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ABSTRACT 

The world’s population is aging at a rapid rate and healthcare costs on society 

are expected to increase significantly. A primary concern of older adults is loss of 

independence, which is often driven by mobility decline. However, despite 

previous work, there is still unexplained variance in physical function of older 

adults. Interestingly, about 30% of older adults show no cognitive or physical 

deficits despite increased pathologic burden within the brain. Physical resilience 

with age is now considered a key feature of healthy aging, but our understanding 

of the development of and mechanisms of resilience are limited. Neuroimaging 

studies, functional brain networks studies in particular, offer unique opportunities 

to study mobility decline and physical resilience within the brain even prior to the 

irreversible accumulation of structural pathology. This dissertation uses data from 

the Brain Networks and Mobility (B-NET) to investigate three important gaps in 

the current literature. The study in Chapter 2 aimed to characterize the effect of 

motor imagery (MI) on graph theory brain network architecture in an effort to 

expand the number of techniques available to study the neural correlates of 

mobility. Our overall hypothesis was that resilient individuals would display shifts 

in functional connectivity when compared with their non-resilient counterparts. 

Analyses in Chapter 3 assessed differences in functional connectivity between 

resilient and non-resilient individuals grouped by scores of the short physical 

performance battery (SPPB) and white matter hyperintensity (WMH) volume. 

Finally, Chapter 4 expanded upon Chapter 3 by examining differences in 

functional connectivity between resilient amyloid positive (Aβ+) individuals and 
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those who are amyloid negative (Aβ-). We first identified pathology-specific 

effects on the consistency of sensorimotor community structure (SMN-CS) such 

that Aβ accumulation resulted in decreases in consistency, despite no decrease 

in mobility scores, while no significant effect of WMH volume was observed. We 

then characterized a potentially resilient-specific mechanism across Chapters 3 & 

4 where resilient participants displayed a unique pattern of second-order 

connections from the SMN to the anterior cingulate cortex (ACC). To our 

knowledge, these are the first studies to characterize the neural mechanisms of 

physical resilience and provide a theoretical framework to study resilience using 

physical function, brain structure, and functional connectivity. 
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The Aging Population and Mobility 

The growth of the world’s aging population has been accelerating at an 

unprecedented rate. Approximately 11% of the world’s population is currently 

over the age of 60 with that number expected to grow to 22% by the year 2050 

[1]. Additionally, the number of those aged 80 or older is expected to triple in the 

same period of time [2]. With an increase in the average human life expectance, 

it is imperative that research focuses on methods to extend ‘healthspan’ to allow 

older adults to maintain independence and high quality of life throughout their 

lifespan. Loss of independence is one of the biggest concerns among older 

adults [4] and a primary contributor to quality of life. Maintaining health is also 

key to controlling health care costs due to an increased prevalence of 

comorbidities, disability, and mortality rates [3]. A core feature of the ability to 

maintain independence is the maintenance of mobility with age [4]. However, it is 

projected that more than 20 million older adults in the US alone will suffer from 

mobility impairment by the year 2040 [5]. Consequently, developing a deeper 

understanding of the correlates of mobility and disability is critical to develop 

strategies to lengthen the healthy lifespan.  

Physical Function and Cognition  

In addition to mobility decline, age-associated declines in cognition have 

long been observed and accepted as limiting independence and decreasing 

quality of life for older adults [6]. However, it is only recently appreciated that 

declines in mobility and cognition are often linked. One example is processing 

speed assessed using the Digit Symbol Coding (DSC) task, which has been 
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consistently associated with slower gait speed [7, 8]. Declines in mobility and gait 

have also been associated with declines in executive function [9-11]. 

Temporally, declines in mobility appear to precede decreases in cognition 

[12, 13]. More specifically, lower extremity function declines in older adults have 

been shown to accelerate up to 12 years before the onset of mild cognitive 

impairment and dementia [14]. Consequently, changes in gait could be an early 

marker of disease or may be predictive of future cognitive decline. This is 

especially important, as current cognitive examination measures are not as 

sensitive at predicting disease severity and future decline [15]. Beyond cognitive 

impairment, impairments in mobility have been shown to predict risk for mortality 

and other adverse outcomes in older adults [16, 17]. Therefore, addressing and 

understanding age-related declines in mobility may assist in preventing not only 

cognitive decline but also other adverse outcomes.  

Cognitive Resilience  

Recently, a variety of constructs were proposed to account for the 

disjunction between pathologic load in the brain and clinical symptoms of 

cognitive decline [18, 19]. For example, there are instances where higher 

burdens of white matter disease are found in cognitively normal individuals [20]. 

Additionally, approximately 30% of older adults with amyloid beta (Aβ) 

accumulation present with no clinically detectable cognitive deficits [21]. In this 

context, resilience is defined as the capacity of a system to maintain or regain 

function following a challenge. Resilience may be considered the opposite of 

vulnerability and, importantly, is reduced with aging. In an attempt to explain this 
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paradox of resiliency, researchers have invoked constructs such as reserve, 

compensation, and maintenance [19]. 

Because much of the early work involved reserve in the context of 

cognition, brain reserve and cognitive reserve were two of the earliest targets of 

researchers. Brain reserve, otherwise referred to as ‘neurobiological capital’, 

implies that individual differences in brain structure allow some individuals to 

more effectively compensate for damage or pathology than others [18, 19, 22, 

23]. Brain reserve can be considered a “passive model” in which a larger brain, 

due to its increased resources compared to its counterparts, can sustain more 

damage before clinically detectable symptoms arise [24]. In this model, a certain 

pathologic threshold would need to be passed before functional decline begins to 

occur [25]. Typical measures indicative of brain reserve could include brain 

volume, head circumference, or synaptic count. 

Cognitive reserve, on the other hand, is a more “active model” in which 

cognitive and brain networks are more adaptable and flexible allowing the brain 

to actively resist the deleterious effects of age and pathology [18, 19, 23]. 

Cognitive reserve could present as functional brain networks that are more 

efficient or have higher capacity. For example, a network, defined as a set of 

brain regions with correlated patterns of activity, could require less activation to 

complete the same task as a counterpart with lower reserve. Compensatory 

shifts in brain networks may be considered markers of cognitive reserve [26]. 

Consequently, the term “compensation” is sometimes used in place of cognitive 

reserve. However, compensation may also be considered its own concept related 
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to the enhancement of cognitive performance through a boost in neural process 

in response to a task. Cognitive reserve is thought to be adaptable and thus 

fluctuates throughout the lifespan; it is most commonly measured using years of 

education and occupational attainment [27, 28]. More specifically, higher 

educational attainment has been associated with reduced pathologic effects on 

cognition. While such measures do moderate the relationship between brain 

changes and functional status, they do not address the underlying neural 

mechanisms of cognitive reserve. Consequently, functional brain network 

analyses have become more widespread in the study of cognitive reserve. Of 

note, brain reserve and cognitive reserve are not mutually exclusive as both 

structural and functional adaptation play roles in the brain’s response to age-

related and pathological changes. 

Brain maintenance is defined as a resistance throughout time to age-

related and pathological brain changes, which may be the result of lifestyle or 

genetics [23, 29]. More colloquially, brain maintenance is the process through 

which some individuals show little to no structural or functional brain changes 

that, when compared to their counterparts, would otherwise lead to impairment. 

Instead of trying to explain why some individuals maintain function despite the 

presence of pathology within the brain (brain reserve, cognitive reserve), brain 

maintenance aims to explain the lack of pathology. According to this hypothesis, 

minimization of the age-related brain changes and the absence of pathology are 

critical to healthy aging [29]. When taken together, brain reserve, cognitive 

reserve, and brain maintenance help illustrate the construct of resilience. 



6 
 

Physical Resilience 

While resilience has been widely published on in the context of cognition, 

resilience in physical function has received much less attention despite the 

importance of maintaining mobility with age. Recently, physical resilience, “a 

characteristic which determines one’s ability to resist or recover from functional 

decline following health stressor(s)” was proposed as a key feature of healthy 

aging [30]. It has also been proposed that, rather than evaluating resilience as a 

single construct, resilient responses will differ depending on the stressor and the 

system or behavior being influenced [31]. Therefore, an individual might have 

reserve within a given system, for example, if they have a robust cardiovascular 

system due to good health habits or genes that act as a defense against age-

related declines in mobility. On the other hand, reserve in a given system might 

compensate for loss in another. For example, structural integrity is negatively 

impacted by a torn ligament that requires surgery, but good muscle strength from 

lifelong strength and conditioning helps maintain and recover mobility. 

Understanding why some individuals maintain or recover function following an 

adverse event, while others do not, could provide critical information on the 

maintenance of healthy aging. Given the role of the central nervous system in 

mobility, one way to understand the mechanisms through which physical 

resilience acts is neuroimaging [32]. In particular, functional brain network 

analyses may provide insights into the compensatory mechanisms in the brain by 

elucidating the neural responses to insult. 
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Structural Brain Changes and Mobility  

Much of the work aimed at understanding and treating mobility disability 

has focused on measures of muscle strength or cardiorespiratory fitness. Even 

so, there remains a large degree of unexplained variability in the mobility function 

of older adults. It has been suggested that investigating changes in the brain and 

central nervous system may explain some of the aforementioned variance [32]. 

Structural changes in the brain, such as lower volumes of gray or white matter, 

are associated with impairments in both mobility and cognition in healthy aging 

adults [33-36]. In particular, structural changes in sensorimotor and frontal 

regions are found to be most significantly associated with changes in mobility 

and cognition, respectively [8, 33-39].  

Studies have highlighted the association between the accumulation of 

white matter hyperintensities (WMH) and lower scores of both mobility and 

cognition [37-41]. WMH are a common finding in medical imaging with aging 

thought to be the result of chronic ischemia [42-46]. They are characterized by 

damage to the parenchyma which can result in demyelination or total axonal 

disruption [47-50]. WMH are typically located periventricularly. Current 

consensus is that white matter 3-13 mm off the ventricular surface may be 

particularly prone to ischemia because it is a “watershed” region, meaning it is 

particularly vulnerable in times of systemic hypoperfusion as it is supplied by the 

most distal branches of its respective arteries [51]. Recently, WMH volume has 

also been associated with the risk and progression of Alzheimer’s disease (AD) 
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[52-54], which is accompanied by disturbances in gait [55]. There are no 

interventions known to shrink or reverse WMH. 

Increased amyloid β (Aβ) burden, another structural brain change and 

pathologic hallmark of AD [56, 57], has also been associated with impairments in 

cognition [58, 59] and physical function [60-63]. More specifically, increased Aβ is 

associated with slower gait [64] and faster decline of gait speed [61]. However, 

the relationship between Aβ and gait is complicated by cognitive status. Differing 

results have been reported; cognitive status has been shown to weaken the 

association between gait and Aβ [65] and also have no moderating effect [66]. 

This could be the result of a threshold effect of Aβ such that a given burden must 

be passed to initiate cognitive and physical decline. Alternatively, the inconsistent 

relationship between Aβ accumulation and gait could be due to the choice of 

measurement. Recently, gait variability was found to be increased in the 

presence of Aβ to a higher degree than mean gait speed [62]. Furthermore, the 

effect of amyloid burden on mobility decline appears to be independent of WMH 

burden [67, 68]. In terms of spatial distribution, there is also little observed 

overlap between the two pathologies. This suggests that the accumulation of 

WMH and Aβ affect gait in additive, but distinct ways. Accumulation of misfolded 

tau protein, another hallmark of AD [69, 70], is also associated with lower 

cognitive scores [71, 72] and gait disturbances [73, 74]. However, research on 

the effects of tau on gait have been limited in that they typically have small 

sample sizes, limited diversity, and are usually cross-sectional [74]. This is in 
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large part because tau positron emission tomography (PET) ligands have only 

recently been developed. 

Functional Brain Networks and Mobility  

Due to the irreversible nature of WM disease, Aβ, and other structural 

pathologies, it is critical to develop assessments that can identify neural changes 

before they cause permanent damage. Functional brain networks may address 

this issue as studies have shown that changes in functional connectivity may 

precede irreversible changes in brain structure [75]. Furthermore, while studies 

have been limited, functional brain network properties have been associated with 

physical function. Our previous work shows that reduced consistency of 

somatomotor cortex community structure (SMN-CS) is associated with poorer 

scores on the short physical performance battery (SPPB) in older adults [75]. 

Varying between and within network connectivity is also associated with 

disturbances in gait. One study found that increased connectivity within the 

frontoparietal network (FPN) was associated with faster gait speed while gait 

variability declined with decreased functional connectivity between the dorsal 

attention network (DAN) and default mode network (DMN) [76]. A second study 

found that faster gait speeds were correlated with increased connectivity 

between motor and cognitive networks and decreased connectivity between 

limbic and cognitive networks [77]. There is also evidence to suggest that brain 

networks actively modulate gait during challenging tasks or when avoiding 

obstacles. Researchers found that increased activity of a network that included 

the supplementary motor area (SMA), posterior parietal cortex (PPC), anterior 



10 
 

cingulate cortex (ACC), and the cerebellum was correlated with gait cadence and 

temporal variability [78]. This pattern of activation was also paired with decreased 

activity of DMN regions. Overall, studying functional brain networks in the context 

of mobility and physical resilience may help elucidate the neural mechanisms 

through which resilience occurs. 

Structural Brain Changes and Functional Connectivity 

While previous studies have found associations between functional brain 

networks and mobility, they have not addressed the influence of structural brain 

changes, such as WMH or Aβ, on functional connectivity and its associations 

with mobility disability or physical resilience. However, there is evidence that age-

related and pathologic brain changes modify functional brain connectivity. 

Increased WMH volumes have been associated with both local and distal 

disruptions in functional connectivity [79-81], which may highlight a global 

network response to pathology. These disruptions in functional connectivity are 

observed not only in the presence of overt cognitive impairment [79], but also in 

cognitively normal individuals [80, 81]. Early changes in functional connectivity 

due to increased WMH load may be a viable biomarker for impairment before 

symptoms are clinically detectable. Aβ accumulation is also associated with 

altered within- and between-network connectivity [82, 83]. In particular, 

connectivity of the DMN appears to be especially disrupted in the presence of Aβ 

[84, 85]. These findings are in line with previous data revealing that connectivity 

of the DMN is decreased in participants with AD when compared with healthy 

controls [86, 87]. Changes in functional connectivity are also observed in those 
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who are cognitively normal, where early Aβ deposition is associated with 

increases in connectivity [83]. This may signal a compensatory mechanism 

aimed to maintain cognitive function or could simply be an early biomarker of 

network dysregulation before functional decline is detectable. Finally, increased 

numbers of tau protein tangles are associated with variations in functional brain 

network properties. Interestingly, increased local and global functional 

connectivity is associated with accelerated accumulation of tau in the brain [88-

91]. These findings have given credence to the theory of transneuronal tau 

propagation in which tau spreads through increased neuronal activity across 

synapses [88, 89]. This is considered to be a biologically distinct mechanism than 

the spread of Aβ. Additionally, unlike Aβ, the network effects of tau appear to be 

more global and not most prominent in the DMN [90]. Despite the associations 

between structural pathology and mobility as well as their known effects on 

functional brain networks, there is little work into the influence of these structural 

brain changes on functional connectivity in the context of physical resilience 

within the brain. Consequently, combining functional and structural imaging 

techniques could provide greater insight into the neural correlates of mobility and 

resilience. 

Resting-state vs Task-based fMRI in the Context of Mobility  

Resting-state functional magnetic resonance imaging (fMRI) has evolved 

as one of the most widely used techniques to derive intrinsically correlated brain 

networks. This is partially due to the ease of acquisition and variety of research 

and clinical populations with which it can be used [92]. Resting-state networks 
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are also highly reproducible [93]. This allows researchers to reliably connect 

complex patterns of brain connectivity with human behavior. Importantly, resting-

state motor networks are consistently correlated with SPPB scores and gait 

speed [75, 77].  Resting-state fMRI, however, is limited in its ability to capture the 

dynamic reconfiguring of brain networks that is known to take place during a 

task, such as overt movement [94, 95]. Consequently, task-based fMRI is 

commonly used to describe movement-related brain network activity. However, 

task-based fMRI that includes movement is inherently challenging due to imaging 

artifacts such as head motion, which degrade image quality. In response to these 

challenges, motor imagery (MI) tasks, or the imagined movement of the body 

while the muscles are not engaged, have gained popularity in studies aimed at 

estimating brain activation during overt movement [96-98]. MI tasks are 

particularly effective at replicating brain activity observed during literal movement 

[99, 100]. Examples of brain regions that become active during MI tasks include 

the premotor cortex (PMC), basal ganglia (BG), parietal cortex, supplementary 

motor area (SMA), and dorsolateral prefrontal cortex (DLPFC) [101-105]. While 

MI has historically been used to study activation in brain regions relevant to a 

given task, it is widely accepted that mobility requires meticulous coordination of 

varying brain networks [8, 36]. However, few studies have considered task-

related changes during MI from a network perspective. Developing a deeper 

understanding of the complex interactions between brain regions during a motor 

task may be critical in expanding our understanding of the neural correlates of 

mobility and may provide insights into the mechanisms of resilience. 
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Conclusions  

With the increased aging population, it is crucial to develop a deeper 

understanding of the neural correlates of mobility and mobility decline. 

Additionally, elucidating neural mechanisms through which physical resilience 

acts could be helpful in extending the healthy life span. A wealth of evidence 

points to the role of functional brain networks in mobility and physical resilience; 

structural pathology may help elucidate the compensatory network mechanisms 

of resilience. The following chapters will examine the associations between motor 

imagery and physical function and resilience as well as the effects of WMH and 

Aβ on functional connectivity and whether they provide insights into the neural 

correlates of physical resilience. 
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Abstract 

Elucidating the neural correlates of mobility is critical given the increasing 

population of older adults and age-associated mobility disability. In the current 

study, we applied graph theory to cross-sectional data to characterize functional 

brain networks generated from functional magnetic resonance imaging data both 

at rest and during a motor imagery (MI) task. Our MI task is derived from the 

Mobility Assessment Tool – short form (MAT-sf), which predicts performance on 

a 400-meter walk and the Short Physical Performance Battery (SPPB). 

Participants (n=157) were from the Brain Networks and Mobility (B-NET) Study; 

mean age = 76.1 ± 4.3; % female = 55.4; % African American = 8.3; mean years 

of education = 15.7 ± 2.5. We used community structure analyses to partition 

functional brain networks into communities, or subnetworks, of highly 

interconnected regions. Global brain network community structure decreased 

during the MI task when compared to resting-state. We also examined the 

community structure of the default mode network (DMN), sensorimotor network 

(SMN), and the dorsal attention network (DAN) across the study population. The 

DMN and SMN exhibited task-driven declines in consistency across the group 

when comparing the MI task to resting-state. The DAN, however, displayed an 

increase in consistency during the MI task. To our knowledge, this is the first 

study to use graph theory and network community structure to characterize the 

effects of a MI task, such as the MAT-sf, on overall brain network organization in 

older adults. 
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Introduction 

Maintaining mobility with aging is important to both quality of life and 

independence, yet numerous questions remain about the causes of unexpected 

decline [1]. This gap in knowledge becomes increasingly pressing given the 

rapidly growing aging population [2]. Much of the work aimed at understanding 

the development of mobility disability has focused on balance, cardiorespiratory 

fitness, or muscle strength. It has been suggested that investigating changes in 

the contributions of the brain and central nervous system to mobility in older 

adults will provide important new understanding of how mobility disability arises 

and how it relates to aging-related cognitive decline [3]. In particular, changes in 

functional brain networks have gained increasing attention as they may precede 

irreversible structural changes and have been associated with mobility in older 

adults [4, 5]. 

Intrinsically correlated motor networks derived from functional magnetic 

resonance imaging (fMRI) can be detected at rest, and properties of motor 

networks at rest are associated with measures of mobility outside the scanner [4, 

5]. Networks identified during rest are often highly replicable, which provides a 

reliable tool to link complex brain connectivity patterns with human behaviors [6]. 

However, they are inherently limited in their ability to reflect the dynamic network 

reconfiguration occurring during a task [7, 8]. Task-based fMRI has been widely 

adopted to characterize the activity of brain regions involved with overt 

movement. However, task-based fMRI that includes movement (e.g. finger-
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tapping) is susceptible to a variety of challenges such as motion artifacts, which 

degrade image quality. 

Motor imagery (MI) tasks, or the imagined movement of the body while the 

muscles are not engaged, have been demonstrated to approximate the activation 

in the brain during overt movement [9-11]. A variety of MI tasks have been 

reported in the literature. Despite being conducted mentally, imagined movement 

has been shown to initiate activation in brain regions that are engaged during 

actual movement [12, 13]. This includes increased activation in regions such as 

the supplementary motor area (SMA), premotor cortex (PMC), dorsolateral 

prefrontal cortex (DLPFC), basal ganglia (BG), and parietal cortex [14-18]. 

Primary motor cortex (M1) is reported to be more variably activated during MI 

tasks than during motor execution [9, 18]. While these efforts have advanced our 

understanding of brain activation during a MI task, few studies have considered 

task-related changes during MI from a network perspective. Given that mobility 

requires the precise coordination of multiple brain regions, network studies are 

necessary to untangle these complex interactions [19, 20]. Understanding not 

only which brain regions become active, but also how they interact could be 

foundational to elucidating the neural correlates of mobility. 

Here, we advance the existing literature on neural processes associated 

with MI using an adaptation of the Mobility Assessment Tool – short form (MAT-

sf) to examine brain networks associated with MI. The MAT-sf is a brief, self-

report tool with 10 animated video clips illustrating common mobility tasks [21-

23]. It is correlated with major objective tests of physical function, and has been 
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found to predict outcomes following surgery and major mobility disability [16, 22-

24]. In the present study, we utilize a variation of the MAT-sf adapted for use in 

an MRI scanner in which two videos are shown to participants that include 

relatively easy and more difficult motor tasks respectively. Given the established 

relationships between the MAT-sf and real-world mobility, this allows for a 

potentially more ecologically valid study of brain network architecture during overt 

movement compared to resting state. 

In an attempt to address the gaps in the MI literature, we utilize graph 

theory methods in a well-characterized sample of over 150 community-dwelling 

older adults in an ongoing observational study on the neural correlates of mobility 

in aging. Our analyses are cross-sectional and focus on both global and regional 

network community structure differences between resting-state and two difficulty 

levels of the MI task. Given our prior work on the community structure of the 

sensorimotor network (SMN), we hypothesized that consistency of the SMN will 

increase during the MI task. Considering the wide-spread effect of MI tasks in the 

brain, it is unlikely that changes in network consistency will be solely localized to 

the SMN. Of note, the default-mode network (DMN) and dorsal attention network 

(DAN) are possible candidates for significant modification during the MI task. The 

DMN is known to show reductions in activity when transitioning from resting-state 

to a task [25]. Conversely, the DAN is known to become active during tasks 

which require visuospatial attention [26]. Consequently, we further hypothesized 

that consistency of the DMN will decrease during the MI task while consistency of 

the DAN will increase due to their established dynamics. This is, to the best of 
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our knowledge, one of the first brain network studies on MI tasks, and so our 

aims were to characterize these global and regional patterns of brain connectivity 

during the task and compare them with existing literature. 

Methods 

B-NET Study Design 

Data are from the Brain Networks and Mobility (B-NET) study 

(NCT03430427). B-NET is an ongoing longitudinal, observational trial of 

community-dwelling older adults aged 70 and older recruited from Forsyth 

County, NC and the surrounding regions. Participants are asked to complete a 

baseline study visit along with follow-up visits at 6, 18, and 30 months. Brain 

MRIs are collected at baseline and the 30-month follow-up visit. Baseline cross-

sectional data are presented.  

Participants 

At the time of preparation, B-NET recruitment is ongoing. The analysis 

presented here includes 157 participants with complete imaging data at baseline. 

To be included in the study, participants had to be above the age of 70, willing to 

sign an informed consent, and able to communicate with study personnel. 

Exclusion criteria included being unwilling or unable to have an MRI brain scan, 

being a single or double amputee, having musculoskeletal implants severe 

enough to impede functional testing (e.g. joint replacements), or dependency on 

a walker or another person to ambulate. Participants were also excluded if they 

had undergone surgery or hospitalization within the past 6 months; serious or 
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uncontrolled chronic disease (stage 3 or 4 cancer, stage 3 or 4 heart failure, liver 

failure or cirrhosis of the liver, uncontrolled angina, respiratory disease requiring 

the use or oxygen, renal failure requiring dialysis, diagnosis of schizophrenia, 

bipolar, or other psychotic disorders, or alcoholism (>21 drink per week)); clinical 

manifestation of a neurologic disease affecting mobility; or prior traumatic brain 

injury with residual deficits. In addition, potential participants with a history of 

brain tumors, seizures within the last year, major uncorrected hearing or vision 

problems, plans to relocate within the next two years, participation in a behavioral 

intervention trial, or evidence of impaired cognitive function were excluded. 

Cognitive impairment was defined based on scores on the Montreal Cognitive 

Assessment (MoCA). Briefly, scores of 26-30 on the MoCA were considered 

immediately eligible for enrollment. MoCA scores from 21-25 were reviewed by 

the study neuropsychologist to determine eligibility. Finally, scores of 20 or lower 

on the MoCA were considered ineligible to enroll in the study. The study was in 

compliance with the Declaration of Helsinki and written informed consent was 

obtained from each participant prior to any data collection. The study was 

approved by the Institutional Review Board (IRB) of the Wake Forest School of 

Medicine. 

Motor Imagery Experimental Design 

Study participants were lying supine in the MRI scanner with visual stimuli 

projected onto a screen viewed through a mirror. Stimulus presentation consisted 

of videos from the Mobility Assessment Tool – short form (MAT-sf) that were 
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played through a standard media player. Additional details on the MAT-sf can be 

found in Appendix A and additional details of the fMRI task are below. 

Stimuli 

Two videos were created using the MAT-sf stimuli, one showing mobility 

tasks that are relatively easy (Easy Task) and the other showing more difficult 

mobility tasks (Hard Task). The Easy Task items included (1) slowly walking on a 

short level course indoors; (2) slow walking on level ground outdoors; (3) walking 

up a short, low grade incline using a handrail; and (4) walking up a set of 3 stairs 

using a handrail. The Hard Task items included (1) walking on a short, level 

indoor course at a fast pace; (2) walking up a flight of 10 stairs without using a 

handrail; (3) walking up a short, moderate inclined gravel slope outdoors; (4) 

walking down a flight of 10 stairs without using a handrail, and (5) slow jogging 

on a short, indoor course. Each task was administered for 260 seconds where 

each stimulus was repeated 5 times. 

Practice Sessions 

Prior to entering the scanner, participants received instructions and 

completed a practice session. A video of the MAT-sf MI task was played on a 

computer screen. Participants were oriented to the avatar, instructed to imagine 

themselves as the avatar, and told that their active involvement and engagement 

in the task was critical to the validity of the experiment. Once participants 

understood task expectations, study staff played example videos for the two task 

types. Each practice video lasted approximately one minute and each item 
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(movement displayed by the avatar) was demonstrated twice. Following each 

video, participants completed a short survey with three questions on their ability 

to imagine themselves completing the task, which included: “How well were you 

able to imagine yourself doing the actual task?”, “Were you able to stay with the 

task the entire 4 minutes?”, and “The activities you just visualized have a similar 

level of difficulty. In general, could you perform tasks of that difficulty?”. Answers 

were collected on visual analog scale (VAS) which included a slider with values 

ranging between 0 and 100 (0 = negative response, 100 = positive response).  

Study Measurement Procedure 

Immediately before entering the scanner, study staff repeated the 

instructions from the practice session. Each MRI session began with several 

anatomical image acquisitions and a resting-state scan with fixation on a cross. 

The order of the MI task runs was randomized to account for order biases [27]. 

Immediately before beginning the MI task scans, study staff repeated the 

instructions from the practice session. The three self-report questions from the 

practice trial were asked after each MI scan, except participants were now asked 

if they were able to stay with the task the entire 4 minutes. The VAS was 

displayed on the screen viewed through the mirror and included a sliding marker 

that could be moved from 0 to 100 to illustrate the level of agreement with each 

question. The slider always began positioned at 50 and study staff inquired if 

participants would like to move the slider (left towards 0 or right towards 100). 

The participant verbally instructed the study staff through a microphone to 

increase or decrease the VAS indicator displayed on the screen. At the beginning 
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of the study (the first 113 participants), the VAS responses were collected using 

AVAS software [28]. After a software update on the stimulus delivery computer, 

we encountered difficulties with the AVAS software and switched to REDCap 

software [29] to display the VAS and record responses. The experimental design 

is illustrated in Figure 1. 

 

Figure 1: A single resting-state run was completed prior to the start of the motor 

imagery (MI) task. The order of the tasks was randomized across participants; 

half the participants completed the Easy Task first and the other half the Hard 

Task. Participants were instructed to visualize themselves as the avatar in the 

videos as it completed a series of movements. Each task was played for 260 

seconds. After each task, participants completed self-report questions using a 

VAS. 

Magnetic Resonance Imaging 

All brain images were collected on a Siemens 3T Skyra MRI Scanner 

equipped with a 32-channel head coil. Each scan session lasted approximately 

one hour. Structural scans included a T1-weighted anatomical image (TR=2300 
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msec; TE=2.98 msec; number of slices = 192; slice thickness= 1.0mm; voxel 

dimensions = 1.0x1.0x1.0mm; FOV = 256mm; scan duration = 312 seconds) 

obtained using 3D volumetric MPRAGE. Blood oxygenation level-dependent 

(BOLD) imaging (TR = 2000 ms; TE = 25ms; number of slices = 35; slice 

thickness= 5.0mm; voxel dimensions = 4.0x4.0x5.0mm; FOV = 256mm) was 

collected at rest (scan duration = 460 seconds) and during two motor imagery 

tasks (260 seconds each). BOLD Scans were collected parallel to the anterior 

commissure-posterior commissure (AC-PC) using multi-slice gradient-echo 

planar imaging (EPI) [30]. 

fMRI Pre-processing 

Structural image segmentation, including the removal of non-brain tissue 

and cerebrospinal fluid (CSF), was completed using Statistical Parametric 

Mapping version 12 (SPM12, http://www.fil.ion.ucl.ac.uk/spm). A whole-brain 

mask was created for each subject, using the white and grey matter segments, to 

improve coregistration of the functional and anatomical images. All images were 

inspected and manually cleaned to remove any extra-parenchymal tissues using 

MRIcron software (https://www.nitrc.org/projects/mricron). Two observers 

manually checked the mask to ensure accurate full-brain coverage. High-

resolution T1-weighted images were spatially normalized to the Montreal 

Neurological Institute (MNI) template using Advanced Normalization Tools 

(ANTs) [31]. Distortion correction was completed using FMRIB’s Software Library 

(FSL, www.fmrib.ox.ac.uk/fsl). The first 10 volumes of the BOLD images were 

dropped to allow for signal normalization. Slice time correction and realignment 
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of the functional images was completed using SPM12. The BOLD images were 

coregistered to the native-space anatomical images and warped to MNI space 

using the transformation derived from ANTs. Head motion was additionally 

corrected for with motion scrubbing [32]. Finally, data were band-pass filtered 

(0.009 – 0.08 Hz) to account for low-frequency drift and physiologic noise. 

Confounding signals were regressed out from the filtered data, including signal 

from white matter, gray matter, CSF, and 6 rigid-body motion parameters 

generated during the realignment process. 

Calculation of Brain Networks 

The presence of a connection between two nodes (i and j), defined as a 

voxel in our analyses, was inferred based on a time series regression analysis. 

This produced a cross-correlation matrix, which represents the Pearson’s 

correlation coefficient that describes the connectivity between every network 

node. A threshold was then chosen to dichotomize the data and create the final 

binary adjacency matrix (Aij) where values above the threshold indicate a 

connection is present (e.g. correlation coefficients are transformed to either a 0 

indicating no connection or a 1 where there is a connection between nodes). Aij 

is a n x n matrix where n is the number of brain voxels (~20,000). This matrix 

notes the presence or absence of a connection between any two nodes 

(represented by i and j). The threshold ensures that the density of connections 

was comparable across all participants. More specifically, S = log (N)/log (K) is 

conserved across the participants. Here N represents the number of network 

nodes and the K is the average node degree, or the number of connections a 
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node has with other nodes. Our networks were thresholded at S = 2.5 based on 

previous work showing that this threshold produces networks with density ratios 

that most closely compare to other naturally generated networks [33]. 

Brain Network Analysis 

Community structure analyses were performed on each participant’s brain 

network to assign each voxel to a network community. A community is defined as 

a group of nodes that have more connections with each other than to other 

nodes in the total network [4]. The strength of community structures were 

identified using network modularity or Q [34]. A dynamic Markov process [35] 

was used to maximize Q and partition the brain networks into communities. As 

there is a stochastic component to the modularity algorithm, it was run 100 times 

and the partition associated with the highest Q value was chosen for that given 

study participant. Following partitioning an individual’s brain network, each voxel 

was assigned the appropriate community membership and the spatial maps for 

the community organization were used in the second-level group analyses as 

described below. 

Scaled Inclusivity (SI), a statistic utilized to compute the spatial 

consistency of community structure across a group of participants [36], was used 

for group analyses. Values of SI range between 0 and 1; perfect spatial 

alignment of a community across all participants would result in a value of 1 for 

all nodes in that community. In practice, communities are not made of exactly the 

same nodes across study participants as the spatial patterns vary across 

participants due to differences in the community organization. Thus, in practice 
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each node is assigned a value less than 1 depending on the discordance across 

participants (for a detailed description of this method applied to the brain see 

[37]). High SI values indicate that a particular network community is stable across 

the group and occupies comparable brain regions in each person. SI values can 

be compared between groups or conditions to identify population differences in 

community organization.  

Here, we performed SI analyses using regions-of-interest (ROIs) to define 

a priori intrinsic brain subnetworks. ROIs were generated using resting-state 

brain network data in 22 normal young adults from a prior study [38]. We 

selected intrinsic networks that encompassed the entire brain and are commonly 

identified in functional atlases [39] including: the three subnetworks of a priori 

interest dorsal attention network (DAN), default mode network (DMN), 

sensorimotor network (SMN), as well as the central executive network, basal 

ganglia network, salience network, and visual network [38]. In addition to these 7 

intrinsic networks, a ROI was generated that encompassed image regions with 

high MRI artifact incidence across participants. Together, the 8 ROIs included all 

voxels in the brain. To address potential bias introduced with the use of ROIs 

generated in young adults, we generated study-specific ROIs utilizing a method 

conceptually similar to that commonly used in voxel-based morphometry to 

generate study-specific templates (VBM) [40]. First, SI was computed across all 

scan conditions (Rest, Easy, Hard) and all participants for each of the 8 ROIs. 

This process generated 8 SI maps, one associated with each ROI. The SI value 

in each voxel was compared across the 8 SI maps and each voxel was assigned 
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to the ROI with the highest SI value. One benefit of this method is that because 

the SI method uses the ROI as a seed but calculates overlap values across the 

entire brain for that ROI, it is possible to detect consistent differences in 

community structure that may be present in the participants but not the original 

ROI. This process generated 8 study-specific ROI maps with each voxel 

belonging to only one ROI. The ROI encompassing high artifact regions was 

excluded from all further analyses. 

Analyses were then performed to compare global and regional SI across 

the three study task conditions using the study-specific ROIs. First, SI was 

computed for each ROI and each task condition in each study participant. Global 

SI was computed for each condition by summing the SI values across all ROIs in 

each image voxel and then computing the whole brain mean. Global values were 

statistically compared across the three conditions. Regional analyses were 

performed to assess the spatial organization of following three intrinsic networks, 

the SMN, the DMN, and the DAN. The study-specific ROIs for the SMN, DMN, 

and DAN can be found in the Appendix A. The 3 networks were chosen for the 

regional analyses based on a priori hypotheses. The SMN was chosen due to its 

established involvement in motor function and our prior work [4]. The DMN was 

chosen as it is known to exhibit connectivity and activity changes when going 

from rest to task [25]. The DAN was chosen because the MI task required 

visuospatial attention [26]. In order to control for the effect of the global change in 

SI and identify regional changes between task conditions, the SI maps were 

scaled prior to performing statistical comparisons. Scaling was performed 
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independently for each condition and participant using min-max normalization 

across all SI maps. Once scaled maps were generated for each participant, the 

effect of task condition on the spatial distribution of each of the three 

subnetworks was assessed using a permutation statistic [41]. 

Statistical Analyses 

Differences in whole-brain and ROI network community structure 

consistency were statistically compared between scan conditions using Proc 

Mixed of SAS version 9.4 (SAS Institute Inc., Cary, NC). A linear model for 

repeated measures was used to estimate differences between fMRI task 

conditions in global and regional consistency with age, sex, and race as 

covariates, and an unstructured covariance matrix was used to account for the 

covariance between repeated measures. Least squares means, accounting for 

age, sex and race, and differences between these means are provided; 

Bonferroni adjusted p-values and confidence intervals were used to account for 

pairwise comparisons applied to global and regional consistency measures. β is 

used to represent differences in least-squares means. 

Results 

Baseline Characteristics 

One hundred and fifty seven participants (mean age = 76.1 ± 4.3; % 

female = 55.4; % African-American = 8.3; mean education = 15.7 ± 2.5) 

participated in the present study. Additional participant characteristics are 

illustrated in Table 1. 
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Table 1: General characteristics of sample 

 Sample 

n 157 

Age (years ± STD) 76.1 ± 4.3 

Women n (%) 87 (55.4) 

African American n (%) 13 (8.3) 

Education (years ± STD) 15.7 ± 2.5 

SPPB Score 10.4 ± 1.6 

MAT-sf Score 63.2 ± 9.2 

BMI (kg/m²) 27.9 ± 5.4 

MoCA Score (mean ± STD) 25.6 ± 2.2 

DSST Score (mean ± STD) 56.1 ± 12.2 

Note: SPPB = Short Physical Performance Battery; MAT-sf = Mobility Assessment Tool 

– short form;  

BMI = body mass index; MoCA = Montreal Cognitive Assessment; DSST = Digit Symbol 

Substitution Test 
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Global Community Structure Assessment 

Analyses first focused on differences in average whole-brain community 

structure (assessed using global SI) between the three fMRI task conditions and 

were adjusted for age, sex, and race. Figure 2 illustrates the decline in global 

community structure across the three scan conditions. Overall, there is a general 

decrease in network consistency with the addition of the motor imagery task and 

with increased difficulty. Network consistency was lower in Hard Task than Rest 

([β = 0.0118, 95% CI: [0.0072, 0.0163], p < 0.0001]) or the Easy Task ([β = 

0.0079, 95% CI: [0.0034, 0.0124], p < 0.0001]). The difference between network 

consistency at rest and the Easy Task did not reach statistical significance ([β = 

0.0039, 95% CI: [-0.0008, 0.0085], p = 0.1356]). Results of the linear models 

estimating differences in the SI statistic can be found in Table 2. 
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Table 2: Network community structure consistency comparison between task conditions  

Comparison β 95% CI p-value 

Global 

Rest vs Easy 0.0039 [-0.0008, 0.0085] 0.1356 

Rest vs Hard 0.0118 [0.0072, 0.0163] <0.0001 

Easy vs Hard 0.0079 [0.0034, 0.0124] 0.0001 

DMN 

Rest vs Easy 0.1819 [0.1406, 0.2231] <0.0001 

Rest vs Hard 0.1925 [0.1493, 0.2357] <0.0001 

Easy vs Hard 0.0106 [-0.0196, 0.0408] 0.99 

DAN 

Rest vs Easy -0.0889 [-0.1231, -0.0545] <0.0001 

Rest vs Hard -0.0013 [-0.0384, 0.0357] 0.99 

Easy vs Hard 0.0875 [0.0503, 0.1247] <0.0001 

SMN 

Rest vs Easy 0.0493 [0.0193, 0.0794] 0.0003 

Rest vs Hard 0.0379 [0.0057, 0.0700] 0.0150 

Easy vs Hard -0.0115 [-0.0353, 0.0123] 0.7353 
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Figure 2: Network consistency is highest during resting state and declines with the 

addition of the motor imagery task. Network consistency is significantly lower in the Hard 

Task when compared to both Resting-state and the Easy Task. 

* Indicates a significant difference from Resting-state. ** Indicates a significant difference 

from the Easy Task. 

Regional Community Structure Assessment 

We next performed analyses to evaluate the network community structure 

within the DAN, DMN, and SMN across tasks adjusting for age, race, and sex. 

Figure 3 illustrates the change in network community structure consistency 

between scan conditions for the DAN, DMN, and SMN ROIs. Output from the 

linear models estimating differences in the SI statistic between scan conditions 

can be found in Table 2.   

DMN was most consistent at Rest with significant declines observed 

during the Easy Task (Rest = 0.4021, Easy = 0.2202, [β = 0.1819, 95% CI: 
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[0.1406, 0.2231], p < 0.0001]) and the Hard Task (Rest = 0.4021, Hard = 0.2096, 

[β = 0.1925, 95% CI: [0.1493, 0.2357], p < 0.0001]). There was no significant 

difference in DMN consistency between the Easy and Hard Tasks (Easy = 

0.2202, Hard = 0.2096, [β = 0.0106, 95% CI: [-0.0196, 0.0408], p = 1.0]). 

Consistency of the DAN was highest during the Easy Task, where 

consistency across participants was greater than in Rest (Rest = 0.3159, Easy = 

0.4047, [β = -0.0889, 95% CI: [-0.1231, -0.0545], p < 0.0001]) or the Hard Task 

(Easy = 0.4047, Hard = 0.3172, [β = 0.0875, 95% CI: [0.0503, 0.1247], p < 

0.0001]). No significant difference was observed between Rest and the Hard 

Task (Rest = 0.3159, Hard = 0.3172, [β = -0.0013, 95% CI: [-0.0384, 0.0357], p = 

1.0]). 

SMN consistency was highest at Rest and significantly higher than in the 

Easy Task (Rest = 0.2862, Easy = 0.2369, [β = 0.0493, 95% CI: [0.0193, 

0.0794], p = 0.0003]) or the Hard Task (Rest = 0.2862, Hard = 0.2483, [β = 

0.0379, 95% CI: [0.0057, 0.0700], p = 0.0150). No significant difference was 

observed between SMN consistency when comparing the Easy and Hard 

conditions (Easy = 0.2369, Hard = 0.2483, [β = -0.0115, 95% CI: [-0.0353, 

0.0123], p = 0.7353). 
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Figure 3: Cool colors indicate a less consistent network community structure than warm 

colors. The dorsal attention network (DAN) is more consistent during the MI tasks, 

particularly the Easy Task, than Resting-state. The default mode network (DMN) is most 

consistent during Resting-state and shows a sharp decline during the MI tasks. The 

sensorimotor network (SMN) is also more consistent during Resting-state than during MI 

tasks. 

VAS Reporting 

 To compare self-reported task performance scores between task 

conditions, for each of the 3 self-report questions, we subtracted the VAS ratings 

of the Hard Task from the Easy Task for each participant. We then grouped the 
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results based on if they were negative (Easy Task score < Hard Task score), 

zero (Easy Task score = Hard Task score), or positive (Easy Task score > Hard 

Task score) (Table 3). Briefly, when asked if they were able to imagine 

themselves completing the tasks in the videos, 29.3% of participants reported 

more difficulty imagining in the Hard Task than the Easy Task. Compared to the 

Easy Task, 20.7% of participants reported a lower ability to stay with the Hard 

Task for the full 4 minutes. Finally, when questioned about their ability to perform 

tasks of the difficulty shown in the videos, 36.7% of participants reported lower 

ability to perform the actions in the Hard Task than the Easy Task.  

Table 3: Comparison of VAS scores between the Easy and Hard MI Tasks 

VAS Questions Easy < Hard Task Easy = Hard Task Easy > Hard Task 

Imagine n (%) 55 (36.7) 69 (46.0) 44 (29.3) 

4 Minutes n (%) 33 (22.0) 86 (57.3) 31 (20.7) 

Difficulty n (%) 13 (8.6) 82 (54.7) 55 (36.7) 

Visual analog scale (VAS) ratings from 0-100 in response to three questions asked at the end of 

each MI task scan: Imagine = How well were you able to imagine yourself doing the actual task?;  

4 Minutes = Were you able to stay with the task the entire 4 minutes?; 

Difficulty = The activities you just visualized have a similar level of difficulty. In general, could you 

perform tasks of that difficulty? 

Discussion 

In the present study, we investigated the effect of a MI task on the overall 

brain network using graph-theory network analyses. The MI tasks employed 

items from the MAT-sf, a motor imagery task where performance is associated 

with major objective tests of mobility and predicts clinical outcomes including 
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major mobility disability [21-24]. We found that, when compared to resting-state, 

global community structure consistency declined during the MI tasks and with 

increased difficulty. In addition to the global decrease, regional variations in the 

consistency of subnetworks important for mobility were observed. The 

consistency of the DMN and SMN were highest during resting-state and showed 

significant declines with the addition of the MI task. The DAN, however, showed 

a significant increase in consistency with the addition of the task. Our results 

showing a global decrease in network consistency following the onset of the MI 

task likely reflect the complex coordination of brain regions required during 

movement and the complex movements included in the continuous MI task.  

Our initial hypothesis was that the SMN would show increased network 

consistency during the MI task given prior literature showing increase activation 

of motor-related regions during motor imagery [13-15]. Results from our prior 

work also demonstrated higher resting-state consistency of the SMN is 

associated with higher scores on the SPPB [4]. However, we observed significant 

declines in SMN consistency during the MI task. During our MI task, a collection 

of varying movements are executed that include both upper and lower body 

movements, each of which may possibly elicit activation in a distinct set of brain 

regions. Given that network consistency assesses the overlap of network 

modules, administration of an MI task of complex movements could be expected 

to increase the variability in spatial patterns of network connectivity within 

somatomotor regions, leading to reduced SMN consistency when compared to 

resting-state. 
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The observation that the DMN had the highest consistency at rest with 

significant declines during the MI task confirmed our secondary hypothesis about 

the DMN that was based on the established task-related dynamics of the DMN. 

The DMN was originally identified as a collection of regions that shows 

coordinated decreases in activity during performance of goal-directed and 

attention-demanding tasks, such as the MAT-sf. [25]. In contrast to the DMN, the 

DAN increased consistency during the MI task, as was hypothesized. There is 

general consensus that the DAN directs visuospatial attention and short-term 

memory processes [42]. Recent evidence has also pointed towards a role of the 

DAN in spatial orienting during a task [43]. Consequently, increased consistency 

of the network during a MI task, such as the MAT-sf, was anticipated.  

Prior studies have proposed that the activation and deactivation of 

functional regions of the brain is a dynamic process that reveals networks that 

are anticorrelated [44-50]. This anticorrelation is generally taken as an indication 

of competing functions. Namely, the DMN (“task negative”) and DAN (included in 

“task positive”) showed particularly strong anticorrelation [45-47, 49]. Our results 

showed increased DAN consistency and decreased DMN consistency during the 

MI task. The findings within the DMN are in line with current theories of 

modularity in aging. With increased age, connectivity within the DMN is observed 

to decrease, which is associated with age-related cognitive decline [51]. These 

age-related decreases in connectivity within the DMN could translate to the 

reductions in network consistency observed in our findings. Anticorrelations 

between brain networks have also been characterized in studies on the 
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relationships between functional connectivity and overt mobility. Decreased gait 

variability is associated with increased negative functional connectivity 

(anticorrelation) between the DMN and DAN [5]. This was interpreted to mean 

that an increased ability to sustain attention, as assessed by an increased 

anticorrelation between the two networks, improves an individual’s ability to 

maintain a steady gait. A second study published similar results with greater 

functional connectivity between the DMN and the frontoparietal network (FPN) 

[52]. The FPN shares characteristics with the DAN and has been found to be 

associated with reduced performance on a finger-tapping task, likely due to 

increased distraction [52]. Overall, the interaction between the DMN, DAN, and 

other networks is complex and requires further study, especially in the context of 

mobility. 

There was no significant difference in consistency of the DMN or SMN 

between the Easy Task and Hard Task conditions. This could indicate that the 

difficulty of the task being imagined does not play a notable role in the 

connectivity of these networks. The DAN, however, showed a significant 

decrease in consistency between the Easy and Hard Task after significantly 

increasing consistency between Rest and the Easy Task. This decrease may 

seem unexpected given that regression analyses of activation patterns show that 

the DAN increases activity with increasing attentional demands [26]. However, in 

these MI tasks, task difficulty refers to the physical demand required during the 

imagined movements and may not have required additional attentional or 

cognitive resources to imagine. It is also possible that imagining tasks that might 
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be at or near the limit of an individual’s physiologic capacities elicits interactions 

between the DAN and additional attention-related networks. For example, there 

is evidence of interacting activity between the DAN and networks such as the 

ventral attention network (VAN) during visuospatial tasks [26, 53, 54]. DAN-VAN 

interactions during the Hard Task could potentially account for decreased 

consistency within the DAN.  

Other potential explanations for decreased consistency of the DAN in the 

Hard Task compared to the Easy Task may relate to the ability of participants to 

complete the imagined movements. Thirty-seven percent of the participants 

indicated that they did not think they could complete the movements shown in the 

Hard Task. To test whether participants were less able to imagine movements 

they cannot complete, we assessed correlations between global, SMN, DMN and 

DAN consistency and self-rated ability to complete the imagined tasks and found 

no meaningful or statistically significant associations. We also assessed whether 

self-rated ability to imagine the task correlated with global, SMN, DMN or DAN 

consistency and again found no associations. It is possible that the self-report 

questions did not capture essential information, or that there is not a simple linear 

relationship between these scores and network community structure. It is also 

possible that a change in emotional state during the task may be responsible for 

the decrease in consistency between the Easy and Hard conditions. Alterations 

in an individual’s emotional state can lead to widespread shifts in functional 

connectivity, including in the DAN and VAN [55], and positive emotional states 

are considered protective against age-related mobility impairments [56]. 
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Variability in the emotional response to the Hard Task could therefore result in 

reduced DAN consistency across participants. Assessment of emotional 

responses to mobility tasks through self-report or collection of physiological 

variables such as heart rate or galvanic skin response would allow better 

understanding of the role of emotions in mobility function.  

Our study benefited from a few key strengths. Firstly, the use of the MAT-

sf provides a unique opportunity to study functional connectivity in the brain 

during a task that is validated as a predictor of major mobility disability and 

surgical outcomes, scores of the 400-meter walk, and scores on the SPPB [21-

23]. To our knowledge, we are the first to publish functional connectivity data 

using a task with high ecological validity such as the MAT-sf. Secondly, collection 

of both resting-state and task-based data allowed for a direct comparison of the 

functional architecture between different states. Thirdly, use of graph-theory 

methods allows for the assessment of intrinsic connectivity of motor regions 

during a continuous task and at rest, adding to our understanding of motor-

related networks that has been largely developed so far by examining task-

related activations using linear regression methods. Finally, B-NET currently has 

over 150 participants and will collect follow-up scans at the 30-month visit. The 

sample size and longitudinal design will allow the opportunity to advance our 

understanding of how mobility-related functional brain networks are associated 

with current mobility function and also change over time. [57]. 

The current analysis also has several limitations. First, the data presented 

are cross-sectional. However, B-NET is designed for a follow-up scan during the 
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30-month follow-up, which will allow for longitudinal analyses. Second, we did not 

collect a non-motor imagery task as a comparison for network connectivity during 

the MAT-sf. This would have allowed for disambiguation of activity specifically 

related to the motor components of the task from those specific to imagining. 

Lastly, there are limitations associated with the use of self-report to assess task 

performance. Participants were asked to verbally guide study staff in assessing 

ability to imagine, perform the task, and attend for the full task duration using a 

VAS. However, it is possible that the questions selected did not collect all the 

relevant information to assess task engagement, that requiring a verbal response 

recorded by staff was not ideal, and the lack of trial-by-trial feedback limits the 

ability to assess any variations within the task over time. Efforts to mitigate these 

limitations included the study staff practicing the task with participants before 

entering the scanner and providing explicit instruction to remain engaged and 

attentive during the task at three time points. 

These findings provide opportunities for future studies designed to 

investigate interventions to improve mobility, which are critical to further 

elucidating of the relationships between the brain and physical activity [58-60]. 

We have shown that the MAT-sf can be used as a MI task and that it evokes 

distinguishable patterns of connectivity from resting-state. When combined with 

the known correlations between the MAT-sf and scores on the 400-meter walk 

and SPPB, this could provide an opportunity to study both cross-sectional and 

longitudinal correlates of mobility disability during task visualization. Our protocol 

is also highly replicable and would thus be suitable for multi-site studies focused 



56 
 

on mobility. Additionally, the MAT-sf can be completed both inside and outside of 

the scanner, which could allow for continuous data collection relevant to the task 

between study visits in which brain imaging occurs. 

Conclusions 

To our knowledge this is the first study to use graph theory and network 

community structure analyses to characterize the effects of a MI task that 

incorporates complex, everyday functional movements on brain network 

connectivity. Historically, research techniques have been limited in their ability to 

measure the neural mechanisms of movement due to technological and 

paradigm limitations. Our results highlight a network analysis and MI task that 

overcome these shortcomings. Interpretation of these results should keep in 

mind the exploratory nature of the analyses. It is important to replicate these 

findings in other large, well-characterized cohorts. Overall, these findings provide 

fascinating insights into the neural correlates of mobility and highlight the 

complex interactions in the brain required during movement. 
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Abstract 

Physical resilience with age is considered a key feature of healthy aging, but our 

understanding of the neural contributions to resilience is limited. Additionally, few 

methods exists to not only accurately identify resilient individuals but also 

observe the mechanisms through which resilience manifests. To address these 

gaps, we used data from 147 participants who completed the short physical 

performance battery (SPPB), structural magnetic resonance imaging (MRI), and 

resting-state functional MRI (fMRI). Functional brain networks were generated 

using graph theory methods. We grouped participants based on SPPB scores 

(11-12=healthy & <9=unhealthy) and median splits of white matter hyperintensity 

volumes: Expected Healthy (EH: low WMH, healthy SPPB, n=52), Expected 

Impaired (EI: high WMH, unhealthy SPPB, n=42), Unexpected Healthy (UH: high 

WMH, healthy SPPB, n=40), and Unexpected Impaired (UI: low WMH, unhealthy 

SPPB, n=13). We hypothesized that resilient individuals (UH) would display shifts 

in functional connectivity in comparison to their counterparts. While no main 

effect of the resilience interaction term (SPPB*WMH) was found, UH showed 

higher numbers of second-order connections between the sensorimotor cortex 

(SMN) and anterior cingulate cortex (ACC) than all other groups. Additionally, UH 

showed similar SMN community structure (SMN-CS) consistency to EH and 

higher consistency than that of EI and UI. This pattern of increased connectivity 

between SMN and ACC may be a defining characteristic and crucial mechanism 

of physical resilience within the brain. 
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Introduction 

Understanding the construct of resilience with aging has become an 

increasingly widespread focus of research [1, 2]. The term resilience is 

commonly defined as the ability to recover from a stressor. Resilience may be 

considered the opposite of vulnerability and, importantly, is reduced with aging. 

The vast majority of research into resilience has focused on cognitive function 

[3]. Recently, physical resilience, “a characteristic which determines one’s ability 

to resist or recover from functional decline following health stressor(s)” was 

proposed as a key feature of healthy aging [2]. Consequently, a deeper 

understanding of how physical resilience manifests and allows for the 

maintenance of physical function is critical for the promotion of healthy aging in 

older adults. 

With more than 1.5 billion people expected to be over the age of 60 by 

2050 [4], age-associated physical decline is expected to significantly affect 

individual quality of life and financial costs to society [5]. Yet, we do not currently 

fully understand the development of mobility disability. Initial work using 

measures of cardiorespiratory fitness and muscle strength did not fully capture 

the variance in the mobility function of older adults. Recent work suggests that 

investigating the contributions of the brain and central nervous system to mobility 

in older adults is important for understanding how mobility disability arises [6]. 

Mobility function requires precise communication between regions across 

the brain meaning a disruption to either the connections between regions or the 

regions themselves could affect mobility. Structural changes in the brain, such as 
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lower regional gray matter volumes, are associated with impairments in mobility 

in healthy aging adults [7, 8]. Additionally, higher volumes of white matter 

hyperintensities (WMH) are associated with decreased gait speed [9, 10]. WMH 

are common magnetic resonance imaging (MRI) findings in older adults [9, 11] 

and are characterized by damage to the parenchyma, which can result in 

demyelination or outright axonal disruption [12, 13]. The exact pathogenesis of 

WMH is not currently known, but they are thought to result from cerebrovascular 

disease or chronic ischemia [11]. While there is an established relationship 

between WMH and mobility, it is clear this relationship is not simple and linear. 

For example, there are instances where individuals have high burdens of WMH 

yet they display no cognitive or physical impairments [14]. This ability to maintain 

function despite increased WMH accumulation may be indicative of resilience. 

One way in which the brain may adapt to increased WMH volume is 

through shifts in functional connectivity. In the context of cognitive reserve and 

resilience, regional analyses suggest that intrinsic connectivity of the default-

mode network (DMN) during rest may play a role in cognitive reserve and 

resilience with aging [15-17]. Additionally, changes in functional brain networks 

have been associated with mobility function in older adults. We have shown that 

reduced consistency of sensorimotor cortex community structure (SMN-CS) is 

associated with lower scores on the short physical performance battery (SPPB) 

[18]. Recently, resting-state functional connectivity has also been associated with 

walking speed [19]. Research into the neural correlates of physical resilience has 

been limited, but connectivity of the anterior cingulate cortex (ACC), 
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supplementary motor area (SMA), posterior parietal cortex (PPC), and the 

cerebellum has recently been implicated in a “fine-tuning” network of mobility 

[20]. However, previous functional network analyses have not addressed the role 

of WMH in mobility function or the neural mechanisms of physical resilience. 

In an attempt to address the gaps in the literature on the neural correlates 

of physical resilience, we used graph-theory network methods to assess patterns 

of functional connectivity that may elucidate compensatory mechanisms 

indicative of physical resilience. We used cross-sectional data from the Brain 

Networks and Mobility (B-NET) study, an ongoing observational study on the 

neural correlates of aging and mobility. To assess reserve and resilience in this 

cohort, we group participants by both WMH volume and scores of the SPPB such 

that individuals with high WMH volumes and high SPPB scores are deemed 

resilient. We hypothesized that individuals with high resilience (high SPPB scores 

while having high WMH burden) would show shifts in functional connectivity, 

possibly indicating a marker of physical resilience within the brain.  

 Methods 

B-NET Study Design 

Data are from the Brain Networks and Mobility (B-NET) study 

(NCT03430427). B-NET is an ongoing longitudinal, observational trial of 

community-dwelling older adults aged 70 and older recruited from Forsyth 

County, NC and surrounding regions. Participants were asked to complete a 

baseline visit along with follow-up visits at 6, 18, and 30 months. Brain MRIs are 
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collected at baseline and the 30-month follow-up visit. Baseline cross-sectional 

data are presented.  

Participants 

The analysis presented here includes 147 participants. In total, 192 

participants were enrolled in B-NET. As this analysis compared participants with 

high (SPPB = 11-12) and low (SPPB <10) SPPB scores, the 43 participants who 

scored 10 on the short physical performance battery (SPPB) were not included. 

An additional two participants were excluded due to imaging artifacts. To be 

included, participants had to be above the age of 70, willing to sign informed 

consent, and able to communicate with study personnel. Exclusion criteria 

included being unwilling or unable to have a brain MRI, being a single or double 

amputee, having musculoskeletal implants severe enough to impede functional 

testing (e.g. joint replacements), or dependency on a walker or another person to 

ambulate. Participants were excluded for evidence of cognitive impairment 

determined by a combination of the Montreal Cognitive Assessment (MoCA) and 

additional cognitive testing as needed. Further exclusion criteria and a full 

description of cognitive inclusion criteria can be found here [21]. The study 

complied with the Declaration of Helsinki and written informed consent was 

obtained from each participant prior to any data collection. The Institutional 

Review Board (IRB) of the Wake Forest School of Medicine approved the study. 

Mobility Function Testing 
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Mobility function was tested using the Short Physical Performance Battery 

(SPPB) [22] as well as the expanded Short Physical Performance Battery 

(eSPPB) [23]. The SPPB tests balance (stand with feet side-by-side, 

semitandem, and tandem for 10 seconds in each position), gait speed (4 meter 

walk at usual pace), and chair stand (time to rise from a chair 5 times). Each test 

is scored from 0-4, with 0 being the worst and 4 the best, for a total score range 

0-12. The eSPPB increases the difficulty of the standing balance task by asking 

participants to hold postures for 30 seconds instead of 10 seconds, adds a walk 

on a narrow course, and adds a one-leg stand. Scores of the SPPB were used to 

group participants into resilience groups given their categorical nature and 

associations with impairment [24]. Scores of the eSPPB were used for 

continuous analyses given its component scores are calculated based on the 

percentage of the best possible score (a continuous measure), not according to 

ranges of performance (a categorical measure). The resulting eSPPB score is 

normally distributed, continuous and ranges from 0-3 rather than the traditional 

SPPB 12-point right-skewed categorical score distribution. 

Resilience Groupings 

The groupings of WMH burden and SPPB scores were determined by a 

median split (Figure 1). For the SPPB, the median split fell at a score of 10, 

meaning that scores of 11 and 12 were considered “good” mobility while scores 

of below 10 were considered “poor” mobility. Participants in the top half of WMH 

burden (high burden) and bottom half of SPPB scores (low physical function) are 

termed Expected Impaired (EI) as they would be expected to have lower mobility 
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function due to WMH burden. Those in the bottom half of WMH burden (low 

burden) and top half of SPPB function (high physical function) are termed 

Expected Healthy (EH). Participants who were in the bottom half of WMH burden 

(low burden), yet also in the bottom half of SPPB scores (low physical function) 

are termed Unexpected Impaired (UI). Those in the top half of WMH burden who 

maintained high SPPB scores are termed Unexpected Healthy (UH). In the 

present study, we consider UH to show physical resilience. General group 

characteristics can be viewed in Table 1. 

 

Figure 1: Participants were grouped based on median splits of the short physical 

performance battery (SPPB) and white matter hyperintensity (WMH) volume. SPPB 
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scores of 11-12 were considered “healthy mobility” while scores below 10 were 

considered “impaired mobility”. Expected Healthy (EH) had low WMH volumes and good 

mobility, Expected Impaired (EI) had high WMH volumes and poor mobility, Unexpected 

Impaired (UI) had low WMH volumes and poor mobility, and Unexpected Healthy (UH) 

had high WMH volumes and good mobility. UH are perceived to have high physical 

resilience. 

White Matter Hyperintensity Calculation 

WMHs were identified on T2 FLAIR images using the lesion prediction 

algorithm (Schmidt, 2017, Chapter 6.1) implemented in the LST toolbox version 

2.0.15 for SPM12. WMH were segmented by providing an estimate for the lesion 

probability for each voxel in the image. Next, the lesion probability maps were 

transformed into Montreal Neurologic Institute (MNI) brain space using Advanced 

Normalization Tools software (ANTs) [25]. The total WMH volume for each 

participant was extracted using the fslstats command in FSL v5.0 [26]. A log 

transform of the total WMH volume for each subject reduced the skewedness of 

the data. 

Magnetic Resonance Imaging 

All brain images were collected on a Siemens 3T Skyra MRI Scanner 

equipped with a 32-channel head coil. Each scan session lasted approximately 

one hour and includes structural and functional scans. The current study used 

the T1-weighted 3D volumetric MPRAGE anatomical image (TR=2300ms; 

TE=2.98ms; number of slices=192; voxel dimensions=1.0x1.0x1.0mm; 

FOV=256mm; scan duration=312s), T2 FLAIR images (TR=4800ms; 
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TE=4.41ms; number of slices = 160; voxel dimensions = 1.0x1.0x1.2mm; 

FOV=256mm), and resting-state blood oxygenation level-dependent (BOLD) 

images (TR=2000ms; TE=25ms; number of slices=35; voxel 

dimensions=4.0x4.0x5.0mm; FOV=256mm; scan duration=460s). The BOLD 

images were collected parallel to the anterior commissure-posterior commissure 

line using multi-slice gradient-echo planar imaging [27].  

fMRI Pre-processing 

Structural image segmentation, including removal of non-brain tissue and 

cerebrospinal fluid (CSF), was completed using Statistical Parametric Mapping 

version 12 (SPM12, http://www.fil.ion.ucl.ac.uk/spm) as described in [21]. Briefly, 

coregistration of the functional and anatomical images was improved through 

creation of a whole-brain mask for each subject using both white and grey matter 

segments. All images were manually inspected and cleaned to remove excess 

parenchymal tissue using MRIcron (https://www.nitrc.org/projects/mricron). High-

resolution T1-weighted images were spatially normalized to the Montreal 

Neurological Institute (MNI) template using Advanced Normalization Tools 

(ANTs) [28]. Distortion correction was completed using FSL 

(www.fmrib.ox.ac.uk/fsl). The first 10 volumes were dropped to allow for signal 

normalization. Slice time correction and realignment of functional images was 

completed using SPM12. BOLD images were coregistered to native-space 

anatomical images and warped to MNI space using the transformation derived 

from ANTs. Motion scrubbing was applied [29] and data were band-pass filtered 

(0.009 – 0.08 Hz) to account for low-frequency drift and physiologic noise. 
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Confounding signals (white matter, gray matter, CSF, and 6 rigid-body motion 

parameters generated during the realignment process) were regressed out from 

the filtered data. 

Calculation of Brain Networks 

The presence of a connection between two nodes (i and j), defined as 

image voxels in our analyses, was determined by completing a time series 

regression analysis. This produced a cross-correlation matrix, which represents 

the Pearson’s correlation coefficient that describes connectivity between every 

network node. A threshold was then chosen to dichotomize the data and create 

the final binary adjacency matrix (Aij) where values above the threshold indicate 

a connection is present (e.g. correlation coefficients are transformed to either a 0 

indicating no connection or a 1 where there is a connection between nodes). Aij 

is an n x n matrix where n is the number of brain voxels (~20,000). This matrix 

notes the presence or absence of a connection between any two nodes 

(represented by i and j). The threshold, calculated as S = log (N)/log (K), is 

conserved to ensure comparable network density across participants. Here N 

represents the number of network nodes and the K is the average node degree, 

or the average number of connections to a given node. Our networks were 

thresholded at S = 2.5 based on previous work showing that this threshold 

produces networks with density ratios that most closely compare to other 

naturally generated networks [30]. 
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Brain Network Analysis 

Community structure analyses were performed on each participant’s brain 

network to assign each voxel to a network community. A community is defined as 

a group of nodes that have more connections with each other than to other 

nodes in the total network [18]. The strength of community structures was 

identified using network modularity or Q [31]. A dynamic Markov process [32] 

was used to maximize Q and partition brain networks into communities. As there 

is a stochastic component to the modularity algorithm, it was run 100 times and 

the partition associated with the highest Q value was chosen for that given study 

participant. Following partitioning of an individual’s brain network, each voxel was 

assigned the appropriate community membership and the spatial maps for the 

community organization were used in the second-level group analyses as 

described below. 

Scaled Inclusivity (SI), a statistic utilized to compute the spatial 

consistency of community structure across a group of participants [33], was used 

for group analyses. Values of SI range between 0 and 1; perfect spatial 

alignment of a community across all participants would result in a value of 1 for 

all nodes in that community. In practice communities are not made of exactly the 

same nodes across study participants as the spatial patterns vary across 

participants due to differences in the community organization. Thus, in practice 

each node is assigned a value less than 1 depending on the discordance across 

participants (for a detailed description of this method applied to the brain see 

[34]). High SI values indicate that a particular network community is stable across 
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the group and occupies comparable brain regions in each person. SI values can 

be compared between groups or conditions to identify population differences in 

community organization.  

Here, we performed SI analyses using ROIs to define a priori intrinsic 

brain subnetworks as described in [21] with a functionally derived sensorimotor 

ROI serving as our primary target [18]. SI was computed across all participants. 

SI analyses were performed to compare SMN-CS between reserve groups. 

Analyses were also performed to identify second-order connectivity to determine 

how the somatomotor cortex links to brain regions beyond the defined 

community. A first-order connection of node i in somatomotor cortex is any node j 

that has a direct connection to node i. A second-order connection of node i is any 

node (k) that is directly connected to a first-order connection of node i (i.e. node 

j), note that node k ≠ i. For more details, see [18]. In the second-order analyses, 

an ROI was generated for the ACC due to higher numbers of connections from 

SMN to ACC in resilient individuals. 

Statistical Analyses 

Unadjusted analysis of variances (ANOVA) were used to estimate group 

differences in general network and testing variables. The effect of resilience 

group on functional network properties was explored using a set of generalized 

linear models assuming normality of outcomes with age, sex, and race as 

covariates (Proc GLM, SAS version 9.4,SAS Institute Inc., Cary, NC). Given that 

resilience grouping was determined based on two factors, WMH volume and 

scores of the SPPB, the first model assessed the interaction between these 
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terms. Pairwise group differences in network measures were extracted from this 

model and corrected for multiple comparisons with the Tukey-Kramer procedure. 

β is used to represent differences in least-squares means. The second model 

removed the interaction term and explored the main effects of each individual 

term (WMH volume and SPPB scores) on network properties. A second set of 

linear models was used to estimate the associations between continuous 

network variables and physical function (dependent variable) defined as eSPPB 

score and gait speed rather than using the 4 groups based on median split. 

Model 1 accounted for age, sex, race, and BMI as covariates while Model 2 

added WMH volume as a covariate. Pairwise differences in the 3-dimensional 

spatial distribution of second-order connections by groups were assessed using 

a permutation statistic [35]. 

Results 

Participant Characteristics 

Of the 147 participants (mean age=76.5±4.7; % female=52.4, % 

Caucasian=78.9; mean years of education=15.8±2.4), 52 were characterized as 

EH, 42 as EI, 13 as UI, and 40 as UH. A detailed description of participant 

characteristics can be found in Table 1. Unadjusted ANOVAs showed a main 

effect of physical function, but no main effect of WMH. Adults with high SPPB 

scores (EH and UH) were younger (p<0.01), had lower BMIs (p<0.01), and 

scored higher on the digit symbol coding task (DSC) (p=0.02) than those with low 

SPPB scores (EI and UI). No significant group differences were observed in 

education, sex, race, or MoCA scores. 



81 
 

Table 1: General Population Characteristics 

  Full Set 

(N=147) 

EH  

(N=52) 

EI  

(N=42) 

UI  

(N=13) 

UH  

(N=40) 

p-

value 

Age (years ± STD) 76.5 ± 4.7 74.3 ± 3.4 78.7 ± 

4.8 

77.4 ± 5.3 76.8 ± 4.8 <0.01* 

Education (years ± 

STD) 

15.8 ± 2.4 16.1 ± 2.3 15.4 ± 

1.9 

16.1 ± 3.5 15.7 ± 2.6 0.61 

Female N (%) 77 (52.4) 22 (42.3) 23 (54.8) 7 (53.9) 25 (62.5) 0.28 

White N (%) 116 (78.9) 47 (90.4) 38 (90.5) 10 (76.9) 35 (87.5) 0.56 

BMI (kg/m²) 28.35 ± 

5.94 

26.93 ± 

5.20 

30.44 ± 

6.16 

32.45 ± 

9.34 

26.65 ± 

4.53 

<0.01* 

SPPB 10.29 ± 

1.81 

11.54 ± 

0.50 

8.26 ± 

0.87 

7.77 ± 

1.25 

11.63 ± 

0.48 

<0.01* 

eSPPB 2.00 ± 0.52 2.37 ± 

0.45 

1.54 ± 

0.31 

1.55 ± 

0.55 

2.30 ± 

0.26 

<0.01* 

4-Meter GS (m/s) 0.975 ± 

0.211 

1.107 ± 

0.213 

0.817 ± 

0.130 

0.777 ± 

0.137 

1.035 ± 

0.127 

<0.01* 

MoCA 25.68 ± 

2.18 

25.88 ± 

1.83 

25.79 ± 

2.34 

24.77 ± 

2.55 

25.60 ± 

2.21 

0.42 

DSC 55.38 ± 

12.70 

58.88 ± 

12.40 

51.19 ± 

11.92 

51.38 ± 

9.51 

56.48 ± 

13.18 

0.02* 

Total WMH 2.027 ± 

0.973 

1.115 ± 

0.692 

2.759 ± 

0.753 

1.607 ± 

0.447 

2.558 ± 

0.504 

<0.01* 

*significance at p<0.05  
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P-values from unadjusted ANOVAs estimating the group differences in general population 

characteristics 

Note: EH=Expected Healthy, EI=Expected Impaired, UI=Unexpected Impaired, UH=Unexpected 

Healthy, BMI = Body Mass Index, SPPB = Short Physical Performance Battery, eSPPB = 

extended Short Physical Performance Battery, GS = gait speed, MoCA = Montreal Cognitive 

Assessment, DSC = Digit Symbol Coding, WMH = log-normalized White Matter Hyperintensities 

Sensorimotor Community Structure 

Network analyses first focused on the interaction between WMH volume 

and scores of the SPBB and its effect on sensorimotor community structure. We 

also extracted the main effect of each term. There was no significant effect of the 

interaction term (p=0.14) or WMH volume (p=0.86) on SMN-CS. However, a 

main of effect of SPPB (p<0.01) was found such that higher scores of the SPPB 

are associated with a more consistent SMN-CS. Given that there was no 

significant interaction effect, we decided to explore pairwise group differences in 

SMN-CS. Somatomotor consistency was significantly lower in EI (p=0.03) and UI 

(p=0.03) participants when compared with EH. UH (SMN-CS=0.071) was 

observed to have lower consistency than EH (SMN-CS=0.087) and higher 

consistency than both EI (SMN-CS=0.055) and UI (SMN-CS=0.043). Output from 

the linear models, adjusting for age, sex, and race, can be found in Table 2 and 

are illustrated in Figure 2. 



83 
 

 

Figure 2: Brain maps showing the resting-state consistency of the sensorimotor cortex 

(SMN-CS, top row) and second-order connections from the SMN to the rest of the 

network (SMN 2nd, bottom row) between Expected Healthy (EH), Expected Impaired 

(EI), Unexpected Impaired (UI), and Unexpected Healthy (UH). For SMN-CS, cool colors 

indicate a less consistent network community structure than warm colors. At rest, EH 

had a more consistent SMN-CS than EI and UI. For SMN 2nd, cool colors indicate fewer 

second-order connections coming from the somatomotor cortex (SMN) than warm 

colors. UH showed a unique pattern of connectivity in that they had higher numbers of 

second-order connections from the SMN to the anterior cingulate cortex (ACC) than all 

other groups. 
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Table 2: Network Metric Group Comparisons and Associations with Physical Function 

Resilience Grouping Effect on Network Properties 

 SMN-CS (F, p-value) SMN to ACC 2nd (F, p-value) 

SPPB*WMH 2.17, 0.14 1.01, 0.32 

SPPB 9.54, <0.01* 1.01, 0.01* 

WMH 0.03, 0.86 2.38, 0.13 

Group Comparisons of SMN-CS 

(β, [95% CI]) 

EH vs EI 0.0312, [0.0028, 0.0596]  

EH vs UI 0.0433, [0.0031, 0.0836]  

EH vs UH 0.0155, [-0.0122, 0.0431]  

EI vs UI 0.0121, [-0.0284, 0.0526]  

EI vs UH -0.0158, [-0.0441, 0.0126]  

UI vs UH -0.0279, [-0.0685, 0.0128]  

Group Comparisons of SMN to ACC Second-order Connections 

  (β, [95% CI]) 

EH vs EI 7.842, [-16.759, 32.443]  

EH vs UI 12.413, [-22.437, 47.263]  

EH vs UH -20.836, [-44.777, -3.104]  

EI vs UI 4.571, [-30.538, 39.681]  

EI vs UH -28.678, [-53.241, -4.114]  

UI vs UH -33.249, [-68.460, -1.961]  

Associations Between Network Measures and Physical Function 

 Model 1 (F, [95% CI], p-value) Model 2 (F, [95% CI], p-value) 

eSPPB 

SMN-CS 6.36, [0.4105, 3.3896], 0.01* 5.35, [0.2527, 3.2313], 0.02* 

SMN to ACC 2nd 0.61, [-0.0011, 0.0025], 0.44 1.19, [-0.0008, 0.0027], 0.28 

Gait Speed 

SMN-CS 4.83, [0.0677, 1.2825], 0.03* 3.72, [-0.0151, 1.1873], 0.06 

SMN to ACC 2nd 0.88, [-0.0004,0.0011], 0.35 1.68, [0.0004,0.0138], 0.20 

*significance at p<0.05 

Resilience Grouping Effect on Network Properties: Interaction and main effects of resilience 

grouping components on network properties adjusted for age, sex, and race 

Group Comparisons of Network Measures: Pairwise group comparisons taken from interaction 

effect model adjusted for age, sex, and race 

Model 1 (Associations Between Network Measures and Physical Function): Effect of network 

measures on physical function adjusted for age, sex, race, and BMI 
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Model 2 (Associations Between Network Measures and Physical Function): Model 1 + WMH 

volume 

Note: SPPB*WMH = Resilience Group Interaction Term, SPPB = Short Physical Performance 

Battery, WMH = White matter Hyperintensity, SMN = Sensorimotor Cortex, ACC = Anterior 

Cingulate Cortex, SMN-CS = Sensorimotor Cortex Community Structure, EH = Expected Healthy 

(High SPPB/Low WMH), EI = Expected Impaired (Low SPPB, High WMH), UI = Unexpected 

Impaired (Low SPPB, Low WMH), UH = Unexpected Healthy (High SPPB/High WMH) 

Sensorimotor Second-order Connections 

We next evaluated the patterns of connectivity from SMN to the rest of the 

brain adjusting for age, sex, and race (Table 2, Figure 2). A significant (p<0.05) 

pairwise spatial difference in second-order connectivity was identified with the 

permutation statistic reflecting a difference in the pattern of connectivity between 

UH and EI. UH was observed to have a higher number of second-order 

connections from SMN to ACC than EI. We next focused our generalized linear 

model analyses on this pattern of connectivity using values extracted from the 

ACC ROI. No significant effect of the interaction term (p=0.32) or WMH volume 

(0.13) was observed, but we did detect a main effect of SPPB (p=0.01) such that 

higher SPPB scores were associated with higher numbers of second-order 

connections from the SMN to the ACC. We next compared pairwise differences 

in second order connections. UH (2nd=76.41) had higher average numbers of 

second-order connections from SMN to ACC than EH (2nd=55.58), EI 

(2nd=47.74), and UI (2nd=43.16). 
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Associations with Physical Function 

More consistent SMN-CS was associated with higher eSPPB scores in 

both Model 1 (p=0.01) and Model 2 (p=0.02). Gait speed was also significantly 

associated with SMN-CS in Model 1 (p=0.03) and showed a positive trend in 

Model 2 (p=0.06). No significant association was observed between SMN 

second-order connections to the ACC and eSPPB scores in Model 1 (p=0.44) or 

Model 2 (p=0.28), or between second-order connections between the SMN and 

ACC and gait speed in Model 1 (p=0.35) or Model 2 (p=0.20).  Table 2 contains 

the output of the linear models exploring associations between continuous 

network measures and scores of the eSPPB and gait speed. A significant effect 

of WMH volume was observed with both eSPPB (p=0.04) and gait speed 

(p=0.03) such that higher volumes of WMH are associated with lower levels of 

mobility. 

Discussion 

In the present study, we investigated the neural correlates of physical 

resilience using graph theory network analyses on study participants grouped 

using WMH volumes and SPPB scores. We hypothesized that individuals with 

high resilience would show compensatory shifts in functional connectivity and 

that these shifts would provide indications of physical resilience within the brain. 

No significant effect of the resilience interaction term or WMH volume was found 

on network properties, but a main effect of SPPB was reported. This indicated 

that higher SPPB scores are associated with increased SMN-CS and second-

order connections from SMN to ACC. Three-dimensional permutation analyses 
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indicated that UH, the group characterized as having high physical resilience, 

displayed higher numbers of second-order connections from the SMN to the ACC 

than EI. Although no significant effect of the resilience interaction term was 

reported on network measures, pairwise group differences were of interest. 

Pairwise comparisons of SMN-CS showed that UH was less consistent than EH, 

but more consistent than both EI and UI. Additionally, UH displayed higher 

numbers of second-order connections from SMN to ACC than all other groups. 

This pattern of connectivity in UH, who maintained high levels of mobility despite 

high WMH burdens (unlike EI), is possibly a compensatory mechanism which 

provides indications of physical resilience within the brain. 

The high number of second-order connections from SMN to ACC in UH 

appears to confirm our hypothesis that resilient individuals would display 

compensatory shifts in functional connectivity. Functionally, the ACC plays 

primary roles in attentional allocation and control as well as intentional motor 

control [35] and decision-making [34]. Structurally, the ACC is highly integrated 

with cortical motor regions [36]. Recently, the ACC has gained attention as a key 

region in a “fine-tuning” network for human locomotion where continuous 

flexibility and adaptability is necessary [20]. The ACC is also a key node in a 

prominent brain network, the salience network (SAL) [36]. Generally, the SAL 

plays major roles in the initiation of cognitive control [37], organization of 

behavioral responses [38], and detection and integration of emotional and 

sensory stimuli [39]. The SAL’s role in cognitive control may be particularly 

important for resilience as it centers around its capacity to drive the alternation 
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between DMN (internally directed cognition) and central executive network 

(externally directed cognition), which allows for more efficient navigation through 

one’s environment. The difference in connections between UH and EI was of 

particular interest as they have similar volumes of WMH but UH have significantly 

higher scores on the SPPB. Altogether, we observe that UH, who are perceived 

as having high physical resilience, are displaying a unique pattern of connectivity. 

This suggests that this ability to form higher numbers of connections despite 

increased pathologic burden, a marker for neural plasticity, could be a 

compensatory mechanism aimed assisting the maintenance of physical function. 

More specifically, given the role of the ACC and SAL in motor and cognitive 

control as well as stimuli integration, increased connectivity from the SMN to 

these regions could be a core component of physical resilience within the brain. 

Community structure analyses did not reveal any significant differences in 

SMN-CS of UH to any of the other three groups. In fact, the only significant group 

differences observed were EH being more consistent than EI and UI, which is in 

line with our previous findings on SMN-CS and SPPB scores [18]. While not 

significant, SMN-CS consistency of UH was most similar to that of EH in that the 

average consistency was higher than that of both impaired groups, which further 

highlights the positive relationship between SMN-CS and SPPB scores. The lack 

of significant decreases in SMN-CS in UH when compared with EH could 

indicate that they are resistant to the deleterious effects of WMH within the SMN. 

An important and unanswered question, however, is if maintenance of SMN-CS 

alone is enough or whether resilient individuals also need to maintain the 
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increased level of second-order connections to the ACC to maintain mobility. Of 

note, UH also did not show any significant cognitive differences from EH despite 

the increased burden of WMH. Taken with the previous literature showing that 

neural resources are shared between mobility and cognition [7, 40], the property 

of resilience may not be specific only to physical function, but shared with 

cognition. 

While imaging findings are compelling, mobility requires energetic input, 

structural integrity, muscle strength, and good sensory function among other 

factors. Therefore, physical resilience is likely comprised of multiple reserves or 

resiliencies [2]. Therefore, an individual might have reserve within a given 

system. For example, if an individual may have a high level of mitochondrial 

health, due to good health habits or genetic variation, that acts as a buffer 

against age-related declines in mitochondrial function, which downstream leads 

to prolonged mobility. Alternately, reserve in one system might compensate for or 

buffer against loss in another. For example, structural integrity is weakened by 

joint damage that requires a hip replacement, but good muscle strength from 

lifelong exercise habits helps maintain and recover mobility more rapidly. One 

way we may be able to capture multiple levels of resilience is by combining 

imaging data with biomarkers tied to physical and cognitive function. One 

example may be brain-derived neurotrophic factor (BDNF). BDNF is highly 

expressed in the brain and is considered a marker of neuroplasticity [41], of 

which we saw increases in UH participants. It is widely accepted that BDNF’s 

main function in the adult brain is the regulation of synapses, both excitatory and 
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inhibitory [42]. Poorer baseline levels of BDNF have been associated with 

increased hippocampal atrophy, declining cognitive scores, and increased rates 

of depression [43]. BDNF has also been associated with physical function; one 

study identified elevated levels of circulating proBDNF, the precursor to BDNF, in 

the serum of older adults with slower gait speed [44]. Additionally, exercise 

interventions have shown promise as potential treatments for both physical and 

cognitive impairments. Interestingly, BDNF expression increases following 

aerobic exercise [45-47]; these increases in BDNF expression have been 

associated with amelioration of hippocampal atrophy and improvement in 

cognitive scores [43, 48]. Furthermore, higher BDNF expression is associated 

with slower cognitive decline and may reduce the deleterious effects of AD 

pathology [49], possibly indicating BDNF plays a role in cognitive reserve. The 

role of BDNF in physical resilience, however, remains unexplored and should be 

explored in future studies. 

Our study benefited from a few key strengths. First, the study design of B-

NET provides several advantages in that it consists of a large, well-characterized 

cohort of community-dwelling older adults. The large sample size and wealth of 

testing data increases our statistical power and provides unique opportunities to 

advance our understanding of mobility-related functional brain networks. Our 

study was also strengthened by the use of WMH and SPPB scores to 

characterize physical resilience in combination with functional network 

architecture. To our knowledge, we are the first to make use of this paradigm, 

which may identify individuals with high resilience. There were also several 
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limitations in the current study. First, the data presented here is cross-sectional, 

which limits our ability to comment on longitudinal effects. However, 30-month 

follow-up MRI and fMRI scans will be collected and allow for future longitudinal 

network analyses. In addition, our sample was recruited as cognitively normal. 

While this does provide opportunities to explore associations in the absence of 

cognitive impairment, we are not able to compare network connectivity between 

individuals who are cognitively normal and impaired. Finally, we were limited 

statistically by the reduced sample size within our resilience groups as a result of 

our resilience grouping method. While our total sample size was 147, within-

group sizes ranged from 52 to 13, which limited statistical power despite the 

visually apparent group differences in network measures. It is possible that our 

analyses would have revealed stronger associations between the resilience 

interaction term and network measures with larger within group samples. Future 

analyses should aim to recruit larger, equally distributed samples to address this 

limitation. 

Conclusion 

Utilizing graph theory to study brain network architecture in a large, well-

characterized cohort of community-dwelling older adults, we have identified a 

shift in functional connectivity of resilient participants that may be a marker of 

physical resilience in the brain. Increased connectivity from SMN to ACC appears 

to be a driving factor for resilient individuals to maintain physical function and 

may be a key node of a “resilience brain network”. Additionally, our paradigm of 

combining WMH volume with scores of the SPPB is easily replicable and proved 
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effective in identifying individuals with high physical resilience. Future studies 

should aim to replicate and expand on these analyses in populations that are 

cognitively normal and impaired, by studying different brain pathologies, and by 

studying the differences in group responses to interventions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



93 
 

References 

 

1. Hadley, E.C., et al., Report: NIA Workshop on Measures of Physiologic 

Resiliencies in Human Aging. The Journals of Gerontology: Series A, 

2017. 72(7): p. 980-990. 

2. Whitson, H.E., et al., Physical Resilience in Older Adults: Systematic 

Review and Development of an Emerging Construct. The Journals of 

Gerontology: Series A, 2015. 71(4): p. 489-495. 

3. Stern, Y., Cognitive reserve. Neuropsychologia, 2009. 47(10): p. 2015-

2028. 

4. United Nations, D.o.E.a.S.A., World Population Prospects. 2019. 

5. Prevalence of disabilities and associated health conditions among adults--

United States, 1999. MMWR Morb Mortal Wkly Rep, 2001. 50(7): p. 120-

5. 

6. Rosso, A.L., et al., Aging, the central nervous system, and mobility. J 

Gerontol A Biol Sci Med Sci, 2013. 68(11): p. 1379-86. 

7. Rosano, C., et al., Slower gait, slower information processing and smaller 

prefrontal area in older adults. Age Ageing, 2012. 41(1): p. 58-64. 

8. Rosario, B.L., et al., Cerebral White Matter and Slow Gait: Contribution of 

Hyperintensities and Normal-appearing Parenchyma. J Gerontol A Biol Sci 

Med Sci, 2016. 71(7): p. 968-73. 

9. Bolandzadeh, N., et al., Pathways linking regional hyperintensities in the 

brain and slower gait. Neuroimage, 2014. 99: p. 7-13. 



94 
 

10. Moon, S.Y., et al., Prospective associations between white matter 

hyperintensities and lower extremity function. Neurology, 2018. 90(15): p. 

e1291. 

11. Bolandzadeh, N., et al., The association between cognitive function and 

white matter lesion location in older adults: a systematic review. BMC 

Neurology, 2012. 12(1): p. 126. 

12. Frisoni, G.B., et al., The effect of white matter lesions on cognition in the 

elderly--small but detectable. Nat Clin Pract Neurol, 2007. 3(11): p. 620-7. 

13. Kuo, H.-K. and L.A. Lipsitz, Cerebral White Matter Changes and Geriatric 

Syndromes: Is There a Link? The Journals of Gerontology: Series A, 

2004. 59(8): p. M818-M826. 

14. Sorond, F.A. and P.B. Gorelick, Brain White Matter: A Substrate for 

Resilience and a Substance for Subcortical Small Vessel Disease. Brain 

Sciences, 2019. 9(8): p. 193. 

15. Abellaneda-Pérez, K., et al., Age-related differences in default-mode 

network connectivity in response to intermittent theta-burst stimulation and 

its relationships with maintained cognition and brain integrity in healthy 

aging. NeuroImage, 2019. 188: p. 794-806. 

16. Anthony, M. and F. Lin, A Systematic Review for Functional Neuroimaging 

Studies of Cognitive Reserve Across the Cognitive Aging Spectrum. 

Archives of Clinical Neuropsychology, 2017. 33(8): p. 937-948. 



95 
 

17. Bastin, C., et al., Cognitive reserve impacts on inter-individual variability in 

resting-state cerebral metabolism in normal aging. NeuroImage, 2012. 

63(2): p. 713-722. 

18. Hugenschmidt, C.E., et al., Graph Theory Analysis of Functional Brain 

Networks and Mobility Disability in Older Adults. The Journals of 

Gerontology: Series A, 2014. 69(11): p. 1399-1406. 

19. Poole, V.N., et al., Motor-Cognitive Neural Network Communication 

Underlies Walking Speed in Community-Dwelling Older Adults. Frontiers 

in aging neuroscience, 2019. 11: p. 159-159. 

20. Hinton, D.C., et al., Adjusting gait step-by-step: Brain activation during 

split-belt treadmill walking. NeuroImage, 2019. 202: p. 116095. 

21. Neyland, B.R., et al., Effects of a Motor Imagery Task on Functional Brain 

Network Community Structure in Older Adults: Data from the Brain 

Networks and Mobility Function (B-NET) Study. Brain Sciences, 2021. 

11(1): p. 118. 

22. Guralnik JM, S.E., Ferrucci L, Glynn RJ, Berkman LF, Blazer DG, Scherr 

PA, Wallace RB., A short physical performance battery assessing lower 

extremity function: association with self-reported disability and prediction 

of mortality and nursing home admission. J Gerontol, 1994. 49(2): p. 85-

94. 

23. Simonsick, E.M., et al., Measuring Higher Level Physical Function in Well-

Functioning Older Adults: Expanding Familiar Approaches in the Health 



96 
 

ABC Study. The Journals of Gerontology: Series A, 2001. 56(10): p. 

M644-M649. 

24. Vasunilashorn, S., et al., Use of the Short Physical Performance Battery 

Score to Predict Loss of Ability to Walk 400 Meters: Analysis From the 

InCHIANTI Study. The Journals of Gerontology: Series A, 2009. 64A(2): p. 

223-229. 

25. Avants, B.B., et al., The Insight ToolKit image registration framework. 

Front Neuroinform, 2014. 8. 

26. Jenkinson, M., et al., FSL. Neuroimage, 2012. 62(2): p. 782-90. 

27. Ogawa, S., et al., Brain magnetic resonance imaging with contrast 

dependent on blood oxygenation. Proceedings of the National Academy of 

Sciences of the United States of America, 1990. 87(24): p. 9868-9872. 

28. Avants, B.B., et al., Symmetric diffeomorphic image registration with 

cross-correlation: evaluating automated labeling of elderly and 

neurodegenerative brain. Medical image analysis, 2008. 12(1): p. 26-41. 

29. Power, J.D., et al., Spurious but systematic correlations in functional 

connectivity MRI networks arise from subject motion. NeuroImage, 2012. 

59(3): p. 2142-2154. 

30. Laurienti, P.J., et al., Universal fractal scaling of self-organized networks. 

Physica A, 2011. 390(20): p. 3608-3613. 

31. Newman, M.E.J., Modularity and community structure in networks. 

Proceedings of the National Academy of Sciences, 2006. 103(23): p. 

8577-8582. 



97 
 

32. Delvenne, J.-C., S.N. Yaliraki, and M. Barahona, Stability of graph 

communities across time scales. Proceedings of the National Academy of 

Sciences, 2010. 107(29): p. 12755-12760. 

33. Steen, M., et al., Assessing the consistency of community structure in 

complex networks. Phys Rev E Stat Nonlin Soft Matter Phys, 2011. 84(1-

2): p. 016111. 

34. Moussa, M.N., et al., Consistency of Network Modules in Resting-State 

fMRI Connectome Data. PLOS ONE, 2012. 7(8): p. e44428. 

35. Simpson, S.L., et al., A permutation testing framework to compare groups 

of brain networks. Front Comput Neurosci, 2013. 7: p. 171. 

36. Ham, T., et al., Cognitive control and the salience network: an 

investigation of error processing and effective connectivity. The Journal of 

neuroscience : the official journal of the Society for Neuroscience, 2013. 

33(16): p. 7091-7098. 

37. Menon, V. and L.Q. Uddin, Saliency, switching, attention and control: a 

network model of insula function. Brain structure & function, 2010. 214(5-

6): p. 655-667. 

38. Medford, N. and H.D. Critchley, Conjoint activity of anterior insular and 

anterior cingulate cortex: awareness and response. Brain structure & 

function, 2010. 214(5-6): p. 535-549. 

39. Downar, J., et al., A multimodal cortical network for the detection of 

changes in the sensory environment. Nature Neuroscience, 2000. 3(3): p. 

277-283. 



98 
 

40. Montero-Odasso, M., et al., Gait and Cognition: A Complementary 

Approach to Understanding Brain Function and the Risk of Falling. Journal 

of the American Geriatrics Society, 2012. 60(11): p. 2127-2136. 

41. Bramham, C.R. and E. Messaoudi, BDNF function in adult synaptic 

plasticity: The synaptic consolidation hypothesis. Progress in 

Neurobiology, 2005. 76(2): p. 99-125. 

42. Lu, B., G. Nagappan, and Y. Lu, BDNF and synaptic plasticity, cognitive 

function, and dysfunction. Handb Exp Pharmacol, 2014. 220: p. 223-50. 

43. Erickson, K.I., D.L. Miller, and K.A. Roecklein, The Aging 

Hippocampus:Interactions between Exercise, Depression, and BDNF. The 

Neuroscientist, 2012. 18(1): p. 82-97. 

44. Suire, C.N., et al., Walking speed decline in older adults is associated with 

elevated pro-BDNF in plasma extracellular vesicles. Exp Gerontol, 2017. 

98: p. 209-216. 

45. Gómez-Pinilla, F., et al., Voluntary Exercise Induces a BDNF-Mediated 

Mechanism That Promotes Neuroplasticity. Journal of Neurophysiology, 

2002. 88(5): p. 2187-2195. 

46. Griffin, É.W., et al., Aerobic exercise improves hippocampal function and 

increases BDNF in the serum of young adult males. Physiology & 

Behavior, 2011. 104(5): p. 934-941. 

47. Heyman, E., et al., Intense exercise increases circulating 

endocannabinoid and BDNF levels in humans—Possible implications for 



99 
 

reward and depression. Psychoneuroendocrinology, 2012. 37(6): p. 844-

851. 

48. Vaynman, S., Z. Ying, and F. Gomez-Pinilla, Hippocampal BDNF 

mediates the efficacy of exercise on synaptic plasticity and cognition. 

European Journal of Neuroscience, 2004. 20(10): p. 2580-2590. 

49. Buchman, A.S., et al., Higher brain <em>BDNF</em> gene expression is 

associated with slower cognitive decline in older adults. Neurology, 2016. 

86(8): p. 735-741. 

 

 

 

 

 

 

 

 

 

 

 

 



100 
 

CHAPTER 4 

 

The following chapter is adapted from: 

 

Neyland BR et al, Amyloid-β moderates associations between functional brain 

networks and mobility in cognitively normal older adults and may influence 

physical resilience Under Review at Alzheimer’s & Dementia 
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Abstract 

Little is currently known about the effects of amyloid beta (Aβ) deposition on 

functional brain networks and their associations with physical function. Even less 

is known about the role of the central nervous system in physical resilience. 

Seventy participants completed the short physical performance battery (SPPB), 

resting-state functional magnetic resonance imaging (fMRI), two difficulty levels 

(easy and hard) of a motor-imagery fMRI task, and Aβ positron emission 

tomography (PET). Functional brain networks were generated using graph theory 

methods. RESULTS: Despite similar SPPB scores, Aβ+ participants (resilient) 

showed less consistent sensorimotor cortex community structure (SMN-CS) than 

Aβ- and had higher numbers of second-order connections between the 

sensorimotor cortex (SMN) and anterior cingulate cortex (ACC) during the hard 

motor-imagery task. DISCUSSION: Physical resilience may be a key feature of 

healthy aging and these results help lay the groundwork for understanding the 

contributions of the central nervous system to this construct.  



102 
 

Introduction 

Loss of independence, one of the greatest fears of individuals as they age 

[1], is a diagnostic feature of dementia resulting from progressive cognitive 

decline. It is less widely acknowledged that dementia is often accompanied by 

gait and movement changes that increase fall risk, further reduce independence 

[2], and can precede the onset of clinically detectable cognitive decline [2-6].  

Amyloid beta (Aβ), a pathological hallmark of Alzheimer’s disease (AD), 

accumulates decades before clinically detectable cognitive symptoms arise [7]. 

However, post-mortem autopsies indicate that 30% of older adults with brain Aβ 

accumulation died with no clinically detectable cognitive deficits [8]. It may be 

that elevated amyloid is a required, but not sufficient, component of the AD 

neuropathological cascade [9]. To account for this disjunction between pathology 

and predicted clinical deficits, the concepts of cognitive reserve and resilience 

were proposed [10]. Here, resilience is defined as the ability to maintain function 

despite increased accumulation of AD-related neuropathology. However, the 

cognitive resilience literature has not accounted for the disparity in mobility 

observed in older adults. Recently, physical resilience, “a characteristic which 

determines one’s ability to resist or recover from functional decline following 

health stressor(s)” was proposed as a key feature of healthy aging [11]. Brain Aβ 

deposition in participants with dementia, measured using positron emission 

tomography (PET), is associated with slower gait [12]. In cognitively normal 

participants, however, the relationship between higher Aβ and slower gait is 
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mixed as cognitive status has been shown to both weaken these associations 

[13] and also have no moderating effect [14]. 

Aβ pathology may alter functional brain networks and lead to alterations in 

cognition and mobility. Intrinsic brain networks measured using fMRI, such as the 

default-mode network (DMN), may be particularly affected by Aβ accumulation 

[15-17]. Evidence also suggests that graph theory measures including 

modularity, global efficiency, and hub numbers decrease in the presence of Aβ 

[18, 19]. Graph theory measures have also been associated with mobility. 

Functional brain network community structure is associated with mobility; 

specifically, we have shown that reduced consistency of SMN-CS is associated 

with poorer mobility in older adults [20]. Recently, resting-state functional 

connectivity has also been associated with walking speed [21]. However, 

associations between these network measures, mobility, and physical resilience 

in the presence of amyloid have not been examined.  

We examined associations between elevated brain Aβ, measured with 

PET, and brain network architecture of cognitively normal older adults using 

cross-sectional data from the Brain Networks and Mobility (B-NET) study, an 

ongoing observational study on neural correlates of aging and mobility. We also 

investigated whether patterns of functional connectivity could distinguish 

individuals with physical resilience, defined as being amyloid positive (Aβ+) yet 

maintaining physical function. A novel feature of the study design is that we 

employed both a performance-based measure of physical function, the SPPB 

[22] and guided imagery by participants on both easy and hard tasks from the 
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MAT-sf [23]. The MAT-sf is a video-based assessment tool that evaluates the 

perceived ability of older adults to perform various mobility tasks that are 

demonstrated by an Avatar. Our rationale for this design is that state changes in 

the brain during motor imagery would provide insight into potential processing 

differences as a function of Aβ status. We anticipated that Aβ+ participants would 

exhibit network activity suggestive of compensatory shifts as compared to 

amyloid negative (Aβ-) participants and that these effects would be most 

dramatic for the difficult task set, possibly providing indications of physical 

resilience.  

Methods 

B-NET Study Design 

Data are from the Brain Networks and Mobility (B-NET) study 

(NCT03430427). B-NET is an ongoing longitudinal, observational trial of 

community-dwelling older adults aged 70 and older recruited from Forsyth 

County, NC and surrounding regions. Participants were asked to complete a 

baseline visit along with follow-up visits at 6, 18, and 30 months. Brain MRIs 

were collected at baseline and the 30-month follow-up visit. The study received 

an Administrative Supplement to add baseline amyloid PET images, which were 

collected within 6 months of a participant’s baseline visit. Baseline data are 

presented.  

Participants 
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The analysis includes a subset 70 participants from the parent B-NET 

study who were included in the PET sub-study. To be included, participants had 

to be age of 70 and older, willing to sign informed consent, and able to 

communicate with study personnel. Exclusion criteria included being unwilling or 

unable to have brain MRI and PET, being a single or double amputee, having 

musculoskeletal implants severe enough to impede functional testing (e.g., joint 

replacements), or dependency on a walker or another person to ambulate. 

Cognitive impairment was based on scores on the Montreal Cognitive 

Assessment (MoCA). Briefly, scores of 26-30 on the MoCA were considered 

immediately eligible and scores from 21-25 were reviewed by the study 

neuropsychologist to determine eligibility. MoCA scores of 20 or lower were 

considered ineligible. Further exclusion criteria can be found here [24]. The study 

complied with the Declaration of Helsinki and written informed consent was 

obtained from each participant prior to any data collection. The Institutional 

Review Board (IRB) of the Wake Forest School of Medicine approved the study.  

Mobility Function Testing 

Mobility was tested using the SPPB [22], which tests balance (stand with 

feet side-by-side, semi-tandem, and tandem for 10 seconds in each position), 

gait speed (4 meter walk at usual pace), and chair stand (time to rise from a chair 

5 times). Each test is scored from 0-4, with 0 being the worst and 4 the best, for a 

total score range 0-12. 

Aβ PET 
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[11C]PiB was used for assessing fibrillar Aβ brain deposition on PET. 

Following a CT scan for attenuation correction, participants were injected with 

~370 MBq [11C]PiB and scanned from 40-70 min (5-min frames) post injection 

on a 64-slice GE Discovery MI DR PET/CT [25]. Each participant’s PET image 

was motion-corrected, averaged, and co-registered to their structural MRI. A 

voxelwise standardized uptake volume ratio (SUVR) image was generated. 

Global brain PiB uptake was calculated as PiB SUVR (40-70 min, cerebellar grey 

reference) averaged from a set of cortical regions of interest (ROI) sensitive to 

early AD, using FreeSurfer-segmented regions [26, 27], which served as a 

biomarker of Aβ burden. Additionally, each PiB PET scan was visually assessed 

by trained raters for adjudication of amyloid positivity status, to define Aβ- and 

Aβ+ groups, using a modification of previously established criteria [28]. 

MRI Acquisition 

All brain images were collected on a Siemens 3T Skyra MRI Scanner 

equipped with a 32-channel head coil. Each scan session lasted approximately 

one hour and includes structural and physiological scans. The current study used 

T1-weighted 3D volumetric MPRAGE anatomical image (TR=2300ms; 

TE=2.98ms; number of slices=192; voxel dimensions=1.0x1.0x1.0mm; 

FOV=256mm; scan duration=312s) and blood oxygenation level-dependent 

(BOLD) images (TR=2000ms; TE=25ms; number of slices=35; voxel 

dimensions=4.0x4.0x5.0mm; FOV=256mm; scan duration=460s). The BOLD 

images were collected parallel to the anterior commissure-posterior commissure 
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line using multi-slice gradient-echo planar imaging [29] at rest and during two 

motor imagery tasks.  

Motor-imagery Task 

Study participants lay supine in the MRI scanner with visual stimuli 

projected onto a screen viewed through a mirror. Stimulus presentation consisted 

of two modified videos from the Mobility Assessment Tool–short form (MAT-sf) 

[30] played through a standard media player. The two videos were created using 

the MAT-sf stimuli with the first showing relatively easy (Easy Task) mobility 

tasks and the second showing more difficult mobility tasks (Hard Task). Further 

details can be found here [24]. 

fMRI Pre-processing 

Structural image segmentation, including removal of non-brain tissue and 

cerebrospinal fluid (CSF), was completed using Statistical Parametric Mapping 

version 12 (SPM12, http://www.fil.ion.ucl.ac.uk/spm) as described in [24]. Briefly, 

coregistration of the functional and anatomical images was improved through 

creation of a whole-brain mask for each subject using both white and grey matter 

segments. All images were manually inspected and cleaned to remove excess 

parenchymal tissue using MRIcron (https://www.nitrc.org/projects/mricron). High-

resolution T1-weighted images were spatially normalized to the Montreal 

Neurological Institute (MNI) template using Advanced Normalization Tools 

(ANTs) [31]. Distortion correction was completed using FSL 

(www.fmrib.ox.ac.uk/fsl). The first 10 volumes were dropped to allow for signal 
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normalization. Slice time correction and realignment of functional images was 

completed using SPM12. BOLD images were coregistered to native-space 

anatomical images and warped to MNI space using the transformation derived 

from ANTs. Motion scrubbing was applied [32] and data were band-pass filtered 

(0.009 – 0.08 Hz) to account for low-frequency drift and physiologic noise. 

Confounding signals (white matter, gray matter, CSF, and 6 rigid-body motion 

parameters generated during the realignment process) were regressed out from 

the filtered data. 

Brain Network Calculation 

The presence of a connection between two nodes (i and j), which are 

voxels in the current analyses, was determined by completing a time series 

regression analysis. This produced a cross-correlation matrix, which represents 

the Pearson’s correlation coefficient that describes connectivity between every 

network node. A threshold was then chosen to dichotomize the data and create 

the final binary adjacency matrix (Aij) where values above the threshold indicate 

a connection is present (e.g. correlation coefficients are transformed to either a 0 

indicating no connection or a 1 where there is a connection between nodes). Aij 

is an n x n matrix where n is the number of brain voxels (~20,000). This matrix 

notes the presence or absence of a connection between any two nodes 

(represented by i and j). The threshold, calculated as S = log (N)/log (K), is 

conserved to ensure comparable network density across participants. Here N 

represents the number of network nodes and the K is the average node degree. 

Our networks were thresholded at S = 2.5 based on previous work showing that 
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this threshold produces networks with density ratios that most closely compare to 

other naturally generated networks [33]. 

Brain Network Analysis 

Community structure analyses were performed on each participant’s brain 

network to assign each voxel to a network community. A community is defined as 

a group of nodes that have more connections with each other than to other 

nodes in the total network [20]. The strength of community structures was 

identified using network modularity or Q [34]. A dynamic Markov process [35] 

was used to maximize Q and partition brain networks into communities. As there 

is a stochastic component to the modularity algorithm, it was run 100 times and 

the partition associated with the highest Q value was chosen for that given study 

participant. Following partitioning of an individual’s brain network, each voxel was 

assigned the appropriate community membership and the spatial maps for the 

community organization were used in the second-level group analyses as 

described below. 

Scaled Inclusivity (SI), a statistic utilized to compute the spatial 

consistency of community structure across a group of participants [36], was used 

for group analyses. Values of SI range between 0 and 1; perfect spatial 

alignment of a community across all participants would result in a value of 1 for 

all nodes in that community. In practice communities are not made of exactly the 

same nodes across study participants as the spatial patterns vary across 

participants due to differences in the community organization. Thus, in practice 

each node is assigned a value less than 1 depending on the discordance across 
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participants (for a detailed description of this method applied to the brain see 

[37]). High SI values indicate that a particular network community is stable across 

the group and occupies comparable brain regions in each person. SI values can 

be compared between groups or conditions to identify population differences in 

community organization.  

Here, we performed SI analyses using ROIs to define a priori intrinsic 

brain subnetworks as described in [24]. In the current study, the SMN was 

chosen as the primary ROI due to its established involvement in motor function 

and our prior work [20]. SI was computed across all scan conditions (Rest, Easy, 

Hard) and all participants. SI analyses were performed to compare SMN-CS 

between amyloid groups. Analyses were also performed to identify second-order 

connectivity to determine how the sensorimotor cortex links to brain regions 

beyond the defined community. A first-order connection of node i in sensorimotor 

cortex is any node j that has a direct connection to node i. A second-order 

connection of node i is any node (k) that is directly connected to a first-order 

connection of node i (i.e. node j), note that node k ≠ i. For more details, see [20]. 

Table 1 summarizes details about each network measure. 
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Table 1: Description of Network Variables 

Network Variable Variable Description 

Nodes Vertices in the graph. In the current study, nodes are 

voxels from the fMRI images. 

Edges The connections between network nodes inferred by the 

temporal correlations of the BOLD signal. 

Network Modularity (Q) The degree to which the network is separated into distinct 

modules or communities. 

Community Structure 

(CS) 

Groups or “communities” of nodes that are more 

connected to each other than they are to nodes in other 

communities. 

Scaled Inclusivity (SI) A statistic that measures the consistency of community 

structure across participants. 

First-order Connection Nodes that are directly connected to a region of interest. 

Second-order 

Connection 

Nodes that are connected to the neighbors of a region of 

interest, but not directly to that region. 

 

Statistical Analyses 

Two-sample t-tests were used to test for group differences (Aβ- vs Aβ+) in 

general network and testing variables; chi-square tests were used for sex and 

race. A general linear model assuming normality of outcomes (Proc GLM, SAS 

version 9.4,SAS Institute Inc., Cary, NC) was used to estimate the associations 

between brain measures (network variables and amyloid uptake) and physical 
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function (dependent variable) with age, sex, race, BMI, MoCA, and WMH volume 

as covariates. For the dichotomous amyloid status variable, β represents the 

difference in least-squares means between groups; whereas, for continuous 

predictors (amyloid load (PIBSUVR) and SMN-CS), β represents the slope 

relative to the continuous physical function variables. Differences in network 

properties were statistically compared between scan conditions using similar 

general linear models. Using this model, we estimated mean differences in 

network consistency and second-order connections between Aβ+ and Aβ- 

groups with age, sex, race, MoCA, and WMH volume as covariates. Second-

order connectivity was assessed for each of the three task conditions (rest, easy, 

hard).  A similar analysis was performed using continuous amyloid load 

(PIBSUVR) as the predictor. 

Results 

Population Characteristics 

Of the seventy participants (mean age=76.1±4.3; % female=55.4; % 

Caucasian=91.7; mean education=15.7±2.5), 39 were characterized as Aβ- and 

31 as Aβ+ (see Table 2). No other significant group differences were observed 
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between Aβ- and Aβ+, including MoCA scores. Group network properties and 

regional amyloid SUVRs can be found in Appendix B. 

 

 

Table 2: General Population Characteristics 

  Aβ-  (N=39) Aβ+ (N=31) p-value 

Age (years ± STD) 75.66 ± 4.12 77.33 ± 5.19 0.14 

Education (years ± STD) 15.62 ± 2.45 15.45 ± 3.31 0.81 

Female N (%) 18 (46.20) 17 (54.80) 0.63 

White N (%) 34 (87.18) 30 (96.77) 0.62 

BMI (kg/m²) 27.46 ± 4.13 28.24 ± 4.03 0.44 

SPPB Score 10.41 ± 1.55 10.06 ± 1.81 0.39 

4-Meter GS (m/s) 0.989 ± 0.204 1.019 ± 0.232 0.57 

MoCA Score 25.85 ± 2.40 25.00 ± 1.97 0.12 

DSC Score 54.36 ± 12.07 55.03 ± 11.74 0.82 

WMH Volume 1.856 ± 1.072 2.071 ± 1.046 0.42 

PIBSUVR 1.15 ± 0.07 1.87 ± 0.39 <0.001* 

* Significance at p<0.05 

Note: BMI = Body Mass Index, SPPB = Short Physical Performance Battery, GS = gait speed, 

MoCA = Montreal Cognitive Assessment, DSC = Digit Symbol Coding, WMH = log-normalized 

White Matter Hyperintensities, PIBSUVR = Amyloid Standardized Uptake Value Ratio 

Associations with Physical Function 

Table 3 contains the results of the linear models estimating the 

associations between physical function and amyloid status (Aβ+ vs. Aβ-), 
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continuous amyloid load (PIBSUVR), and SMN-CS. Scores on the SPPB were 

not different between Aβ+ and Aβ- (p=0.91), associated with PIBSUVR (p=0.51), 

or SMN-CS (p=0.29). Gait speed was not associated with either PIBSUVR 

(p=0.22), or SMN-CS (p=0.83), but showed a trend for association with amyloid 

status such that Aβ+ participants had faster gait (p = 0.06). 

Table 3: Associations between physical function and brain measures 

 Predictor β 95% CI p-value 

Outcome = SPPB Score (0-12) 

Amyloid Status -0.0432 [-0.8039, 0.7175] 0.91 

PIBSUVR -0.2976 [-1.202, 0.6064] 0.51 

SMN-CS 4.3587 [-3.8510, 12.5684] 0.29 

Outcome = 4-Meter Gait Speed (m/s) 

Amyloid Status 0.0853 [-0.0063, 0.1769] 0.06 

PIBSUVR 0.0690 [-0.0418, 0.1798] 0.22 

SMN-CS 0.1114 [-0.9396, 1.1625] 0.83 

* Significance at p<0.05 

Models adjusted for age, sex, race, BMI, MoCA, and WMH volume 

Note: PIBSUVR = Amyloid Standardized Uptake Value Ratio, SMN-CS = community structure 

consistency of the sensorimotor cortex. 

Sensorimotor Network Community Structure 

Network analyses first focused on the community structure of the 

sensorimotor cortex (SMN-CS) and its associations with amyloid. Results from 

the linear models estimating differences in the SMN-CS between amyloid status 

groups can be found in Table 4 and are illustrated in Figure 1. Sensorimotor 
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consistency was lower in Aβ+ participants compared with Aβ- (p<0.001). SMN-

CS was also negatively associated with PIBSUVR (p<0.01). 

 

Figure 1: Brain maps showing the resting-state consistency of the sensorimotor cortex 

(SMN-CS) between amyloid positive (Aβ+) and amyloid negative (Aβ-). Cool colors 

indicate a less consistent network community structure than warm colors. At rest, PiB- 

has a significantly more consistent sensorimotor cortex than PiB+. 
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Table 4: Associations between amyloid and network variables 

Outcome  β 95% CI p-value 

Predictor = Amyloid Status 

SMN-CS -0.0436 [-0.0641, -0.0231] <0.001* 

Resting-state SMN to ACC 2nd 9.0392 [-12.9803, 31.0588] 0.42 

Easy Task SMN to ACC 2nd 10.5671 [-11.6333, 30.8474] 0.30 

Hard Task SMN to ACC 2nd 19.2913 [0.2929, 38.8755] 0.05* 

Predictor = PIBSUVR 

SMN-CS -0.0396 [-0.0654, -0.0138] <0.01* 

Resting-state SMN to ACC 2nd 5.1730 [-21.1112, 31.4572] 0.69 

Easy Task SMN to ACC 2nd 19.5012 [-4.3139, 43.3164] 0.11 

Hard Task SMN to ACC 2nd 26.5479 [3.5108, 49.5851] 0.02* 

* Significance at p<0.05 

Models adjusted for age, sex, race, MoCA, and WMH volume 

Note: SMN-CS = community structure consistency of the sensorimotor cortex, SMN to ACC 2nd = 

second-order connections from the sensorimotor cortex to the anterior cingulate cortex. 

Sensorimotor Network Second-order Connections 

We next evaluated the patterns of connectivity from SMN to the rest of the 

brain (Table 4, Figure 2). A visual difference in second-order connections was 

observed such that Aβ+ had higher numbers of second-order connections from 

the SMN to the ACC than Aβ-. Statistically, amyloid status was positively 

associated with this difference in second-order connections during the hard task 

(p=0.05), but not during rest (p=0.42) or the easy task (p=0.30). Second-order 
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connections from SMN to ACC were positively associated with PIBSUVR during 

the hard task (p=0.02), but not at rest (p=0.69) or during the easy task (p=0.11). 

 

Figure 2: Comparison of second-order connections from the sensorimotor cortex to the 

rest of the network between amyloid positive (Aβ+) and amyloid negative (Aβ-) across 

the three task conditions (Resting-state, Easy task, and Hard task difficulty). Cool colors 

indicate fewer second-order connections coming from the sensorimotor cortex (SMN) 

than warm colors. Across the three task conditions, particularly the hard task, Aβ+ has a 

higher number of second-order connections from the SMN to the anterior cingulate 

cortex (ACC) than Aβ-, indicated by the red circles. 
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Discussion 

We observed no difference in SPPB scores, cognitive function, or general 

network characteristics (node degree, path length, efficiency, modularity) 

between Aβ+ and Aβ- participants. As hypothesized however, during 

performance-related imagery of difficult physical tasks, Aβ+ participants had 

impaired connectivity within the SMN and a higher number of second-order 

connections from the SMN to the ACC than those classified as Aβ-. This pattern 

in the data suggests that Aβ+ participants, whose physical function on the SPPB 

was equivalent to those classified as Aβ-, exhibited central nervous resilience 

when challenged with enacting the imagery of difficult physical tasks. Specifically, 

impaired SMN connectivity appears to have been compensated for by enhanced 

secondary connections to the ACC.  

The ACC is a key node of the salience network (SAL) [39], which plays a 

role in modulation of the DMN. Functionally, the ACC is involved in attentional 

allocation and control as well as decision-making [40] and is considered to play a 

crucial role in intentional motor control [41]. Structurally, the ACC is highly 

connected to cortical motor regions [42]. The ACC has also recently been 

implicated as a key region in a “fine-tuning” network for human locomotion [43]. 

The SAL assists with detection and integration of both emotional and sensory 

stimuli [44], initiation of cognitive control [45], and organization of behavioral 

responses [46]. The role of the SAL in cognitive control centers on its ability to 

drive the switch between DMN (internally directive cognition) and central 

executive network (externally directed cognition). Given the roles of the ACC and 
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SAL in guiding behavior, it is possible that this increase in second-order 

connections is a compensatory response to the disruptions in SMN-CS; this 

response may assist in the maintenance of SPPB scores. Consequently, this 

shift in network connectivity could indicate a mechanism of physical resilience 

within the brain. 

Our observation that the Aβ+ and Aβ- groups did not differ on the SPPB or 

in resting network characteristics runs counter to previous literature showing that 

increased amyloid accumulation is associated with gait dysfunction in both 

cognitively impaired [12] and unimpaired [13 ,14] individuals as well as 

decreases in general network characteristics [18, 19]. The lack of an association 

of the SPPB to Aβ deposition also contrasts with our prior research showing that 

lower SPPB scores are associated with less consistent SMN-CS [20]. While it is 

unclear exactly why we did not observe that Aβ deposition was related to SPPB 

scores, a critical question is whether there is some threshold for Aβ deposition 

above which the effectiveness of CNS compensation for sensorimotor deficits is 

no longer possible. Alternatively, there may be phenotypic differences in study 

samples such as level of physical activity that enable CNS compensatory 

mechanisms to thrive. Moreover, although the participants in our study with 

varied levels of Aβ deposition did not differ on the SPPB, it remains to be seen 

whether those who were Aβ+ are more prone to falls and shortcomings in more 

refined gait mechanics that may be a harbinger of accelerated functional decline 

than those classified as Aβ-.   
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Our study benefited from a few key strengths. First, the study design of B-

NET provides several advantages in that it consists of a large, well-characterized 

cohort of community-dwelling older adults. The large sample size and wealth of 

testing data increases our statistical power and provides unique opportunities to 

advance our understanding of mobility-related functional brain networks. Second, 

our analyses combine data from multiple imaging modalities (MRI, fMRI, and 

PET). To our knowledge, we are the first to publish data on the effects of amyloid 

burden on graph theory network architecture in the context of mobility. There 

were also several limitations in the current study. First, the data presented here is 

cross-sectional, which limits our ability to comment on longitudinal effects. 

However, 30-month follow-up MRI and fMRI scans will be collected and allow for 

future longitudinal network analyses. Second, our PET analyses did not include 

measures of tau, which could prove beneficial in future studies as increased tau 

deposition has been associated with both slower gait speeds [47] and also can 

negatively impact network characteristics [48]. Recently, it was also proposed 

that the most resilient individuals show resilience to the effects of amyloid 

burden, and resistance to the formation of tau tangles [49]. Future analyses 

should include measures of tau to further elucidate the role of AD pathology in 

functional brain networks and their associations with mobility decline and 

physical resilience. 

Conclusions 

In summary, the presence of amyloid appears to modify pre-established 

associations between functional brain network properties and mobility function. 
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We found evidence of compensation within Aβ+ participants who maintain 

mobility as assessed by the SPPB despite disruption of SMN-CS, which we have 

previously associated with the SPPB. The mechanism through which this 

compensation appears to occur is increased second-order connectivity between 

the SMN and ACC. It is possible that compensation through an increase in 

second-order connectivity, a sign of neural plasticity, is indicative of, and 

potentially a defining attribute of, physical resilience within the brain. These 

findings help provide the basis for future work on the role of functional brain 

networks and amyloid deposition in physical resilience and mobility function.  
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Rationale 

With approximately 22% of the world’s population expected to be over the 

age of 60 by the year 2050 [1], it is critical to proactively address the challenges 

of an aging population. Importantly, older adults are particularly fearful of a loss 

of independence, which is often the result of declining mobility [2]. Recently, 

physical resilience, a property that allows individuals to resist or quickly recover 

mobility after insult, has been proposed as a key feature of healthy aging [3]. Yet, 

our understanding of the origin and mechanisms of physical resilience is limited. 

Neuroimaging studies into the neural correlates of mobility and physical 

resilience could be crucial in the effort to extend the healthy lifespan. This is due 

to the large degree of unexplained variance in the mobility function of older adults 

when considering measures of muscle strength or cardiorespiratory fitness alone 

[4]. Structural pathologies, such as grey matter volume loss, accumulation of 

white matter hyperintensities (WMH), or increasing amyloid beta (Aβ) have been 

associated with declines in both cognition and mobility [5-8]. Changes in 

functional brain networks have been associated with mobility and may precede 

irreversible damage to brain structure [9, 10]. Yet, few studies have explored 

alterations in brain network architecture in the context of physical resilience. The 

work reported in this dissertation explores graph theory network techniques with 

both resting-state and motor-imagery tasks as well as functional connectivity in 

individuals who appear resilient, physically and cognitively, to accumulation of 

WMH and Aβ. We provide evidence that individuals who show resilience have 

increased connections from the sensorimotor cortex (SMN) to the anterior 
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cingulate cortex (ACC) and suggest that this may be a neural mechanism 

through which physical resilience manifests in the brain. 

Summary of Findings 

Chapter 2 explored the effect of motor-imagery (MI) on brain network 

architecture using graph theory methods. MI tasks, in contrast to resting-state 

scans, are effective at replicating brain activation patterns seen during overt 

movement [11, 12], but little data exists on the effect of a MI task on the overall 

brain network organization in older adults. We made use of an adaptation of the 

Mobility Assessment Tool – short form (MAT-sf) [13-15], a robust tool that has 

been associated with mobility impairment [14-17] to increase the ecological 

validity of our study design. Analysis of brain network architecture revealed that 

global brain network community structure decreases during the MI relative to 

resting-state. Additionally, regional analyses revealed that community structure of 

the SMN and default-mode network (DMN) displayed task-driven declines in 

consistency while the dorsal attention network (DAN) showed increases in 

consistency during the MI task. To our knowledge, this is the first study to make 

use of graph theory and network community structure to characterize the effect of 

a MI task on overall brain network architecture. 

Chapter 3 explored the group differences in patterns of functional 

connectivity between resilient and non-resilient individuals who were grouped by 

scores of the short physical performance battery (SPPB) and WMH volume. 

Increased volumes of WMH are associated with lower scores on cognition and 

mobility tasks [18-22] as well as decreased functional connectivity [23-25]. This 
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relationship, however, is not always consistent; there are instances where 

individuals with high WMH burdens show no clinically detectable deficits in 

mobility or cognition [26]. Comparison of group network architecture revealed 

that the resilient group displayed no significant differences in sensorimotor 

network community structure (SMN-CS) consistency from all other groups. 

However, the resilient group did display higher numbers of second order 

connections from SMN to ACC than the at-risk groups. These increased 

connections from SMN to ACC could be a marker indicative of physical resilience 

within the brain. This is one of the first studies to study functional brain network 

architecture in the context of physical resilience, mobility, and white matter 

disease. 

Chapter 4 expanded on the analyses discussed in Chapter 3 by exploring 

the differences in brain network architecture between amyloid negative (Aβ-) and 

amyloid positive (Aβ+) who were matched in physical and cognitive function, 

suggesting resilience to amyloid pathology. Increased accumulation of Aβ is 

associated with impairments in cognition [27, 28] and physical function [29-32]. 

Yet, 30% of older adults with Aβ accumulation present no clinically detectable 

cognitive deficits [33]. Our analyses revealed that Aβ+ who maintained physical 

function had a less consistent SMN-CS than when compared with Aβ- despite 

similar scores on the SPPB. Aβ+, however, did show increased numbers of 

connections between SMN and ACC during the MI task. These findings add to 

those in Chapter 3 and provide further evidence that increased connectivity 
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between SMN and ACC could be a mechanism through which physical resilience 

manifests in the brain. 

In summary, the findings reported demonstrate the role of resting-state 

and task-based brain network analyses in elucidation of the neural correlates of 

mobility and physical resilience. Furthermore, increased connectivity between the 

SMN and ACC appears to be a unique phenomenon in individuals who display 

physical resilience. The following discussion will examine these findings in a 

broader context as well as remaining gaps in our understanding of resilience. 

Reserve and Resilience: Context and Implications 

The higher levels of second-order connectivity observed between SMN 

and ACC in our resilient participants is compelling in the context of physical 

resilience for a multitude of reasons. Functionally, the ACC performs essential 

roles in decision-making [34], attentional allocation and control, and intentional 

motor control [35]. In terms of brain structure, the ACC is highly integrated with 

cortical motor regions such as the supplementary motor area (SMA) and primary 

motor cortex (M1) [36]. Interestingly, the ACC has gained attention as a key 

region in a “fine-tuning” network for human locomotion where continuous 

flexibility and adaptability is necessary [37]. The primary hypothesis of Hinton et 

al. was that the ACC, along with the SMA and posterior parietal cortex (PPC), 

relays error-driven sensorimotor feedback from lateral cerebellar lobule VI to M1 

to allow for more efficient motor planning and execution [37, 38]. It was argued 

that the ACC is critical to this process in that increased activity of the ACC is 

associated with focused attention, cognitive process selection, foot placement 
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and error correction, and goal directed movement [39-41]. More specifically, 

Hinton et al. hypothesize that increased connectivity with and activity of the ACC 

allows the central nervous system to effectively update stance and posture as 

well as limb movement and positioning appropriate to the environment. 

The ACC is also a key node in a prominent brain network, the salience 

network (SAL) [42]. The SAL is intriguing in the context of physical resilience 

because it plays important roles in the initiation of cognitive control [43] as well as 

the organization of behavioral responses [44]. Activity of the SAL is also 

implicated in the detection and integration of emotional and sensory stimuli [45]. 

Recently, connectivity within the SAL has been linked with cognitive reserve [46]. 

The SAL’s role in cognitive control may be particularly important for physical 

resilience as it centers around its capacity to drive the alternation between 

default-mode network (DMN, internally directed cognition) and central executive 

network (CEN, externally directed cognition), which allows for more efficient 

navigation through the environment. Structurally, the brain regions that comprise 

the SAL are highly connected with motor and sensory brain regions, which 

makes the SAL superbly located to collect the necessary inputs to initiate the 

switch between the DMN and CEN [47, 48]. Study on the disruption of these 

connections has typically produced associations with psychosis and other mental 

disorders [49, 50] as work on physical function is limited, but recent work has 

positively associated increased connectivity of the SAL with step cadence [51]. 

Interestingly, the SAL is the sole host to a unique class of neurons that 

was only recently discovered: von Economo neurons (VENs). While VENs are 
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found in both the ACC and fronto-insular cortex, they are more densely 

populated in the ACC. VENs are thought to provide the rapid relay of neuronal 

signals to other brain regions and thus provide the basis for cognitive control [48, 

52, 53]. While our understanding of VENs are limited, they appear to be unique 

to humans and apes and emerge mainly after birth until the age of approximately 

4 years [52, 53]. Importantly, higher volumes and densities of VENs are 

associated with resilience and reduced vulnerability to Alzheimer’s pathology [54-

57]. Given our results and these findings from the literature, it is logical for future 

studies to explore whether increased connectivity between SMN and ACC could 

not only be a mechanism through which physical resilience manifests in the brain 

but also a defining characteristic that can be used to identify resilient individuals. 

Pathology Specific vs Resilient Specific Network Effects 

One remaining question of particular interest is whether the effects of 

WMH and Aβ on physical function and functional connectivity are additive or 

distinct from one another in the context of physical resilience. Interestingly, both 

pathologies share many risk factors including increased age and worsening 

vascular disease [58-64]. Additionally, Aβ and, recently, WMH are both 

considered pathologic hallmarks of AD [65-68]. In terms of physical function, 

higher volumes of both WMH [18-22] and Aβ [29-32] are associated with poorer 

mobility. However, while both increased WMH [69] and Aβ [70] are associated 

with slower gait, stronger associations are found between increased Aβ and 

higher gait variability [31]. Importantly, these alterations in gait variability are 

observed independent of WMH volume [71, 72]. Yet, these associations are 
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complicated by the fact that significant numbers of people maintain high levels of 

function despite higher burdens of both WMH and Aβ [26, 33]. Increased 

accumulation of both WMH [23-25] and Aβ [73, 74] also result in disruptions to 

functional brain networks. This suggests that both pathologies affect mobility and 

functional connectivity in additive, but distinct ways.  

Our results contribute to the literature on the additive, but distinct effects of 

these pathologies while also highlighting a resilient specific mechanism of 

functional connectivity. In Chapters 3 and 4, we identified two groups of resilient 

participants, one with elevated WMH and one with elevated Aβ, in that they 

maintained healthy scores of the SPPB despite increase pathologic burden. The 

effects on SMN-CS differed between the groups where resilience was defined by 

resilience to Aβ compared to those defined by resilience to the effects of WMH. 

Our previous work suggests that higher scores of the SPPB are associated with 

higher consistency of SMN-CS [9]. The results in Chapter 3 fit with these 

previous findings in that the participants resilient to WMH burden (Unexpected 

Healthy [UH]) showed no significant drop in SMN-CS consistency from the 

healthiest group with the highest consistency (Expected Healthy [EH]). The 

results in Chapter 4, however, suggest that amyloid accumulation leads to a 

distinct change in SMN network consistency. Despite equivalent scores of the 

SPPB, Aβ+ showed a significantly less consistent SMN-CS then Aβ-. In spite of 

the differences in pathology that were focused on and differences in effects on 

SMN-CS, the mechanism of resilience in both analyses appeared to be similar. 

Both UH and Aβ+ displayed strikingly similar patterns of connectivity in that they 
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had higher numbers of second-order connections from SMN to ACC than their 

counterparts. When taken together, these results suggest that WMH and Aβ 

accumulation leads to pathology-specific alterations in SMN-CS while increased 

second-order connectivity between SMN and ACC is a resilient specific 

mechanism that assists in the maintenance of mobility regardless of pathology 

type. 

Limitations, and Future Directions 

The study of the role of the brain in mobility resilience is still nascent, and 

many intriguing future directions remain. For example, much of the early work 

exploring reserve and resilience has focused on cognition [75, 76], and not 

assessed physical outcomes. One area of debate in the reserve and resilience 

literature is whether resilience is a property of a specific body system, e.g., the 

brain for cognition, or whether it is a property of the entire organism [77]. To 

reiterate the example provided in Chapter 1, an individual who has reserve in the 

form of a robust cardiovascular system is more resilient to the age-related 

declines in mobility. Alternatively, a torn ligament requiring surgery would 

negatively affect structural integrity, but superior muscle strength of surrounding 

ligaments shortens recovery time. The robustness of a system, whether 

cardiovascular, musculoskeletal, or otherwise, could result from lifelong health 

habits or genetics.  

The analyses presented in this thesis were cross-sectional, which limits 

inferences on the long-term influence of the observed shifts in functional 

connectivity on physical function. It is possible that increased connectivity 
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between the SMN and ACC could prevent or slow the progression of impairment. 

However, data from the current studies cannot rule out that the observed 

differences in second-order connectivity were present before accumulation of 

pathology. Understanding the temporal development of the neural mechanisms 

of resilience will be critical not only in understanding the mechanisms themselves 

but also in determining when interventions are possible. Future studies should 

aim to assess functional brain networks in the context of resilience over multiple 

timepoints. Future studies can also build on this work by addressing whether 

these resilience groups respond differently to interventions including dietary, 

exercise, or pharmaceutical. They could also assess whether functional brain 

networks can be used to target specific interventions. For example, it is not 

known if resilient individuals respond in the same manner to an exercise 

intervention as their at-risk counterparts. Understanding these differences will be 

critical in determining whether resilience levels will modify the effectiveness of 

certain interventions and may influence selection of interventions.  

There is evidence that cognitive status may moderate the associations 

between structural pathology and mobility [78]. However, the analyses presented 

here focused on a cognitively normal population, so the role of cognition was not 

able to be assessed. While this design did allow us to isolate associations 

between pathology, functional connectivity, and physical function; future studies 

should aim to assess the moderating effect of cognitive status on physical 

resilience. 
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Assessing the effects of additional forms of brain pathology, such as tau 

protein accumulation, on mobility will continue to refine our understanding of the 

contribution of brain pathology to physical resilience [79, 80]. Additionally, 

increased levels of functional connectivity are associated with quicker 

accumulation of tau, which is considered a biologically distinct mechanism of 

spread from Aβ [81-84]. While work on the associations between tau and 

resilience are limited, a recent study found that individuals with higher education, 

a proxy for cognitive reserve, were able to maintain higher levels of cognitive 

function than those with less education despite increased tau burden [85]. To 

fully elucidate the mechanisms of resilience, future studies will need to consider 

the multitude of inputs to resiliency as well as the time course over which it 

develops.  

The literature on resilience is also limited by a lack of tools or techniques 

to accurately identify individuals who are resilient. For example, cognitive reserve 

is typically measured using years of education or occupational attainment [86, 

87]. While these measures moderate associations between functional status and 

structural brain changes, they are indirect measures of reserve and do not 

address mechanisms through which function is maintained. Here, we have 

provided a theoretical framework to study physical resilience by studying 

functional brain networks and physical resilience based on brain structure (WMH 

volume) and mobility (scores of the SPPB). Not only was this paradigm effective 

at identifying resilient individuals but it is also reproducible. The SPPB is 

sensitive to change, safe, portable, time efficient, cost efficient, has excellent 
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test-retest and inter-examiner reliability, and is a robust predictor of future 

physical disability and death [88-90]. WMH volumes are extracted from T2-FLAIR 

images, which are common clinical scans, and there are a wide range of 

segmentation tools that are freely available for use in research [43-46]. Further 

development of approachable and reproducible paradigms for the study of 

resilience will be critical in advancing the field. 

Finally, we did not assess the potential roles of circulating molecular or 

genetic components that may play roles in the development of reserve and 

resilience. As discussed in Chapter 3, circulating factors, such as brain derived 

neurotrophic factor (BDNF), may play important roles in the development of 

reserve and resilience. BDNF, for example, plays important roles in in 

neuroplasticity [91] and increased expression of BDNF is associated with higher 

physical function [92], cognition [93, 94], and cognitive reserve [95]. There also 

appear to be moderating effects of reserve on the deleterious effects of certain 

genes, such as apolipoprotein E (APOE), on cognition [96-98]. Additionally, age-

related changes in neurobiology, including oxidative stress and inflammation, 

could provide insight into the development of resilience [99]. Furthermore, VENs, 

the unique neuronal population found within the SAL and ACC also warrant 

further study given their associations with reserve and resilience. Exploration of 

these molecular and genetic factors, in addition to neuroimaging studies, could 

prove critical in expanding our understanding of the construct of resilience. This 

is particularly important as it has been suggested that, rather than viewing 
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resilience as a single construct, resilience may be made up of multiple 

resiliencies, which will require a multi-modal approach to fully elucidate [77]. 

Conclusions 

With a rapidly aging population, it is critical that we further our 

understanding of the development of mobility disability and the mechanisms 

through which physical resilience develops and maintains function. Neuroimaging 

studies offer unique opportunities to study brain structure and functional 

connectivity. Our results suggest that increased second-order connectivity 

between the SMN and ACC may be a resilience specific mechanism that assists 

in the maintenance of mobility despite increased pathologic burden. We have 

additionally provided a framework through which resilience may be studied 

through the combination of physical function, brain structure, and functional 

connectivity. Future studies should aim to expand upon the analyses discussed 

here with longitudinal data, interventional studies, and exploration of the 

molecular mechanisms that contribute to resilience. 
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The Mobility Assessment Tool – short form (MAT-sf) 

The Mobility Assessment Tool – short form (MAT-sf) is a brief measure of older 

adults’ self-perceptions of their ability to perform basic mobility-related tasks such 

as walking at different speeds and climbing stairs under different constraints. It 

takes less than 5 minutes to complete and uses 10 video clips of an avatar to 

depict these tasks that vary in difficulty [1]. The 10 items include: walking on even 

ground (1), slowly jogging (2), scaling a ramp with (3) and without (4) a handrail, 

stepping over hurdles (5), walking uphill outdoors on uneven ground (6), going up 

and down a set of stairs both using (7) and avoiding (8) the use of a handrail, and 

climbing stairs with one (9) or two (10) bags. Following the viewing of each item, 

participants are asked about their ability to complete the tasks. For items 1-2, 

participants are asked the duration for which they could complete the task in 

minutes between 0 and 60. Questions for items 3 and 4 inquire about the number 

of times they could complete the task ranging from 0 to 4. The questions 

following items 5-10 simply ask if participants could complete the task (e.g. yes 

or no). The 10 items were selected based on individual response and information 

curves derived from item response theory [1-3]. Information on specific difficulty 

ratings for each video can be found in the original publication [1]. 
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Brain Network Analysis: Study-specific ROIs 

 

Figure 1: Study-specific regions of interest (ROI) generated for the three intrinsic 

networks of interest in the regional analyses. 
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White Matter Hyperintensity Calculation 

WMHs were identified on T2 FLAIR images using the lesion prediction algorithm 

(Schmidt, 2017, Chapter 6.1) implemented in the LST toolbox version 2.0.15 for 

SPM12. WMH were segmented by providing an estimate for the lesion probability 

for each voxel in the image. Next, the lesion probability maps transformed into 

Montreal Neurologic Institute (MNI) brain space using Advanced Normalization 

Tools software (ANTs) [1]. The total WMH volume for each participant was 

extracted using the fslstats command in FSL v5.0 [2]. A log transform of the total 

WMH volume for each subject reduced the skewedness of the data.  
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General Network Characteristics 

Table 1: General Graph Theory Network Characteristics 

 
PiB- (N=39) PiB+ (N=31) 

K Resting-State 52.029 ± 0.039 52.020 ± 0.042 

K Easy Task 52.019 ± 0.039 52.025 ± 0.030 

K Hard Task 52.026 ± 0.033 52.018 ± 0.033 

L Resting-State 5.609 ± 1.536 5.749 ± 1.602 

L Easy Task 5.335 ± 1.710 5.167 ± 1.522 

L Hard Task 5.237 ± 1.393 5.566 ± 1.612 

C Resting-State 0.324 ± 0.019 0.325 ± 0.012 

C Easy Task 0.296 ± 0.016 0.290 ± 0.023 

C Hard Task 0.293 ± 0.019 0.294 ± 0.015 

Eloc Resting-State 0.488 ± 0.035 0.484 ± 0.034 

Eloc Easy Task 0.478 ± 0.032 0.470 ± 0.055 

Eloc Hard Task 0.473 ± 0.031 0.467 ± 0.038 

Eglob Resting-State 0.188 ± 0.040 0.184 ± 0.038 

Eglob Easy Task 0.200 ± 0.043 0.201 ± 0.050 

Eglob Hard Task 0.202 ± 0.041 0.193 ± 0.046 

Q Resting-State 0.679 ± 0.045 0.675 ± 0.050 

Q Easy Task 0.671 ± 0.041 0.656 ± 0.045 

Q Hard Task 0.663 ± 0.045 0.653 ± 0.034 

Note: K = Degree, L = Path Length, C = Clustering Coefficient, Eloc = Local Efficiency, Eglob = 

Global Efficiency, Q = Network Modularity 
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2.  Regional Amyloid Uptake 

Table 2: Regional Amyloid Standardized Uptake Value Ratios 

Regional PiB SUVR  PiB- (N=39) PiB+ (N=31) 

Subcortical 1.22 ± 0.03 1.29 ± 0.06 

Temporal Lobe 1.16 ± 0.05 1.61 ± 0.32 

Cingulate Cortex 1.26 ± 0.08 2.05 ± 0.41 

Frontal Lobe 1.15 ± 0.07 1.81 ± 0.37 

Occipital Lobe 1.20 ± 0.07 1.57 ± 0.30 

Parietal Lobe 1.15 ± 0.07 1.81 ± 0.37 

Sensorimotor Cortex 1.15 ± 0.06 1.51 ± 0.27 
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Aging, Volume 3, Issue Supplement 1, November 2019, Pages S851–
S852, https://doi.org/10.1093/geroni/igz038.3132 Poster at GSA 2019 

 
Neyland B, Hugenschmidt CE, Lockhart SN, et al, Associations between 
amyloid-β, white matter disease, functional brain networks, and mobility 
function: possible indicators of reserve and resilience Poster at AAIC 2020 

 
INVITED EXTRAMURAL PRESENTATIONS AND SEMINARS 
 
 
PUBLIC OUTREACH 
 
  2016 - Present Brain Awareness Council 
    Graduate Student Lecturer 

I go to middle and high schools to lecture on basic 
neuroscience, neuroanatomy, and neurodevelopment 

 
 
COMMUNITY ACTIVITIES AND SERVICE  
  
  2017 - Present Forsyth Humane Society 
    Volunteer 
  
            I volunteer on weekends to clean the facility and care for the  
            animals.  
 

 


