aspect of the patient sample is a high level of
premorbid functioning. It is possible that patients with higher cognitive
capacity are more motivated and able to participate compared with the
general stroke population, and that mechanisms related to their pre-
morbid functioning are involved in explaining the apparent null effect.
This hypothesis needs to be tested in future studies including lower
functioning patients.

Multivariate analysis revealed chance-level discrimination between
the stroke group and the healthy controls. Univariate repeated measures
ANOVAs probing group differences revealed a significant main effect of
group in an edge connecting a temporal and a sensorimotor node where
connectivity strength was stronger in the stroke patients than the healthy
controls.

Whereas group differences were subtle, a strong network response
was observed across groups when participants were engaged in state of
effortful attention. The repeated measures ANOVA identified significant
main effects of task condition in several edges. The DAN was the network
mostly implicated, showing a task-related reduction in connectivity with
nodes in the somatosensory, supramarginal and fusiform cortices, as well
as a task-related increase in connectivity with a left-lateralized fronto-
parietal node. Indicating reduced temporal coherence between task-
relevant and task-irrelevant networks and stronger coherence within
task-relevant networks when participants were in a state of effortful
attention. Our analyses revealed no significant interactions between
group and task condition, suggesting similar task modulation in FC in the
two groups.

Using a similarly heterogenous sample of stroke patients 1–2 weeks
post-stroke incident, Baldassare et al. (2014) found an association be-
tween severity of post-stroke deficits and reduction in interhemispheric
FC between the DAN and sensorimotor networks as well as higher FC
between the usually anticorrelated DAN and DMN. Negative correlation
between the internally oriented DMN and the externally focused DAN
suggests a competitive relationship between these networks, and reduced
anticorrelation or node differentiation has been observed in advancing
age (Dørum et al., 2016), Alzheimer's Disease (Weiler et al., 2017) and
Parkinson's Disease (Baggio et al., 2015), and might thus reflect neural
network degeneration.

Brain signal variability facilitates transition between network con-
figurations and reflects neural network adaptability and efficiency to
respond to a greater range of stimuli. Lifespan developmental trajectories
conform to an inverted U-shaped curve with less variability in the ex-
tremes of age and higher variability during adulthood (Garrett et al.,
2010; McIntosh et al., 2008) similar to the quadratic trajectories
observed for a range of cerebral health measures such as white matter
properties (Westlye et al., 2010; Yeatman et al., 2014) and network
modularity (Zuo et al., 2017). Studies have reported a positive associa-
tion between BOLD signal variability and superior, as well as more
consistent performance on a range of cognitive tasks (Garrett et al., 2011,
2012). Thus, we hypothesized higher signal variability for healthy adults
compared to stroke patients, reflecting healthier neural dynamics.
However, commensurate with edge-level results, our findings revealed
no significant group differences in nodal signal variability, further
corroborating the notion that clinically mild strokes yield minimal
whole-brain neuronal effects.

Whereas group differences were indiscernible, task effects were
substantial, reflected in 19 out of 30 nodes showing significant task
modulation on node SDSA. Strongest effects were observed in task-

positive frontoparietal networks and the task-negative DMN, as well as
the cerebellum. The effects of task were consistent with findings in our
previous study, where we observed both task-induced increases and de-
creases in signal variability for task-positive nodes, and a uniform
decrease in SDSA for the DMN.

The present study should be interpreted with certain considerations
in mind. The lack of discernable FC alterations between stroke patients
and healthy controls might in part be explained by the patient recruit-
ment procedure, specifically the lengthy and demanding task-fMRI
session requisite for study participation. Considerable demand was
placed on the patients having intact cognitive, motor and visual func-
tions shortly following the stroke incident. As a result, the final patient
selection did not reflect a representative cross-section of stroke patients
admitted to stroke wards, but rather patients with clinically mild strokes
which were exclusively of ischemic etiology, as ischemic strokes are
both more common and less debilitating than hemorrhagic strokes
(Andersen et al., 2009). Further, the stroke patients had lesions of
heterogenous size and localization, which could lead to effects in the
patient group being averaged out and induce variability and bias in the
group ICA. To remove common variance with the lesion proper on the
network modeling, the individual lesion masks were included as an
additional component in the dual regression run which estimated the
time series for each node. Hence, the time series that went into the
network modeling were independent of the time series of the lesion. A
possible methodological explanation for the absence of significant group
differences is the dimensionality of the networks derived from the ICA.
We estimated networks at a model order of 40 components. The ability
to detect group differences in FC may vary as a function of ICA model
order (Abou Elseoud et al., 2011), and future studies in larger samples
may be able to test the sensitivity to group differences across a range of
model orders. Results in this study should be interpreted with care as
even mild strokes induce a cascade of neurobiological responses. The
absence of group findings on node and edge-level as well as behavioral
tests does not infer an absence in neurobiological differences, but reflect
the relative insensitivities of the analyses techniques and suggests that
for a select subset of patients, the immediate effects of a cerebral stroke
can be slight.

In conclusion, the main findings in this study demonstrate that FC
patterns between a group of sub-acute stroke patients and a group of
healthy controls were indiscernible using multivariate machine learning
classification. While we observed high classification accuracy between
data obtained during an unconstrained resting state and data obtained
during a constrained attentive tracking task, this increase in cognitive
demand did not yield an increase in group classification accuracy.
Complimentary node-level analyses corroborated the edge-level findings
converging on minimal whole-brain neuronal effects of clinically mild
ischemic strokes.
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