
U
M

in
ho

|2
01

5

Paulo César Gonçalves Marques

julho de 2015

A network approach to brain aging
through multimodal neuroimaging

Universidade do Minho

Escola de Ciências da Saúde

Pa
ul

o 
C

és
ar

 G
on

ça
lv

es
 M

ar
qu

es
A

 n
e

tw
o

rk
 a

p
p

ro
a

ch
 t

o
 b

ra
in

 a
g

in
g

 t
h

ro
u

g
h

 m
u

lt
im

o
d

a
l n

e
u

ro
im

a
g

in
g



Tese de Doutoramento em Ciências da Saúde

Trabalho realizado sob a orientação do
Professor Doutor Nuno Jorge Carvalho Sousa

Paulo César Gonçalves Marques

julho de 2015

A network approach to brain aging
through multimodal neuroimaging

Universidade do Minho

Escola de Ciências da Saúde





 iv 

 

  



 v 

Acknowledgments 

The work presented in this thesis results from the contribution of numerous people to whom 

these words wont make justice for all the help and support they provided. I am extremely 

grateful all of you. 

I would like to thank my family in the first place. My father Joaquim and my mother Maria 

Olinda are the main architects of who I am and what I am today. They have always ensured 

that I could take my own steps under solid foundations. To my brother Marco for all the 

arguments and partnership. 

To Professor Nuno Sousa, my supervisor, for all the mentorship, support, guidance, clear 

insights and for encouraging me to take challenges. I deeply appreciate the availability and all 

the precious time spent in talking and discussing whatever was necessary. You are the main 

engineer of this work. 

To Eng. José Miguel Soares for bringing me into the neuroimaging research topic, for teaching 

me everything he could, for all the help, wise and pragmatic advises, for the scientific 

discussions but also for the friendship and fun. To Pedro Moreira and Ricardo Magalhães for 

all the time spent together inside and outside the “neuroimaging lab”, for helping me in 

acquiring, analyzing and discussing all the data and findings and for their major scientific 

contributions. 

To Professor Victor Alves for all the assistance, advices and profitable collaborations since my 

masters degree. 

To Carlos Portugal Nunes, Liliana Amorim and Teresa Castanho for your precious contribution 

to the Switchbox project and scientific discussions but mainly for your friendship, partnership 

and for being there for whatever was necessary 

To Professor Nadine Santos, for all the support, contributions and assistance. This project 

would not be possible without your help.  

To Professor Patricio Costa, for all the help and counseling in statistical analyses and also for 

all the enlightening discussions. 



 vi 

To all my friends and colleagues at ICVS, namely Pedro Morgado, Hugo Almeida, João 

Cerqueira, Vitor Hugo Pereira and many others for all the help and encouragement in my short 

scientific career.  

To the School of Health Sciences and Life and Health Sciences Research Institute for accepting 

me into the PhD program in Health Sciences and providing the necessary tools.  

To the staff from the Clinical Academic Center and the Imaging department of Hospital de 

Braga for the assistance in acquiring the data. 

To all the participants from the Switchbox project. 

To all my friends, in particular João Vieira and Hugo Costa, for all the conversations, laughs 

and relaxing moments. 

Last, but definitely not the least, to my fiancée Emmanuelle for all the love, care and support. 

For being always by my side and encouraging me into this challenge, you are also a major 

contributor of this work.  

 

 

 

 

 

 

 

This work was supported by a grant of the project SwitchBox-FP7-HEALTH-2010-grant 259772-

2; 

A network approach to brain aging through multimodal neuroimaging 



 vii 

Abstract 

Healthy aging is a dynamic and inevitable process characterized by cognitive declines and 

inter-individual variability. Even though these declines seem to be inevitable or hard to revert, 

some individuals are known decline slower than others, both functionally and cognitively. 

Alterations in brain structure and function, cognitive changes and other factors such as 

lifestyle, occupation or education are known to interact with each other and mutually contribute 

for the heterogeneity observed along the aging process. Although, the neuroscience research 

community has put a lot of effort in understanding the structural and functional changes that 

take place in the human brain along aging, most studies have precluded the fact that the 

human brain is complex network (connectome) with interactions between different brain 

regions/structures and where both passive and reactive processes take place. The main goal 

of the present thesis was to provide new insights on how the human brain network ages and 

try to identify biomarkers of overall good cognitive healthy aging. 

Results indicate that older individuals with overall good cognitive performance present lower 

levels of macro and micro-structural indicators of white matter (WM) lesioning/degeneration 

than poor performers while WM volumetry does not account for inter-individual variability in 

performance. At the functional level, overall good cognitive performance is associated with 

increased local and global network segregation and integration revealing that both 

specialization of clusters in particular functions as well as efficient information flow through the 

entire brain network play important roles in cognition. We also revealed for the first time the 

brain networks whose functional connectivity (FC) levels are associated with important 

contributors for inter-individual variability in cognitive performance, namely education level and 

cognitive reserve (CR). These factors were associated with local and global changes in network 

characteristics and we have demonstrated that CR is associated with higher global efficiency of 

the FC-derived brain connectome. Finally we demonstrated through a longitudinal analysis that 

aging is associated with both decreases and increases in FC. Local network alterations that 

occur in aging have a negative impact mostly in frontal regions accompanied by local 

rearrangements possibly reflecting compensatory mechanisms that ultimately lead to no 

alterations in global network properties. Furthermore we revealed that changes in local 

clustering of the putamen and hippocampus are biomarkers of longitudinal trajectories of 

learning and recall, respectively. 
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Concluding, we revealed that better cognitive performance in aging reflects both preserved 

brain structure as well as more efficient and segregated brain networks with education and CR 

playing important roles in brain network function in aging. Aging itself produces 

rearrangements in brain network properties, possibly reflecting both detrimental effects and 

compensatory mechanisms, and changes in local network properties associate with changes in 

cognition. This also suggests that network approaches are useful tools to assess brain function 

providing new biomarkers of successful aging. 
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Uma abordagem de redes ao envelhecimento cerebral através de técnicas 

neuroimagiológicas multimodais 

Resumo 

O envelhecimento saudável é um processo dinâmico e inevitável caracterizado por declínios 

cognitivos e variabilidade inter-indivíduos.  Apesar destes declínios parecerem ser inevitáveis 

ou difíceis de reverter, alguns indivíduos apresentam maiores declínios do que outros, quer 

funcionalmente quer cognitivamente. Sabe-se que alterações na estrutura/função cerebral, 

alterações cognitivas e outros factores como o estilo de vida, a ocupação ou o nível 

educacional, são fatores conhecidos que interagirem e contribuem mutuamente para a 

heterogeneidade observada ao longo do envelhecimento. Apesar da comunidade científica de 

neurociências ter colocado um amplo esforço na tentativa de perceber quais as alterações 

estruturais e funcionais que acompanham o envelhecimento, a maioria dos estudos 

negligencia o fato do cérebro ser uma rede complexa (conetoma) com interações entre 

diferentes estruturas/regiões cerebrais onde vários processos ativos e reativos acontecem. O 

principal objetivo da presente tese consiste em fornecer novos dados sobre como a rede 

cerebral humana envelhece na tentativa de identificar novos bio-marcadores de boa cognição 

geral no envelhecimento saudável. 

Os resultados indicam que as pessoas mais velhas com boa performance cognitiva geral 

apresentam menores níveis de indicadores micro- e macro-estruturais de lesão/degeneração 

de substância branca (SB) do que indivíduos com má performance cognitiva geral e que a 

volumetria de SB não parece explicar a variabilidade inter-indivíduos. Ao nível funcional, boa 

performance cognitiva geral está associada com maior segregação local e integração, 

revelando que quer a especialização de grupos de regiões em determinadas funções quer um 

fluxo de informação mais eficientes ao longo de toda a rede cerebral são fatores importantes 

para a cognição. Nesta tese revelámos pela primeira vez quais as redes cerebrais cujos níveis 

de conetividade funcional (CF) se associam com fatores que contribuem fortemente para a 

variabilidade cognitiva inter-indivídual, nomeadamente o nível educacional e a reserva cognitiva 

(RC). Estes fatores estão associados com alterações topológicas locais e globais e 

demonstrámos ainda que a RC está associada com uma maior eficiência global da do 

conetoma cerebral obtido a partir de CF. Por fim, demonstrámos através de uma abordagem 
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longitudinal que o envelhecimento se encontra associado a decréscimos e aumentos de CF. 

Alterações locais na rede que acontecem ao longo do envelhecimento afectam negativamente 

regiões frontais que são acompanhadas por rearranjos topológicos locais, possivelmente 

refletindo mecanismos compensatórios e que levam a que as propriedades globais da rede 

não sejam afectadas. Revelámos ainda que alterações no clustering local do putâmen e do 

hipocampo são bio-marcadores das trajetórias longitudinais nos níveis de aprendizagem e de 

memória, respetivamente. 

Em conclusão, foi demonstrado que melhor cognição geral no envelhecimento reflete uma 

estrutura cerebral preservada bem como uma rede cerebral mais eficiente e especializada, 

sendo a educação e o RC fatores importantes para a função da rede cerebral no 

envelhecimento. O envelhecimento, por si, produz rearranjos nas propriedades da rede 

cerebral, possivelmente refletindo efeitos prejudiciais e compensatórios, e alterações nas 

propriedades locais da rede cerebral estão associadas com alterações na performance 

cognitiva. Isto sugere ainda que abordagens de redes são ferramentas úteis no estudo da 

função cerebral, providenciando novos bio-marcadores de envelhecimento saudável.  
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The aging brain network and cognition 
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1. Introduction 

Every year the number and proportion of older people increases. The societal impact of this 

change is notorious. The labor force of older people is lower, social security coverage needs to 

be higher, the risk of social isolation and economic dependence increases. Thus, for modern 

societies, the goal is not only to increase the life expectancy but also to ensure that everyone 

can age with security and dignity while actively participating in society (UN, 2010).  

Even though aging is inevitable, some individuals seem to decline slower than others, both 

functionally and cognitively. This raises the question of which factors trigger changes in the 

homeostatic mechanisms - the ability of the human body to maintain an internal state of 

equilibrium while interacting and adjusting to changes in the external environment (Miller-

Keane and O'Toole, 2003). This ability to cope with change plays an important role in healthy 

aging where internal and external signals need to be appropriately received, processed and 

integrated in order to produce adaptive responses. Triggers such as stress and adverse life 

events are known to cause disturbances in such mechanisms, induce maladaptive responses 

and predispose to cognitive impairment (McEwen, 2007;Dias-Ferreira et al., 2009;Sousa and 

Almeida, 2012). A better understanding of how these factors facilitate the maintenance of 

health through life is needed. 

At the brain level, several functional and structural take place with aging and neuroimaging 

techniques have the potential to provide insights on how these brain changes relate with 

cognition. This is important to promote healthy brain aging and, consequently, well-being 

(Williams and Kemper, 2010;Abrahamson et al., 2012). 

 

2. Aging and cognitive decline 

The “normal” aging process is characterized by a natural and progressive cognitive decline 

(Brickman et al., 2005;Salthouse, 2009). Alterations in two major cognitive dimensions are 

commonly reported in aging studies – memory and executive functioning. Memory is 

commonly defined as the ability to encode, store and retrieve information; while, executive 

functioning refers to the ability to regulate and control cognitive processes (Melton, 1963). 
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Specifically, regarding the memory domain, cross-sectional studies have shown that older 

adults perform worse in episodic memory (Nyberg et al., 2003;Ronnlund et al., 2005), verbal 

(Nicholas et al., 1985) and non-verbal retrieval (Grady et al., 2002), when compared to 

younger adults. Declines in short-term memory in longitudinal assessments have also been 

evidenced (Hultsch et al., 1992). On the executive functioning domain, older adults also 

present age-associated differences in working memory (Hasher and Zacks, 1988), attention 

(Madden et al., 2005;Salthouse and Madden, 2008) and task switching (Kray and 

Lindenberger, 2000). Nonetheless, also of note, some cognitive domains such as semantic 

memory (i.e. vocabulary) and priming seem to be rather preserved (Bäckman et al., 

2000;Ronnlund et al., 2005;Singh-Manoux et al., 2012), or even improved, with aging (Nyberg 

et al., 2003;Goh et al., 2012). 

Although cognitive decline is one of the most notorious hallmark of aging, intra- and inter-

individual variability is also evident. Intra-individual variability is used to refer to the observed 

variability in the performance of one individual across different tasks (Hilborn et al., 2009). 

Although initial investigations suggested that intra-individual variability could be a marker of 

neurological dysfunction, subsequent research suggests that this variability is normal in 

neurobiologically healthy individuals (Schretlen et al., 2003). Moreover, inter-individual 

variability also exists through the entire lifespan (Salthouse, 2012). In fact, cognitive decline is 

less pronounced in some individuals, with this effect being associated with a multitude of 

factors (MacDonald et al., 2003;Paulo et al., 2011;Santos et al., 2014). Some individuals 

actually seem to present preservation in domains where others evidence marked declines 

(Wilson et al., 2002;de Frias et al., 2009). These findings suggest that cognitive decline with 

aging is not a uniform phenomenon and distinct cognitive abilities may be more affected by 

aging (Goh et al., 2012). As such, one of the current challenges in geriatric/cognitive 

neurosciences is to understand which mechanisms underlie good or poor cognitive 

performance in older adults (Grady, 2012).  
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Figure 1. Model of interacting dimensions in aging. Aging interacts with several sub-

dimensions of cognition, brain structure/function and other factors such as life events or 

genetic factors. (Adapted from (Grady, 2012)) 

In summary, aging is a rather complex phenomenon that influences and is influenced by a 

multitude of factors. Declines in cognition along aging are intrinsically associated to both brain 

aging in itself (functionally and structurally) and to other factors such as life experiences or 

genetic factors, which altogether can be mediators of age-related trajectories in cognition 

(Figure 1). These factors probably interact with each other and contribute for inter-individual 

variability in aging. Thus, multidimensional studies incorporating several of these factors can 

contribute greatly for the understanding of the aging process (Grady, 2012). 
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3. Brain Aging 

Healthy aging is significantly determined by age-related cognitive decline. The relationship 

between brain structure/function and aging is bidirectional in the sense that the aging process 

impacts on brain properties and brain alterations have the potential to accelerate age-related 

cognitive decline. Yet, brain alterations observed in older individuals are not yet fully 

understood and several complementary and concurrent models have been purposed. 

 

3.1 Structural alterations 

One of the most reported findings in brain-aging studies is cortical atrophy. Similar to cognitive 

decline, age-related brain (macro) structural changes also present inter-individual variability 

and are not uniform across the whole brain. Some studies have reported global brain atrophy 

(Good et al., 2001;Sullivan et al., 2004) while others have shown that volumetric reductions 

occur primarily in frontal regions (Fjell et al., 2009). Some researchers have also explored 

associations between cognitive measures and brain volumes in older adults (Kaup et al., 

2011;O'Shea et al., 2015). Kaup and colleagues (2011) tried to aggregate results from several 

studies and found that positive associations between brain volumetry and cognition were 

common, but inconsistent. The most consistent findings were the association between the 

hippocampus volume and memory and global cognition and between frontal volumes and 

executive function. They also highlighted that longitudinal studies were still scarce at the time 

of their review. Similarly to volumetric reductions, cortical thinning has also been reported to 

occur with aging (Hutton et al., 2009;Lemaitre et al., 2012). 

Besides cortical (gray matter) changes, white matter (WM) alterations are also commonly 

associated with aging. Increased number of white matter hyperintensities (WMHI – localized 

findings that have bright appearance in T2-weighted Magnetic Resonance Imaging (MRI) 

images and absence of signal in T1-weighted MRI images) is quite common in aged 

individuals, especially in subcortical and periventricular areas. These well-known findings are 

commonly designated as white matter signal abnormalities (WMSA) or WMHI and may reflect 

ischemic lesions, perivascular spaces, gliosis or axonal degeneration/demyelination (Garde et 

al., 2000;De Leeuw et al., 2001;Wang et al., 2011). WMSA are usually unnoticed until an MRI 
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screening, but are associated with poorer cognition and functional status (Inzitari et al., 

2009;Lockhart et al., 2014). Some age-related WM microstructural changes have also been 

described in Diffusion Tensor Imaging (DTI) studies. Although not directly measuring WM 

integrity, DTI indices suggest that aging is associated with axonal loss and demyelination 

(Pfefferbaum and Sullivan, 2003;Salat et al., 2005;Madden et al., 2009). 

 

3.2 Functional alterations 

Structural alterations at the brain level explain only part of the differences in cognitive 

functioning in older adults. A bigger challenge is to assess what are the brain activation levels 

and/or patterns associated with the decline in cognitive functioning. In human studies, insights 

regarding these features arise from several techniques such as positron emission tomography 

(PET), functional Magnetic Resonance Imaging (fMRI), electroencephalogram (EEG) or 

magnetoencephalogram (MEG).  

Studies reporting reduced brain metabolism and blood flow in aging and associations to 

cognitive decline (Mosconi et al., 2008) could lead to the hypothesis that aging would be 

associated with decreased brain activation. However, one of the most surprising observations 

in aging studies is the greater regional activation level in older adults when compared to 

younger adults during the execution of given tasks (Dennis and Cabeza, 2008). This 

overactivation in older individuals has been mostly described in frontal regions during the 

execution of memory tasks (Cabeza et al., 1997;Madden et al., 1999). Additionally, some 

studies have observed this pattern to be accompanied by reductions in occipital activity and 

overactivation in frontal regions has been interpreted as a compensatory mechanism for 

reduced activation in occipital regions (Grady et al., 1994;Davis et al., 2008). Within older 

adults, but not in younger adults, increased activation has been associated with better 

performance. However, in some studies overactivation was not associated with better 

performance (Morcom et al., 2007), and associations between increased prefrontal cortex 

(PFC) activation and poorer memory have also been reported (de Chastelaine et al., 2011). 

Another common finding in task-related neuroimaging studies in aging is the increase bilateral 

pattern of activation found in older adults, when compared to younger ones who tend to 

present more unilateral activations (Cabeza et al., 1997;Reuter-Lorenz et al., 2000).  



 8 

In resting conditions, reductions in inter-correlated patterns of activity - functional connectivity 

(FC) – between several brain regions are the most common finding (Ferreira and Busatto, 

2013). Most of these findings concern the Default Mode Network (DMN) (Damoiseaux et al., 

2008;Koch et al., 2010), a group of regions involving the medial prefrontal cortex (mPFC), 

precuneus/posterior cingulate cortex (PCC) and inferior parietal lobes (Raichle et al., 2001). 

Although less consistently, negative associations between age and FC have also been reported 

for the salience network (SN) and sensory-motor network (SMN) and these have been 

associated with decreased performance in a motor task (Wu et al., 2007;Onoda et al., 2012). 

 

3.3 Models of cognitive aging 

As previously described, aging impacts not only cognition but also brain structure and function. 

Several models have been proposed with the aim of explaining associations between aging, 

cognition and imaging findings as well as inter-individual differences in cognition. 

One of the most well known models of cognitive aging is the Posterior-Anterior Shift with Aging 

(PASA) (Davis et al., 2008). According to this model older adults display greater activations, 

especially in frontal regions, compared to younger adults, as a compensatory mechanism to 

counterbalance the impairments resulting from the aging process. This model is further 

supported by observations of bilateral activations in the prefrontal cortex (PFC) in older adults, 

compared to unilateral activations in younger individuals (Reuter-Lorenz et al., 2000), and by 

reductions in deactivation in midline posterior regions (Davis et al., 2008). Decreased 

deactivation in such regions has been interpreted as an increased demand to reallocate 

resources from the DMN. Additionally, the more symmetric pattern of frontal activations in 

older individuals has gave rise to the Hemispheric Asymmetry Reduction in OLDer adults 

(HAROLD) (Cabeza, 2002) model, which suggests that this increase in symmetry is due to the 

recruitment of the contralateral regions in order to compensate for age-related declines. The 

less lateralized patterns of activation in older individuals, the more diffuse patterns of activation 

and less selective activations across different tasks, lead some investigators to suggest that, 

with aging, the brain gets more dedifferentiated (Park et al., 2004).  



 9 

Another aging model that builds on top of the compensatory mechanism hypothesis is the 

Compensation-Related Utilization of Neural Circuits Hypothesis (CRUNCH) model (Reuter-

Lorenz and Cappell, 2008). According to this model, at low load levels of a certain task, older 

adults display greater activity than younger adults due to the need to recruit more resources. 

However, at higher loads, older individuals are not able to compensate properly, reaching a 

plateau of cognitive load and, thus, explaining why, in some studies, younger adults display 

greater levels of activation compared to older adults (Schneider-Garces et al., 2010).  

One, more recent, alternative aging model is termed Scaffolding Theory of Aging and Cognition 

(STAC), which tries to accommodate both structural and functional neuroimaging findings 

(Park and Reuter-Lorenz, 2009;Reuter-Lorenz and Park, 2014). This model posits that a 

compensatory scaffolding mechanism is continuously engaged and, thus, when deterioration 

occurs in one circuitry, additional resources are recruited to meet demanding tasks. 

Additionally, life-course events have the potential to enhance or deplete neural resources. 

The previously summarized models were mainly proposed to accommodate imaging findings 

associated with aging. On the other hand, others have been postulated to account for inter-

individual differences in cognition. This variability can be observed both at the cognitive and 

brain (structural and functional) levels. However, impairment in one level does not necessarily 

imply impairments in others. In fact, early studies revealed that some individuals without 

clinically relevant functional impairments presented brain pathology at autopsy (Katzman et al., 

1988). The concept of reserve was offered as a strategy to account for these discrepancies. 

Two models of reserve have been proposed: a passive one – the Brain Reserve (BR) model 

(Katzman, 1993) – and an active one – the Cognitive Reserve (CR) model (Stern, 2002).  

According to the BR model, brain injury affects each subject in the same manner and the 

effects of brain injury sum together throughout the lifespan. When the sum of these events 

surpasses a given threshold, functional deficits appear. However, individuals with bigger 

brains, or higher number of neurons (i.e. proxies of BR), would have a higher brain reserve 

capacity meaning that, for the same amount of pathology, more BR implicates better functional 

outcomes (Katzman et al., 1988;Mortimer et al., 2003;Satz et al., 2011). This model is also 

referred to as the threshold model since it posits that subjects with more BR can accumulate 

more pathology before reaching the threshold where functional deficits are noticeable. One 
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popular (but not necessarily correct) example in favor of this theory derives from Alzheimer’s 

Disease subjects, as it is established that individuals with larger brains sustain additional 

pathology before the emergence of clinical symptoms (Graves et al., 1996). 

Although the BR model is simple and intuitive, it fails to explain why bigger brains are not 

necessarily associated with greater cognitive performance (Salat et al., 2002). In this context, 

the CR model was proposed to account for the variability that cannot be explained by 

pathological indices (Stern, 2002; 2009;Barulli and Stern, 2013). This model states that 

individuals with higher CR capacity make a more efficient or flexible use of the brain’s 

resources in order to perform better at a given task. The rationale for the CR model is that 

individuals with a richer environment in terms of cognitive activities/demands through the 

lifespan accumulate strategies that help them to overcome more easily the challenges of 

everyday life. Common proxies of this higher level of reserve are education level, intelligence 

quotient (IQ), occupational attainment and involvement in leisure activities (cognitive 

engagement) (Stern et al., 1992;Alexander et al., 1997;Richards and Sacker, 2003). 

The CR model “sits on top” of the BR model and according to it, for any given level of 

pathology and BR, individuals with higher CR present better cognitive performance. As such, 

higher CR shifts the threshold of BR so that individuals with lower BR can display intact 

cognitive functioning. Furthermore, CR also elucidates why, after being diagnosed with 

Alzheimer’s Disease, the pathology seems to progress faster in individuals with higher CR and 

these patients die earlier (Stern et al., 1995). This is explained by the fact that when the 

pathology is diagnosed, the disease has progressed more in individuals with higher CR due to 

their abilities to compensate, meaning that, at the time of diagnose, the disease is closer to 

fatal levels in such subjects. 

 

4. Neuroimaging in aging 

Neuroimaging plays a very important role in the study of the human brain structure and 

functioning. Prior to the emergence of imaging techniques, such as MRI or PET, the human 

brain could only be studied post-mortem (e.g. autopsies) or with invasive procedures. The 

advent of these techniques enabled the study of the healthy and pathological brain in vivo with 
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rather innocuous procedures. MRI in particular, despite still requiring expensive equipment, 

has the advantage that several complementary acquisitions can be performed within the same 

scanner and imaging session, enabling the study of both functional and structural correlates of 

healthy aging and pathology.  

 

4.1 Structural MRI  

Structural MRI is the most conventional form of MRI. In fact, MRI was developed to permit the 

observation of internal organs’ anatomy in vivo. Several different structural MRI sequences are 

used in everyday clinical practice (e.g. T1, T2, proton density (PD), (FLAIR)). Since different 

acquisitions reveal different aspects of anatomy, in the clinical practice, several of these 

acquisitions are performed at different orientations in the same imaging session, in order to 

perform a differential diagnosis.  

In neuroscience research, T1-weighted acquisitions are typically used to estimate whole-brain 

or regional brain volumes. While the goal standard is the manual segmentation of the 

structures of interest (Fischl et al., 2002), these procedures are difficult, time-consuming and 

require well-trained anatomists. In order to counterbalance this, semi- (Desikan et al., 

2006;Destrieux et al., 2010) and fully automated (Mikheev et al., 2008) procedures have been 

developed. Additionally, voxel-wise analysis can be performed with techniques such as Voxel-

Based Morphometry (VBM) to study more focal volumetric alterations without a priori bias 

regarding anatomical boundaries (Ashburner and Friston, 2000). This technique detects 

regional volumetric alterations through the amount of deformation that is necessary to apply to 

each voxel in order to match each subject’s brain to a brain standard template. Cortical 

thinning/atrophy is one of major age-related brain structural alterations. These effects can also 

be studied with T1-weighted MRI images and consistent results in aging have been reported 

(Salat et al., 2004;Fjell et al., 2009).  

T2-weighted imaging is mostly used for the study of brain pathology indices. Specifically, 

WMSA are generally identified with this kind of sequences and are a common finding among 

the older adults’ brains (de Groot et al., 2000;Dufouil et al., 2003;Maillard et al., 2012).  
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Micro-structural alterations in aging can also be studied with a particular kind of MRI 

acquisition called Diffusion Weighted Imaging (DWI) (Le Bihan and Breton, 1985). This kind of 

acquisition is based on the attenuation that the displacement of water molecules causes in 

MRI images when they diffuse along the direction of a previously applied gradient. When 

several gradients are applied along different directions, the 3D mapping of water diffusion can 

be obtained. This is particular helpful to study WM since the displacement of water in an 

arranged media, such as the axonal fibers, actually probes its structure. The Diffusion Tensor 

Imaging (DTI) model (Basser et al., 1994;Pierpaoli et al., 1996), which approximates the water 

displacement to an ellipsoid, enables the extraction of several indices that characterize WM 

micro-structural properties (Hagmann et al., 2006). Fractional anisotropy (FA) is probably the 

most popular DTI index and represents a measure of the existence of a preferential direction 

for water diffusion. High values of FA represent a highly directional (anisotropic) water 

displacement, which is commonly observed in axonal fibers where water molecules diffuse 

more along the axon than radially, while low values of FA represent isotropic water 

displacements observed in the ventricles, for example, where water molecules diffuse 

equally/freely in every direction. Three diffusivity measures are also commonly reported: mean 

diffusivity (MD), which represents the mean displacement along the three directions of the DTI 

ellipsoid; axial diffusivity (AD), denoting the extension of diffusion along the main direction of 

the ellipsoid (direction of the axon); and, radial diffusivity (RD) that embodies the mean 

diffusivity along the radial aspect of the ellipsoid (direction perpendicular to the axon). Lower 

FA and higher MD are commonly associated with reduced WM integrity and/or pathology 

(Kochunov et al., 2007;Barrick et al., 2010). RD is commonly associated with myelination 

levels, with higher RD being commonly interpreted as reduced myelin density (Song et al., 

2005). Results on AD are more difficult to be interpreted, with both increases and decreases 

being associated with aging (Bender and Raz, 2015).  

Additionally, DWI acquisitions can be used to reconstruct the main WM tracts through the 

directionality information obtained from the DTI model – tractography or fiber tracking (Basser 

et al., 2000). This technique enables both the estimation of a measure of structural 

connectivity (SC), as the number of reconstructed tracts that reach a given region, as well as 

the study of the properties of particular WM tracts. 
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Regardless of the previous description, DTI indices can be affected by other factors than WM 

integrity (Jones et al., 2013) and, thus, interpretations regarding WM integrity must be taken 

cautiously.  

 

4.2 Functional MRI 

Regarding brain function, two main imaging techniques are typically used: PET and fMRI. Both 

techniques provide indirect measures of brain activity through measures of blood flow in the 

brain. However, fMRI has several advantages when compared to PET: PET requires the use of 

radioactive isotopes while fMRI does not; fMRI enables the acquisition of higher resolution 

images. Both are expensive, but the PET scanners are much more expensive than MRI 

scanners, which contributes for the fact that MRI scanners are more prevalent in hospitals and 

imaging centers and, as a consequence, for the observation that most neuroimaging studies of 

brain function use fMRI. 

The basic principle of fMRI is that brain activity in a given brain region leads to an increase in 

metabolism and oxygen consumption and this, in turn, leads to an increased supply of 

oxygenated blood. The imbalance in the relative levels of oxyhemoglobin and deoxyhemoglobin 

produces an increase in the MRI contrast, also known as Blood-Oxygen-Level Dependent 

(BOLD) contrast (Ogawa et al., 1990). More recently, other techniques have been used to 

assess brain activity, such as arterial spin labeling (ASL), which allows the weighting of the MRI 

signal by cerebral blood flow. 

The BOLD contrast has been used to assess brain function in aging while performing memory 

encoding (Morcom et al., 2003;de Chastelaine et al., 2011), memory retrieval (Morcom et al., 

2007), attention control (Milham et al., 2002), working memory (Cappell et al., 

2010;Schneider-Garces et al., 2010), face processing (Lee et al., 2011) and emotion 

perception (Gunning-Dixon et al., 2003), among other fMRI tasks. As previously described, 

increased activation, mainly in frontal regions (Davis et al., 2008), as well as more symmetric 

and diffuse patterns of activation (Cabeza, 2002) are the most common findings across task 

performance in older individuals. 
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Another type of fMRI acquisition (using the BOLD contrast) commonly used in neuroimaging 

research is resting-state fMRI (rs-fMRI). This acquisition builds on the same principals as task-

related fMRI with the exception that BOLD signals are acquired while individuals are at rest (i.e. 

not performing a specific task). This type of acquisition has gained popularity due to its 

simplicity since it is does not require that individuals are able to perform a specific task, it is 

fast to acquire and results are reliable and easily interpretable (Shehzad et al., 2009). In rs-

fMRI studies, the interest is not in relative levels of activity but rather in inter-correlations in 

fluctuations of BOLD signals of different brain regions that are assumed to reflect functional 

connectivity (FC) (Biswal et al., 1995). This kind of analysis has enabled the identification of 

several sets of regions that display high inter-correlations in BOLD signals along time, leading 

to the emergence of the concept of the Resting-State Networks (RSNs) (Damoiseaux et al., 

2006;De Luca et al., 2006). The most studied network is the DMN, both in aging and 

pathology, but reductions in FC in other RSNs have also been reported to be associated with 

age (Tomasi and Volkow, 2012;Ferreira and Busatto, 2013). 

  

4.3 The connectomic approach 

Brain connectivity defines the way brain regions are functionally and structurally connected. 

The brain is commonly perceived as a complex and precise network that comprises several 

different regions that interact with each other at different levels (genes, proteins, neurons, 

areas, whole-brain). The perception of the brain as a network lead to an increasing interest in 

its characterization through the use of network analysis methods, such as graph theory 

(Bullmore and Sporns, 2009;Power et al., 2011), in the exploration of the so-called Human 

Connectome (Sporns et al., 2005). These methods enable the reliable quantification of brain 

networks with meaningful and easily computable measures (Deuker et al., 2009), facilitate the 

establishment of functional and structural connectivity relations (Honey et al., 2010), and are 

able to reveal connectivity abnormalities under different conditions ((Lynall et al., 2010;Zhang 

et al., 2011;Wang et al., 2013). The scientific community and governments have recognized 

the importance and potential of such analysis as indicated by large national and multinational 

studies in the field such as “The Human Connectome Project” (http://humanconnectome.org) 

and “The 1000 Functional Connectome Project” (http://fcon_1000.projects.nitrc.org/).  
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In graph theory analysis, a network is represented as a graph, which is a mathematical model 

composed by a group of nodes (the elements of the network) connected through edges that 

represent the relationships between the elements of the network (Gross and Yellen, 2005). At 

the brain level, the network nodes are commonly the different brain regions, either from a pre-

existing atlas or derived from fMRI analysis (Cohen et al., 2008;Wig et al., 2011). The edges 

are typically functional connectivity measures, such as interdependencies between rs-fMRI 

signals of the different regions (Smith et al., 2011;Zalesky et al., 2012) (Figure 2.a), or 

structural connectivity measures such as the co-variance of volumes/thickness across subjects 

(He et al., 2007;Bernhardt et al., 2011) (Figure 2.b) or the number/fiber density of DTI derived 

tracts (Hagmann et al., 2008;Gong et al., 2009) (Figure 2.c).  

 

Figure 2. Overview of human connectome analyses. Whole brain modeling of connectivity can 

be achieved through pairwise FC (a), through co-variances of brain volumes/thickness (b) or 

tractography derived SC (c). Analysis can be performed at the edge (d), node (e) and global 

network level (f). 

This kind of representation enables the analysis of the brain network at different levels: 

connection/edge level (Figure 2.d), regional/node level and global network level. At the edge 

level, simple connectivity analysis enables the exploration of which edges are more important 

for the network formation or which are more affected in particular conditions/pathologies. At 

the node level (Figure 2.e), several different metrics can be extracted reflecting centrality (e.g. 
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betweenness centrality), integration (e.g. global efficiency) or segregation (e.g. clustering 

coefficient). At the global network level (Figure 2.f), different indices can indicate levels of 

segregation, integration, centrality and resilience (Rubinov and Sporns, 2010) (Figure 2). 

To date, few studies have used connectomic approaches in the study of the aging brain. 

Comparing young and old individuals, researchers have found that both groups had 

significantly higher modularity (i.e. propensity for partitioning of the network) than expected for 

random networks and that in older adults the number of inter-modular connections is lower 

while the number of small modules is higher in their FC networks (Meunier et al., 2009). It has 

also been reported that healthy older subjects present less efficient FC networks than younger 

adults (Achard and Bullmore, 2007). More recently, Sala-Llonch and colleagues found that 

aging was associated with decreased FC in long-range connections and increased FC in short-

range connections, that average clustering and minimum path-length correlated positively with 

age and that global efficiency correlated negatively with age (Sala-Llonch et al., 2014). 

Additionally, clustering was negatively associated with memory performance. 

Still, studies investigating the impact of aging on brain networks’ properties through 

connectomic approaches are still very limited and the relationships between several cognitive 

dimensions and those properties remain unknown. Moreover, longitudinal studies, classified as 

crucial for a better understanding of the age and cognitive decline impact in brain 

structure/function, are inexistent in the context of graph-theory analysis of the brain network. 

 

5. Objectives 

Although intra-individual variability exists in aging, some older individuals seem to perform 

better across various cognitive domains than others. The focus of this thesis is to provide new 

insights on how brain networks age in an attempt to identify possible neuronal biomarkers for 

overall good cognitive aging. Detecting factors that influence the maintenance of good cognitive 

performance in aging may be helpful in enhancing cognitive functioning and, thus, improving 

quality of life of the older population. 
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In order to achieve this overarching objective, multimodal MRI techniques/analyses were used 

and connectivity patterns were modeled using graph theory to study the network properties of 

the aging human connectome. Several tasks were designed and performed, within the 

Switchbox (www.switchbox-online.eu/) project, to investigate: 

1 – which WM alterations (both macro- and micro-structural) could distinguish between overall 

good- and poor-cognitive performers and how these associate across age (Chapter 2); 

2 – which FC networks are associated with the major proxy of CR – education level – and 

which networks and network properties are associated with BR and CR, independently of 

education level (Chapters 3 and 4); 

3 – which are the FC networks and network properties affected by aging and cognitive decline 

and how opposite cognitive profiles are affected by aging (Chapter 5). 
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Abstract 

 

Studies have shown that white matter (WM) volumetric reductions and overall degradation 

occur with aging. Nonetheless little is known about the WM alterations that may underlie 

different cognitive status in older individuals. The main goal of the present work was to identify 

and characterize possible macro and microstructural WM alterations that could distinguish 

between older healthy individuals with contrasting cognitive profiles (i.e. “poor” vs “good” 

cognitive performers). Structural and diffusion magnetic resonance imaging was performed in 

order to quantify local WM volumes, white matter signal abnormalities (WMSA) volume (a 

measure of lesion burden) and diffusion tensor imaging scalar maps known to probe WM 

microstructure. A battery of neurocognitive/psychological tests was administered to assess the 

cognitive performance. Poor performers showed a higher slope for the positive association 

between WMSA volume and age compared to good performers. Even when controlling for 

WMSA volume, poor performers also evidenced lower fractional anisotropy, as well as positive 

associations with age with higher slopes of regression parameters in radial and axial diffusivity. 

Altogether results suggest that the cognitive performance is related with differences in WM, 

with poor cognitive performers displaying signs of faster aging in WM. 

 

Keywords: diffusion tensor imaging; aging; cognitive performance; white matter; tract-based 

spatial statistics 
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1.  Introduction  

The normal aging process is characterized by a natural and progressive cognitive decline 

(Brickman et al., 2005;Salthouse, 2009). Interestingly, the healthy aging pattern seems to be 

heterogeneous as different individuals age differently. In fact, cognitive decline is less 

pronounced in some individuals, compared to others, with this effect being associated with a 

multitude of factors (MacDonald et al., 2003;Paulo et al., 2011;Santos et al., 2014).  

Several changes take place at the brain level with normal aging, including: volume alterations; 

chemical changes, characterized by decreased synthesis of neurotransmitters, 

neurotransmitter receptors and transporters (Ota et al., 2006); cortical thinning (Salat et al., 

2004); and, functional reorganization (Tomasi and Volkow, 2012). Specifically, gray matter 

(GM) and white matter (WM) alterations in healthy aging have been the scope of many 

neuroimaging studies (Salat et al., 2009;Lemaitre et al., 2012;Fjell et al., 2013), with some 

work reporting patterns of WM alterations that accompany cognitive decline in aging. For 

example, WM degradation in anterior regions has been associated with decreased processing 

speed and reduced working memory, while degeneration on the posterior parts has been 

linked to reduced inhibition and higher task switching costs and poor episodic memory with 

WM degradation in central regions of the brain (Kennedy and Raz, 2009). Moreover, WM 

atrophy was also associated with the decline in neuropsychological functioning (Brickman et 

al., 2006).  

Another common finding in aging studies is the positive association between aging, cognitive 

decline and the presence of WM hyperintensities in T2-weighted MRI images, which have been 

described as ischemic events (Garde et al., 2005;Fischer et al., 2007). These lesions are 

frequently associated to axonal loss and demyelination (Wang et al., 2011). Similarly to the 

volumetric results, WM signal abnormalities (WMSA) seem to present an anterior-to-posterior 

age pattern, even in healthy individuals, and are associated with poorer cognition and 

functional status (Prins et al., 2005;Wakefield et al., 2010;Maillard et al., 2012). In a recent 

study, researchers demonstrated that WMSA were associated with slower search performance 

in aging and this association was independent of the generalized decrease in processing speed 

(Lockhart et al., 2014). 
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Diffusion tensor imaging (DTI) studies have brought evidence that WM microstructural 

alterations also occur with aging and may be associated with cognition (for review see (Madden 

et al., 2011)). Cross sectional studies have described variations on WM properties associated 

with cognitive performance such as memory, executive functioning and information processing 

speed (Deary et al., 2006;Vernooij et al., 2009;Laukka et al., 2013). These have been 

supported also by longitudinal alterations of perceptual speed and working memory in older 

adults (Charlton et al., 2010;Lovden et al., 2014). Moreover, studies involving DTI analysis 

have consistently reported patterns of WM degradation (O'Sullivan et al., 2001), which typically 

includes both a decrease in Fractional Anisotropy (FA) of normal appearing white matter with 

increasing age and a decrease in Mean Diffusivity (MD) (Pfefferbaum and Sullivan, 2003;Salat 

et al., 2005;Kochunov et al., 2007;Barrick et al., 2010). Fewer studies have also reported 

greater age-related increases in Radial Diffusivity (RD) compared to Axial Diffusivity (AD) (Zhang 

et al., 2010). A recent longitudinal study showed that AD changes with aging were more 

consistent than FA and RD changes and that both increases and decreases in AD occur along 

aging (Bender and Raz, 2015). There is also an anterior-to-posterior gradient of degeneration 

with more pronounced effects on the anterior regions (Pfefferbaum and Sullivan, 2003;Head et 

al., 2004;Salat et al., 2005;Grieve et al., 2007). Cognitive impairments associated with WM 

degradation using DTI metrics have been found in pathological conditions, including Alzheimer 

Disease and mild cognitive impairment (MCI) (Mielke et al., 2009;Liu et al., 2011), multiple 

sclerosis (MS) (Roosendaal et al., 2009) and major depressive disorder (Alves et al., 2012). 

Still, despite the findings, most of the previously mentioned studies focused either on an 

individual dimension of WM assessment (e.g. volumetry, WMSA or DTI indices) or on specific 

dimensions of cognitive performance (e.g. working memory, executive functioning, processing 

speed). Moreover, a previous study by Santos et al. (2013) assessed a large sample of older 

healthy adults with an extensive battery of neurocognitive tests that were grouped in cognitive 

dimensions. Afterwards, clusters of cognitive performance were obtained using these 

dimensions and mood status. These results pointed to the fact that some individuals that are 

better in one dimension of cognition (e.g. memory) are also better at other cognitive 

dimensions (e.g. executive functioning) and the opposite also holds true. Taking this into 

account, in the present study through a multimodal neuroimaging approach in a cross-

sectional design, we aimed at investigating i) which WM properties could discriminate between 
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overall “good” and “poor” cognitive performance status in healthy older individuals and ii) if 

age affects each group differently, through a multimodal neuroimaging approach in a cross-

sectional design. Specifically, we assessed WM volumetry and WM hypointensities volume (a 

measure of WMSA volume) through structural MRI and investigated WM microstructural 

properties through DTI metrics derived from diffusion MRI.  

 

2. Methods 

2.1 Ethics statement 

The current study was part of the Switchbox (www.switchbox-online.eu/) project. Study goals 

and tests were explained to all participants. Informed written consent was obtained from all 

study participants. The study was conducted in accordance with the principles expressed in the 

Declaration of Helsinki and was approved by the local and national ethics committees. 

 

2.2 Neurocognitive assessment 

The selection of participants was based on cognitive data obtained from a representative 

sample of the general Portuguese older population in terms of age, gender and education 

[n=1051, after inclusion/exclusion criteria; subjects randomly selected from the Guimarães 

and Vizela local area health authority registries (Costa et al., 2013;Santos et al., 2013;Santos 

et al., 2014)]. A team of trained psychologists performed the 

neurocognitive/neuropsychological assessments. The test battery included the following 

instruments: digit-span forward and backward test, Stroop color and word test, controlled oral 

word association test (COWAT, letters F-A-S), selective reminding test (SRT), digit symbol 

substitution test (DSST), mini-mental state examination (MMSE), geriatric depression scale 

(GDS, long-version) and the Graffar socio-demographic scale (Santos et al., 2014). Regarding 

the MMSE scores, recommendations state that the corresponding threshold should be 

adjusted depending on factors such as age and/or education (Grigoletto et al., 1999;Busch 

and Chapin, 2008). The following adjusted thresholds for cognitive impairment were calculated 

and applied: MMSE score < 17 if individual with ≤ 4 years of formal school education and/or ≥ 



 38 

72 years of age, and MMSE score < 23 otherwise [follows the MMSE validation study for the 

Portuguese population (Guerreiro et al., 1994)].   

 

2.3 Principal Component Analysis and clusters of cognitive performance 

In a previous study, Principal Component Analysis (PCA) was performed in a subsample of 

487 participants in order to allocate the multiple test variables into composite 

components/dimensions, thus reducing the data dimensionality with the least possible loss of 

information (Santos et al., 2013). PCA resulted in the identification of four significant 

dimensions: memory (MEM) (SRT test variables: consistent long-term retrieval (CLTR), log term 

storage (LTS) and delayed recall); executive function (EXEC) (FAS admissible parameter; 

Stroop parameters: words, colors and words/colors; digits parameters: forward and backward); 

global cognitive status (MMSE) and mood (GDS). Further details regarding factor loadings can 

be consulted in the original publication of the exploratory factor analysis (Santos et al., 2013).  

Finally, a cluster analysis on the PCA-derived dimensions (i.e. MEM, EXEC, MMSE and GDS z-

scores) was performed in order to identify groups sharing similar characteristics across these 

dimensions and a four-cluster membership was considered to provide the best solution (Santos 

et al., 2013). Further analysis of the resulting clusters (C1 to C4) revealed that the subjects 

included in C1 had the highest MEM, EXEC and MMSE z-scores, and that the clusters followed 

a consistent rank order of cognitive performance in all cognitive dimensions (i.e. EXEC, MEM 

and MMSE): C1 > C2 > C3 > C4. Thus, this ranked order of performance in cognitive 

dimensions corresponded to “very good”, “good”, “poor” and “very poor” cognitive 

performers. The clusters differed significantly from each other in all cognitive dimensions 

(ANOVAs, followed by Games-Howell post hoc tests). GDS scores differed significantly between 

C1 and C2 clusters and between the C3 and C4 clusters, but not between C1 and C3 and C2 

and C4 (Santos et al., 2013). 
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2.4 Participants 

In the Switchbox project, from the considered cohort (Santos et al., 2013), 60 subjects from 

the cluster exhibiting “very good” (C1) cognitive performance and 60 subjects from the “very 

poor” (C4) cognitive performers cluster were recruited for MRI screening. Participants were 

pseudo-randomly selected from each cluster in order to obtain two groups matched for age 

and gender. Selectivity indexes for these background variables ([Msubsample - Mtotal sample] 

/ SDtotal sample) were -0.131 for age and 0.400 for years of formal school education and the 

ratio of males/females was 0.533 in the original sample and 0.467 in this sample. The 

primary exclusion criteria were inability to understand the informed consent, participant choice 

to withdraw from the study, incapacity and/or inability to attend the MRI session, dementia 

and/or diagnosed neuropsychiatric and/or neurodegenerative disorder (medical records).  

In the present manuscript “very good” and “very poor” cognitive performers will be referred 

simply as good and poor performers, respectively. This setting enabled to test which WM 

correlates could distinguish between overall cognitive performance groups. From the 120 

subjects initially recruited, nine refused to undergo MRI screening at the time of the evaluation, 

one subject did not finish the diffusion acquisition from the screening protocol and four 

subjects had brain lesions/pathology. In total, 106 subjects (ranging from 51 to 87 years of 

age) participated in the present study: 58 good and 48 poor cognitive performers.  

 

2.5 Data acquisition 

All participants underwent the same acquisition protocol implemented on a clinical approved 

Siemens Magnetom Avanto 1.5 T (Siemens Medical Solutions, Erlangen, Germany) at Hospital 

de Braga (Braga, Portugal) using a Siemens 12-channel receive-only head coil. The acquisition 

protocol included a structural 3D T1-weighted magnetization prepared rapid gradient echo 

(MPRAGE) with the following parameters: repetition time (TR) = 2730 ms, echo time (TE) = 

3.48 ms, flip angle = 7°, 176 sagittal slices, in-plane resolution = 1 × 1 mm2 and slice 

thickness = 1 mm. A Diffusion Weighted Imaging (DWI) scan was also performed using a spin-

echo echo-planar imaging (SE-EPI) sequence: TR = 8800 ms, TE = 99 ms, FoV = 240 x 240 

mm, acquisition matrix = 120 × 120, 61 2-mm axial slices with no gap, 30 non-collinear 
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gradient directions with b=1000 s mm-2, one b = 0 s mm-2 acquisition and 1 repetition. Before 

any data pre-processing, the raw DWI acquisitions from all subjects were visually inspected by 

the authors, including a certified neuroradiologist, to confirm that none of the participants had 

brain lesions and/or critical head motion or artifacts that could compromise data quality. 

 

2.6 White matter segmentation and WMSA volume estimation 

T1-weighted MPRAGE images were processed using the standard semi-automated workflow 

implemented in Freesurfer toolkit version 5.1 (http://surfer.nmr.mgh.harvard.edu). The 

pipeline and procedures employed have been validated against manual segmentations (Fischl 

et al., 2002) and are considered reliable across sessions, scanner platforms, updates and field 

strengths (Jovicich et al., 2009). Several improvements were made during the last decade and 

the technicalities of the procedures are described elsewhere (Fischl et al., 2002;Desikan et al., 

2006;Destrieux et al., 2010). Briefly, the entire pipeline involves 31 processing steps which 

include the spatial normalization to Talairach standard space, skull stripping, intensity 

normalization, tessellation of GM-WM boundary and cortical, subcortical and WM 

segmentation. For the present study, only the volumes of regions of interest (ROI) resulting 

from WM segmentation and total WM hypointensities (i.e. WMSA) volume were considered. 

Freesurfer labels the WMSA using probabilistic procedures that were extended to WM lesion 

identification (Fischl et al., 2002). This T1-based WMSA volume estimate has been successfully 

used as a measure of WM lesion volume (Salat et al., 2012), and showed sensitivity in 

measuring WM lesions in Alzheimer’s disease (Salat et al., 2010), as well as to correlate with 

estimates based on FLAIR acquisitions and to correlate better with clinical symptoms in MS 

(Bagnato et al., 2010). 

 

2.7 DWI data pre-processing and tensor fitting 

All data pre-processing was performed with tools provided with the FMRIB Software Library 

(FSL v5.0; http://fsl.fmrib.ox.ac.uk/fsl/). The DWI images were initially corrected for motion 

and eddy current distortions using FMRIB’s Diffusion Toolbox (FDT). The affine transformations 

used to register each volume were also used to rotate the gradient vectors accordingly using 
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FSL’s fdt_rotate_bvecs script. The first b0 volume of each subject’s dataset was then extracted 

and skull stripped using the BET tool, thus generating a brain mask that was then applied to 

the remaining volumes in order to remove non-brain structures. 

Tensor fitting and scalar maps computation steps were performed with the tools provided with 

Camino software package (http://cmic.cs.ucl.ac.uk/camino/) which implements the Robust 

Estimation of Tensors by Outlier Rejection (RESTORE) algorithm (Chang et al., 2005). 

RESTORE algorithm performs nonlinear least squares fitting with constant weights after 

rejecting potential outliers with an iteratively reweighted least squares regression and 

inspection of the reweighted fit residuals. After tensor fitting, scalar maps of FA and AD and RD 

were generated. 

 

2.8 Tract Based Spatial Statistics 

Voxel-wise analysis of scalar maps was performed using the TBSS (Smith et al., 2006) 

procedures, also implemented in FSL. Initially, the FA maps from all participants were slightly 

eroded and the end slices were zeroed in order to further remove potential outliers. Next, all FA 

images were nonlinearly registered into a 1 x1 x 1 mm standard space. In order to perform 

this, the FA image from each subject was nonlinearly registered to each other in order to find 

the “most representative one” (i.e. the one that requires the least warping to align all images) 

that served as the study specific template. This template image was then affine transformed 

into Montreal Neurological Institute (MNI) 152 standard space and each FA map was 

transformed into standard space by combining the nonlinear transformation to the FA target 

with the affine transformation into MNI space. All FA images were then averaged and the 

resulting image was skeletonized. The skeleton was then thresholded at 0.3 in order to remove 

from the skeleton regions encompassing multiple tissue types. Finally, all scalar maps (FA, AD 

and RD) were projected into this FA skeleton using the transformations applied to the FA 

images. 
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2.9 Statistical analysis 

The main focus of the present work was on the effects of overall cognitive functioning, age and 

their interactions in relation with WM. Multiple group confirmatory factor analysis (MGCFA) was 

performed in order to ensure that the cognitive factor structure was valid and invariant across 

age categories. This can be confirmed by the absence of differences between the fit of 

unconstrained and constrained models (Δχ2
 = 8.22, Δdf = 14, p=0.877) supporting metric 

invariance. 1 

Volumetric data analysis was performed ROI-wise and the statistical analysis was performed 

with SPSS version 22 (IBM, SPSS, Chicago, IL, USA). For each WM ROI, a general linear model 

analysis of covariance (ANCOVA) was performed with the ROI volume as the dependent 

variable, group as the fixed factor and age, sex, years of formal school education and 

intracranial volume (ICV) as covariates. For the present study, only the main effects of age, 

group and age by group interaction were considered of interest. Only results surviving a 

significance level of p < 0.05 after correction for multiple comparisons using the false 

discovery rate (FDR) criterion were reported. Analyses of the WMSA volume, as well as the 

volumes from the left caudal anterior cingulate and right pars triangularis, rostral anterior 

cingulate and superior temporal, were performed on natural log transformations of the 

estimated volume in order to meet the normality assumptions of the residuals of the ANCOVA 

models. The reason for this transformation was their positively skewed distribution. Systolic 

and diastolic blood pressure (BP) did not differ between groups (Table I) and it was not a 

significant predictor of WMSA volume. For these reasons, and in order to reduce the number of 

independent variables in the models, we did not control for BP. 

Statistical analysis of the skeletonized maps of FA, AD and RD was performed using the 

permutation methods employed in “randomise”, distributed with FSL. In total, 4 models were 

used. In the first model we tested for the group by age interaction; thus, testing if the slopes of 

                                                

1 Analysis performed on another sample of 435 subjects, similar to the sample used in (Santos et al., 2013) in 

terms of age and gender (data not published). The sample was divided in age categories (i.e. 50-60, 60-70, 70 or 

more years of age) for the MGCFA. 
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the age associations for each group differed significantly. In the second model, regions with 

significant interactions were masked out, thus enabling the estimation of the main effects of 

group and age. The third and fourth models were similar to the first two but with an additional 

regressor for the estimated volume of WMSA. These models enabled the estimation of the 

same effects as the previous two while controlling for a measure of WM lesion. Sex and years 

of formal school education were always entered in the models as covariates. 10000 random 

permutations were used in the inference of the contrasts of interest. Threshold-free cluster 

enhancement (TFCE) was used to detect widespread differences and family-wise error (FWE) 

correction at p < 0.05 was used to correct for multiple comparisons. The projected regions 

showing significant results were then labeled according to the John Hopkins University ICBM-

DTI-81 WM labels atlas (Hua et al., 2008) distributed with FSL. For visualization purposes, the 

significant results were dilated with tbss_fill tool (distributed with FSL). 

 

3. Results 

3.1 Sample characteristics 

Table I presents a basic demographic, cognitive and physiological characterization of the two 

cognitive performance groups enrolled in the present study.  

Table I. Basic characteristics of the study’s sample. 

 
Poor 

performers 

 Good 

performers 

  
 Mean (SD) Range Mean (SD) Range Test statistic 
Males/Females (n) 32/26 

 
20/28  Χ 2

(104)=1.917 

(p=0.166) Age (years) 66.19 (7.84) 52 – 87 64.41 (8.66) 51 – 82 T(104)=-1.094 

(p=0.277) Education (years) 3.65 (1.99) 0 – 12 6.84 (4.33) 2 – 17 T(104)=4.720 (p<0.001) 
MMSE score 24.02 (3.56) 18 – 29 28.52 (1.78) 23 – 30 T(104)=8.439 (p<0.001) 

ZMEM -0.723 (0.525) 
-1.603 – 
0.638 

1.339 (0.664) 
0.512 – 
3.314 

T(104)=17.449 
(p<0.001) 

ZEXEC -1.062 (0.581) 
-2.341 – 

0.326 
1.083 (0.900) 

-0.4681 – 

2.703 

T(104)=14.234 

(p<0.001) 

ZMMSE -0.427 (0.918) -3.013 – 
0.8587 

0.734 (0.460) -0.690 – 
1.117 

T(104)=8.439 (p<0.001) 

ICV (mm3) 
1453651 -

(159935) 

1173954 – 

1898374 

1484486 -

(153998) 

1134670 – 

1834778 
T(104)=1.008 (p=0.316) 

Systolic BP 

(mmHg) 

142.10 (18.32) 102 - 191 139.95 (17.41) 93 - 181 T(104)=0.620 (p=0.537) 
Diastolic BP 

(mmHg) 

82.52 (8.20) 63 - 107 80.97 (8.01) 60 -98 T(104)=0.984 (p=0.327) 
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3.2 White matter volumetry 

Analysis of WM regional volumes yielded no significant effects for group by age interactions. 

Similarly, no statistically significant differences were found between good and poor cognitive 

performers. However, several WM regions showed statistically significant (FDR corrected at p < 

0.05) negative associations with age in both hemispheres (Table II). Lateral Orbitofrontal, 

Superior Frontal, Inferior Temporal, Fusiform and the Posterior Cingulate appeared to show the 

largest age differences. 

Table II. White matter ROIs presenting statistically significant negative associations with age 

(results FDR corrected at p < 0.05). 

White Matter Region T-statistic p-value White Matter Region T-statistic p-value 

Right Hemisphere   Left Hemisphere 
  

Lateral orbitofrontal -5.44976 <0.001 Inferior temporal -7.31238 <0.001 

Fusiform -5.21978 <0.001 Superior frontal -5.50838 <0.001 

Posterior cingulate -5.15511 <0.001 Lateral orbitofrontal -5.26034 <0.001 

Inferior parietal -5.07018 <0.001 Rostral middle frontal -4.7374 <0.001 

Middle temporal -4.68758 <0.001 Entorhinal -4.55841 <0.001 

Parahippocampal -4.67506 <0.001 Middle temporal -4.55636 <0.001 

Superior parietal -4.60471 <0.001 Posterior cingulate -4.4679 <0.001 

Superior frontal -4.44204 <0.001 Superior parietal -4.3474 <0.001 

Medial orbitofrontal -4.24614 <0.001 Superior temporal -4.1974 <0.001 

Post central -4.21701 <0.001 Fusiform -4.19575 <0.001 

Inferior parietal -4.01232 <0.001 Postcentral -4.16346 <0.001 

Superior temporal -3.97203 <0.001 Paracentral -3.80857 <0.001 

Pars orbitalis -3.94235 <0.001 Precentral -3.80357 <0.001 

Rostral middle frontal -3.67635 <0.001 Lingual -3.70006 <0.001 

Precentral -3.63165 <0.001 Parahippocampal -3.41426 <0.001 

Lateral occipital -3.56865 <0.001 Superior temporal -3.40162 <0.001 

Pars triangularis -3.40025 <0.001 Pars triangularis -3.3605 0.001 

Entorhinal -3.23258 0.002 Inferior parietal -3.23466 0.002 

Paracentral -3.16105 0.002 Supramarginal -3.22941 0.002 

Frontal pole -3.12296 0.002 Pars triangularis -3.21845 0.002 

Lingual -2.97717 0.004 Precuneus -2.92762 0.004 

Supramarginal -2.96515 0.004 Rostral anterior cingulate -2.8917 0.004 

Rostral anterior cingulate -2.84301 0.005 Pars orbitalis -2.71792 0.008 

Pars opercularis -2.80929 0.006 
   

a Analyses performed with natural log transformed volumes in order to meet the assumptions of normality of the 

residuals of the ANCOVA models. 
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Similarly to other studies, WMSA volumes were non-normally distributed and positively skewed 

(skewness of 1.843 and 2.150 for good and poor cognitive performers respectively) (Jacobs et 

al., 2013). Good cognitive performers presented median WMSA volume of 2109.5 (IQR= 

1469.25) and poor cognitive performers presented median WMSA volume of 3052.5 (IQR= 

4375.5). These values are comparable to other studies assessing healthy individuals with 

approximate age ranges (Jacobs et al., 2013;Leritz et al., 2013). Analysis of natural log 

transformed WMSA volume revealed a significant group by age interaction (F (1,100) = 

10.531; p = 0.003; η2 = 0.095). Parameter estimates revealed that while WMSA volume has a 

positive correlation with age in both groups, the slope of the regression parameter is higher in 

poor cognitive performers (B = 0.072; SE = 0.012; CI95%= [0.047-0.097]) when compared to 

the slope in good cognitive performers (B = 0.033; SE = 006; CI95%= [0.020-0.046]). As 

expected, age was a significant predictor of WMSA volume (F (1,101) = 73.785; p < 0.001; η2 

= 0.422) and group differences were also significant (F (1,101) = 8.253; p = 0.005; η2 = 

0.076). 

 

3.3 Group by age interactions in DTI metrics 

Spatial representations of statistically significant interactions between age and group, with and 

without inclusion of WMSA volume in the model, are presented in Figure 1. Significant 

interactions between age and group in FA maps were found in the posterior thalamic radiation, 

splenium of corpus callosum and body of corpus callosum, with all clusters localized in the left 

hemisphere of the brain (Figure1.A).  

Post-hoc analysis revealed that the group with poor cognitive performance had a stronger 

negative association between FA and age when compared to the group with good cognitive 

performance. The results presented in Figure 1.B indicate that after the inclusion of WMSA in 

the regression model, no significant interactions between age and group in FA values 

remained.  
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Figure 1.  Statistically significant group by age interactions in FA, RD and AD projected maps, 

before (A, C, E) and after (B, D, F) controlling for WMSA volume. Significance threshold was set 

to p < 0.05 (FWE corrected for multiple comparisons). Blue/light-blue gradient indicates lower 

age slopes for good cognitive performers when compared to poor cognitive performers. 

Red/yellow gradient indicates higher age slopes for the good cognitive performance group. 

Regarding RD, Figure 1.C shows that several significant interactions could be found between 

age and group in several widespread clusters and in both hemispheres. Post-hoc analysis 

revealed an inverse pattern relative to the FA interactions, with the poor cognitive performance 
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group evidencing a higher slope in the positive association of RD and age. After inclusion of 

WMSA volume in the model, most of the significant interactions remained, being observed the 

same pattern of higher slope of the RD association with age in poor cognitive performers when 

compared to good cognitive performers (Figure 1.D). 

Analysis of AD maps showed several widespread significant age by group interactions 

(Figure1.E). Similarly to the interactions in RD profiles, poor cognitive performers showed 

higher slopes for the positive association of AD with age when compared to good cognitive 

performers. As shown in Figure 1.F, after inclusion of WMSA volume in the model, most of the 

previously described interactions remained. 

 

3.4 Age effect on DTI metrics 

Maps of the significant effects of age on FA, RD and AD are presented in Figure 2. These 

results, were previously masked out with the significant group by age interaction results in 

order to reflect age effects only.  Higher age was associated with lower FA values in almost all 

the WM tracts (Figure 2.A), and most of those differences remained after controlling for WMSA 

volume (Figure 2.B). The same pattern, although with a positive correlation with age, was 

found for RD profiles with and without inclusion of WMSA volume as a covariate (Figure 2.D 

and Figure 2.C). Age was also positively associated with higher AD values (Figure 2.E). The 

inclusion of WMSA as covariate seemed to have a low impact in the age effect (Figure 2.F). 

 

3.5 Group effect on DTI metrics 

Analysis of group differences while accounting for age, gender and years of formal school 

education, yielded several statistically significant effects (Figure 3). Similarly to the age effect 

results, regions where group by age interactions were significant were previously masked out 

so that the presented results reflect only group differences. Between group analyses of FA 

maps revealed that good cognitive performers had significantly higher FA values in several 

wide spread WM tracts when compared with poor cognitive performers (Figure 3.A). Inclusion 



 48 

of WMSA volume in the regression model accounted for some, but not all, of the described 

between group differences (Figure 3.B).  

 

Figure 2. Statistically significant associations between age and FA, RD and AD maps, before 

(A, C, E) and after (B, D, F) controlling for WMSA volume. Blue/light-blue gradient indicates 

negative associations with age. Red/yellow gradient indicates positive. All results were 

considered significant at p < 0.05 (FWE corrected for multiple comparisons). 
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Figure 3. Statistically significant group differences in FA, RD and AD maps, before (A, C, E) 

and after (B, D, F) controlling for WMSA volume. Blue/light-blue gradient indicates lower values 

for good cognitive performers when compared to poor cognitive performers. Red/yellow 

gradient indicates higher values for the good cognitive performance group. All results were 

considered significant at p < 0.05 (FWE corrected for multiple comparisons). 

In the same way, several widespread group differences could be found in RD maps, with good 

cognitive performers showing statistically significant lower values of RD (Figure 3.C). Figure 3.D 

shows that, after regressing out WMSA volume effect, good cognitive performers still showed 
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lower values of RD than poor cognitive performers in several white matter tracts. Regarding AD 

profiles, no group differences were found in AD before (Figure 3.E) and after (Figure 3.F) 

including WMSA volume as a covariate in the model.  

 

4. Discussion 

In the present study we investigated which possible WM correlates could underlie the 

distinction between two opposite cognitive profiles (i.e. ‘good’ and ‘poor’) in older subjects. 

Considering the effect of age on WM, the results are consistent with the majority of the 

previously published aging studies. These effects include i) overall volumetric negative 

associations with age in WM, which are more pronounced in anterior regions (Salat et al., 

2009;Westlye et al., 2010), ii) positive associations with volume of WMSAs (Smith et al., 

2000;Leritz et al., 2013), and iii) overall lower FA, increased RD and AD in aged individuals, 

when comparing to younger subjects (Bennett et al., 2010;Leritz et al., 2013). Longitudinal 

evidence also suggests reduced FA and increased AD and RD with aging (Teipel et al., 

2010;Sexton et al., 2014). These results are usually interpreted in the context of axonal injury 

or loss and demyelination in late stages of life, potentially linked to cognitive decline. 

Furthermore, interestingly, when controlling for the effects of age, results indicate that the 

contrasting cognitive profiles are underlined by differences in WM, which, notably, evolve 

differently with age. In fact, albeit no volumetric group differences or group by age interactions 

differences were observed, WMSA volume evidenced a positive association with age. This 

association had a higher slope in poor cognitive performers in comparison with the slope of 

association in good cognitive performers. This points to an increased susceptibility for the 

presence of brain ischemic events in older individuals with poorer cognitive performance, even 

when these are clinically silent. Moreover, WMSA volume has been shown to be positively 

associated with vascular risk factors, such as blood pressure (Firbank et al., 2007), as well 

with executive functioning, processing speed and memory performance (Prins et al., 

2005;Maillard et al., 2012;Jacobs et al., 2013). Thus, poorer cognitive performers not only 

reveal an augmented presence of WM lesions, which potentially results from loss of axonal 

integrity (Wang et al., 2011), with repercussion in cognitive functions, but they also exhibit 
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patterns that could reflect an increased vascular risk when compared to those of similar age 

but overall stronger cognitive performance pattern. However, we did not find differences in BP 

between groups and BP was not a significant predictor of WMSA. This could be due to the fact 

that the older Portuguese population is generally hypertensive, independently of cognitive 

performance, and possibly, other factors may play a role. Some studies suggest that vascular 

risk factors, including hypertension, affect WM microstructural integrity independently of WMSA 

(Wang et al., 2015). Additionally, metabolic risk factors could also mediate these effects 

(Bender and Raz, 2015). 

When considering the effect in WM microstructure, good cognitive performers evidenced overall 

higher FA and lower RD and AD when compared to poorer performers. However, since several 

group by age interactions were found in all metrics, group differences need to be interpreted in 

the context of these interactions. Regarding FA, only small significant interactions were found 

in regions close to the left lateral ventricle that were not significant after the inclusion of WMSA 

volume as regressor. Nevertheless, the volume of WMSA explained only some of the 

widespread group differences in FA. Of note, lower values of FA are usually associated with 

age-related cognitive decline. This is thought to reflect axonal damage and decreased efficiency 

in communication and consequent disconnection of neural networks (O'Sullivan et al., 

2001;Bartzokis et al., 2004;Kochunov et al., 2007). Additionally, longitudinal studies showed 

that alterations in FA in one tract are associated with similar alterations in other tracts (Lovden 

et al., 2014) thus indicating that FA changes with aging are not mostly tract specific. 

Regarding RD, several widespread group by age interactions were found, with most remaining 

significant after the inclusion of WMSA in the model. This means that the positive association 

of RD and age had a higher slope in poor cognitive performers compared to good performers. 

The group comparisons further revealed that poor cognitive performers already showed 

significantly higher RD values at the mean age of the population under study. RD is the DTI 

metric mostly associated with myelination levels with increased RD typically reflecting 

demyelination (Sun et al., 2006;Klawiter et al., 2011). Taking this into account, our results 

point to an increased rate of demyelination in older individuals with poor cognitive 

performance, which is a clinically relevant finding. 
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When analyzing AD maps, no group differences were found with or without inclusion of WMSA 

volume as regressor in the model. More interestingly, numerous significant group by age 

interactions were found with and without inclusion of WMSA volume as a regressor. This 

suggests that although at the mean age of our sample the groups did not differ significantly in 

AD after inclusion of WMSA volume, the slopes of the positive associations between AD and 

age are different, with the poor performance group showing a higher slope in AD compared to 

the good performance group. Unlike FA and RD, localized or sparse foci of increase (Zhang et 

al., 2010), decrease (Burzynska et al., 2010) or no effect (Madden et al., 2009) in AD with 

aging have been reported. Bender & Raz (2015) found, in a longitudinal setting, that aging was 

associated with both decreases and increases in AD. Whereas, RD is typically associated with 

myelination levels, AD is usually interpreted in the context of axonal pathology. Small 

decreases of AD have been reported in the presence of axonal injury (Budde et al., 

2007;Budde et al., 2009) suggesting that cellular fragments and gliosis would restrict water 

diffusion. Sun and colleagues suggest, however, that cellular debris could be later removed by 

microglia, clearing the lesion area and thus leading to an increase in AD (Sun et al., 2008). As 

such, the increased slopes of the age regressor in AD could reflect the higher presence of 

axonal damage and the increased slopes of the regression parameter with RD could reflect a 

higher axonal myelin loss. Wallerian degeneration theory accounts for both axonal injury 

(primary degeneration) and loss of myelin following the axonal lesioning (secondary 

degeneration) (Conforti et al., 2014). Taking all of this into account, we hypothesize that the 

higher slope of the associations of age with AD and RD could reflect that poor cognitive 

performers could be suffering a higher rate of Wallerian degeneration compared to good 

cognitive performers.  

In summary, older individuals with poor cognitive performance evidenced lower FA and higher 

slopes in the association of age with RD and AD, controlling for age, education and 

macrostructural lesioning, when compared to good cognitive performers. In the context of 

aging, a similar pattern has been suggested to reflect chronic WM degeneration (Burzynska et 

al., 2010). Longitudinal studies reported that changes in perceptual speed are associated with 

decreased FA and increased MD in the cortical spinal tract (Lovden et al., 2014) and that 

working memory declines with aging were associated with decreases in MD but not FA 

(Charlton et al., 2010). In the present study however, we found differences to affect not only 
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these tracts but also almost all WM tracts. This may indicate that overall good performance 

could be the result of overall preserved WM integrity. This is further supported by the results 

found for WMSA. However, with the present setting, we cannot exclude the hypothesis that this 

is the result of the summation of the effects of individual cognitive dimensions that are 

preserved in good performers. Considering that poor cognitive performers evidence higher 

slopes for the age regression parameters with diffusivity metrics, we speculate that poor 

cognitive performers display faster WM degeneration. This view is further reinforced by the 

similarity between the group comparisons results and the cross sectional effects of age. We 

aim at further investigating this with longitudinal analysis of the same cohort. 

The present work presents some limitations that should be considered. One of the main 

limitation concerns the estimation of WMSA volume that, as in the present study, is estimated 

from a T1-weighted MPRAGE acquisition. Several different sources of WM lesioning can lead to 

WMSA and these different sources could not be fully identified with a T1-weighted sequence. 

Optimally, a combination of T1, T2, proton density (PD) and fluid-attenuated inversion-recovery 

(FLAIR) sequences should be used (Kim et al., 2008). Another limitation concerns the nature 

and interpretation of the DTI metrics analyzed. The images acquired in order to estimate those 

metrics had a limited voxel size of 2 mm. However, these metrics were interpreted as reflecting 

the properties of WM at the axonal level that has a much smaller scale. This leads to an 

important issue in inferring WM integrity from DTI scalar metrics. The link between FA, RD and 

AD and myelination levels or axonal injury is not well established. Other aspects such as 

crossing fibers, axonal re-arrangement or partial volume effects are known to have some 

impact on the same metrics (Jones et al., 2013). Nevertheless, the use of multiple DTI and 

structural metrics, as addressed in this work, may help to overcome part of these limitations. A 

final limitation of the study is that is has a cross-sectional design. Future work should include a 

longitudinal perspective of the effects of aging, to clarify how the different groups actually 

progress with age. 

In summary, our results showed that poor cognitive performance in older adults is associated 

with increased volume of WM lesions and that individuals with a weaker cognitive profile show 

a higher rate of chronic white matter degeneration. The similarities between the group effects 

and the age effect suggest that aging has a greater impact in poor cognitive performers 

compared to stronger performers with similar chronological age.  
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Abstract 

Inter-individual heterogeneity is evident in aging; education level is known to contribute for this 

heterogeneity. Using a cross-sectional study design and network inference applied to resting-

state fMRI data, we show that aging was associated with decreased functional connectivity in a 

large cortical network. On the other hand, education level, as measured by years of formal 

education, produced an opposite effect on the long-term. These results demonstrate the 

increased brain efficiency in individuals with higher education level that may mitigate the 

impact of age on brain functional connectivity. 

 

1. Introduction 

Normal aging is characterized by inter-individual heterogeneity with some individuals showing a 

marked (cognitive) decline, while others evidence relatively preserved cognition (MacDonald et 

al., 2003;Santos et al., 2014). One of the factors thought to contribute for this heterogeneity is 

education level, a factor associated to “cognitive reserve” (CR). CR can be perceived as the 

brain’s capacity to optimize/maximize performance (Stern, 2002). More so, previous studies 

have shown that older individuals with higher education levels evidence larger brains and lower 

levels of brain activity during task performance, thus reflecting more efficient brain networks 

(Sole-Padulles et al., 2009). 

One of the recent trends in the neuroimaging field is the use of graph theory models to study 

the human brain connectome as a network, modeling each brain region as a node and the 

connections between brain regions as the edges of a graph (Bullmore and Sporns, 2009). 

Resting-state functional magnetic resonance imaging (rs-fMRI) is one of the most widely used 

neuroimaging techniques to study the brain’s functional connectivity (FC) and has been used in 

combination with graph theory to study the human functional connectome in health (Zalesky, 

2011) and disease (Zhang et al., 2011). Concerning aging, it has been recently shown that it 

has a negative impact on the FC of several brain networks such as the default mode network 

(DMN) and the salience network as well as in internetwork connectivity, with these changes 

being associated with cognitive decline (Onoda et al., 2012). At the connectome level, there is 

evidence that long-range connections are negatively impacted by aging, while short-range 
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connection may display higher FC with aging (Sala-Llonch et al., 2014). Comparative studies 

between older and younger individuals, using graph theory, have shown that aging is 

associated with decreased network efficiency in frontal and temporal regions and a 

rearrangement in the modular organization of the brain (Achard and Bullmore, 2007;Meunier 

et al., 2009). 

Yet, to the best of our knowledge, no study has yet characterized the effect of education level, 

one of the major proxies of CR, in the brain’s functional network in aging. We performed rs-

fMRI on more than 97 healthy older subjects (without manifestation or diagnosed brain 

pathology), modeling whole FC patterns and investigating: i) the cross-sectional effects of 

healthy aging in the human functional connectome, and (ii) the effects of education level in the 

human connectome as well as possible interactions with the aging effects.  

 

2. Methods  

2.1 Participants 

The present study was performed with a sample comprising 97 participants (49 males, 48 

females; mean age 64.94 ± 8.20, minimum age 51, maximum age 82; mean years of 

education 5.37 ± 3.83, minimum 0, maximum 17 years of education), after 

inclusion/exclusion criteria were met. All participants underwent an extensive battery of 

neuropsychological and neurocognitive tests in order to rule out the presence of Mild Cognitive 

Impairment and dementia. In the recruitment phase, exclusion criteria including inability to 

understand informed consent, participant choice to withdraw from the study, incapacity and/or 

inability to attend the clinical and neuropsychological assessment session(s), dementia and/or 

diagnosed neuropsychiatric and/or neurodegenerative disorder (including via verification from 

medical records) were verified by a clinician. Additionally, individuals presenting MMSE scores 

below the adjusted thresholds for cognitive impairment were not included in the present study. 

Regarding the MMSE scores, recommendations state that the corresponding threshold should 

be adjusted depending on factors such as age and/or education. The following adjusted 

thresholds for cognitive impairment were calculated and applied: MMSE score < 17 if 

individual with ≤ 4 years of formal school education and/or ≥ 72 years of age, and MMSE 
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score < 23 otherwise [follows the MMSE validation study for the Portuguese population 

(Guerreiro et al., 1994)]. 

This sample is part of a cohort of subjects that was recruited for the SWITCHBOX Consortium 

project (www.switchbox-online.eu/) and is representative of the Portuguese older population in 

terms of age, education and sex (Santos et al., 2013). The study goals and tests were 

explained to all participants, which gave informed written consent. The study was conducted in 

accordance with the principles expressed in the Declaration of Helsinki and was approved by 

the Ethics Committee of Hospital de Braga (Portugal). 

 

2.2 Image Acquisition 

Imaging was performed at Hospital de Braga on a clinical approved 1.5 T Siemens Magnetom 

Avanto MRI scanner (Siemens, Erlangen, Germany). A structural T1 scan (176 sagittal slices, 

TR/TE= 2730/ 3.48 ms, FA = 7°, slice thickness = 1 mm, slice gap = 0 mm, voxel size= 1x1 

mm2, FoV = 256 mm) and a functional blood oxygen level dependent (BOLD) sensitive echo-

planar imaging (EPI) scan (30 axial slices, TR/TE = 2000/30 ms, FA = 90°, slice thickness = 

3.5, slice gap = 0.48 mm, voxel size = 3.5 x 3.5 mm2 FoV = 1344 mm and 180 volumes) 

were collected. During the resting state scan, the subjects were instructed to remain still, 

awake, with their eyes closed, as motionless as possible and to think of nothing in particular. 

None of the participants fell asleep during the acquisition.  

 

2.3 Image Preprocessing 

Image pre-processing was performed with tools provided with the FMRIB Software Library (FSL 

v5.07; http://fsl.fmrib.ox.ac.uk/fsl/). Preprocessing steps included: the removal of the first 

five volumes of the acquisition; slice-timing correction; motion correction; normalization to MNI 

standard space; regression of motion parameters, mean WM and CSF signals; band-pass 

temporal filtering (0.01-0.08Hz). For each subject, mean time-series for 116 cortical, 

subcortical and cerebellar regions from the Anatomical Automatic Labeling (AAL) atlas (Tzourio-

Mazoyer et al., 2002) were then extracted by averaging all voxels composing each region for 
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each time point. Pearson correlation coefficients were then calculated between the time-series 

of each pair of regions, resulting in one adjacency matrix per subject. These matrices were 

then transformed to Z-score matrices by the application of Fisher’s r-to-Z transform to the 

correlation coefficients. 

 

2.4 Network Analysis 

Each adjacency matrix represents the entire functional brain network of the corresponding 

subject, with the vertices of the network being the AAL regions and the edges the correlations 

between regions’ time-series. Herein we aimed at exploring the cross-sectional effects of age 

and years of education, on brain’s functional network. In order to achieve this we built a 

General Linear Model (GLM) including the linear and quadratic effect of age and the linear 

effect of years of education as regressors. We decided to include both linear and quadratic 

effect of age given the relatively large range of age (brain regions are known to follow nonlinear 

aging effects (Jernigan and Gamst, 2005)). Additionally, we also included MMSE scores in the 

model in order to check/control for cognition associations. Sex was included as covariate in 

the model in order to control for its’ effect. Additionally, we built a second model in which we 

added the age*years of education interaction terms in order to investigate if cognitive reserve 

could be a modulator of the aging effect in FC. Correlations between every pair of regressors 

were performed in order to check for collinearity issues and none were collinear. 

Statistical analysis was performed at the network level through the use of Network-Based 

Statistics (NBS) (Zalesky et al., 2010). This approach increases statistical power by finding sub-

networks that, as whole, display a similar pattern regarding a contrast of interest and enabling 

inference while controlling for family-wise error (FWE) rate. This procedure is similar to cluster-

based inference of the more typical voxel-wise fMRI analysis. Specifically, initially, the model 

was fitted to every edge of the whole brain network. Then, edges with a p-value less than a 

primary uncorrected threshold (e.g. p < 0.005) obtained for a particular effect (e.g. age effect) 

were filtered in. Based on these supra-threshold edges, components or sub-networks of 

interconnected edges were identified and their size was calculated. Then 5000 permutations 

were performed in order to build a null distribution for the largest sub-network size. 
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Significance of each sub-network was calculated as the percentage of permutations that 

originated sub-networks with greater size than the originally identified sub-network.  

One of the difficulties in such analysis is the definition of the primary threshold. The authors of 

the NBS procedures recommend the use of a range of thresholds since effects present at 

liberal thresholds (e.g. p<0.01) are likely to be subtle, yet topologically extended, effects while 

effects captured using more strict thresholds (e.g. p < 0.001) reflect more focal and strong 

effects. In order to capture both kinds of effects, three primary thresholds (p< 0.01, p<0.005 

and p < 0.001) were used in the present work. Networks were considered significant at a 

corrected level of p < 0.05 FWE corrected. BrainNet Viewer 

(http://www.nitrc.org/projects/bnv/) was used for visualization purposes. 

 

3. Results 

3.1 Demographic Characterization 

Table I presents the demographic characteristics of the sample under study, separated by sex 

and also presents the p-value of two-sample T-tests performed between males and females. 

Males and females were matched for age, with males presenting significantly higher number of 

years of formal education (p < 0.001) and MMSE scores (p < 0.001), when compared to 

females. Additionally, years of formal education were positively correlated with MMSE scores 

(r=0.36; p<0.001) and negatively correlated with age (r=-0.23; p = 0.022).  

Table I. Demographic and cognitive characteristics of the participants 

 Total Sample Males Females  

 Mean ±  SD Mean ±  SD Mean ±  SD p-value 

N 97 49 48  

Age 64.94 ± 8.20 63.73 ± 6.69 66.16 ± 7.90 0.145 

Education (years) 5.37 ± 3.83 8.38 ± 4.30 3.91 ± 2.72 < 0.001 

MMSE 26.54 ± 3.57 27.80 ± 2.26 24.71 ± 4.17 < 0.001 
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3.2 Associations between age and FC networks 

Several edges revealed associations with aging that survived the three primary thresholds (p < 

0.01, p < 0.005, p < 0.001) used in the Network Based-Statistic (NBS) analysis (Figure 1a). 

Both positive and negative associations survived the thresholding procedure. From these 

edges, the ones exhibiting positive associations with age were mainly short-range connections 

while negative associations were found for a wide range of normalized edge lengths (Figure 

1b). 

Regarding NBS analysis, age presented a linear negative relationship with FC in a large and 

extent sub-network (Figure 2a) when using the most liberal primary threshold (i.e. p < 0.01). 

This effect was still evident for a more restricted primary threshold (i.e. p < 0.005), but was not 

significant for the most restricted threshold (p < 0.001). The bilateral caudate, left frontal 

superior, left Heshl and left parahippocampal were the brain regions through which most of the 

connections passed (the complete list of node degrees can be consulted in Supplementary 

Table S1 and Supplementary Table S2). Although both positive and negative associations 

between edges and age survived the primary threshold, the edges with positive associations 

did not survive the NBS procedure (network level inference), meaning that these positive 

associations do not form a significant network. Furthermore, interpreting the scatter plots 

between mean FC in the significant networks and age (Figure 2b), younger individuals 

presented moderate positive mean FC Z-scores while older individuals present mean FC Z-

scores of approximately zero.  

3.3 Associations between years of formal education and FC networks 

Regarding the effects of years of formal education, several edges survived the application of 

the three primary thresholds (Figure 1c). In Figure 1d it is noted that these edges span a broad 

range of edge lengths, both in positive and negative associations. 
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Figure 1. Functional connectivity matrices and edge length distribution of the edges surviving 

the primary thresholding procedure. Both positive and negative associations with age survive 

the three (p < 0.01, p < 0.005, p < 0.001) primary thresholds of the NBS analysis (a). Positive 

associations with age occur mainly in short-range connections while negative associations can 

be found in medium to long-range edges (b). Similarly, positive and negative associations with 

years of formal education survive the application of the primary thresholds (c) and the supra-

threshold edges span a large range of lengths (d). 
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Figure 2. Networks showing significant associations between functional connectivity (FC) and 

age. A large sub-network was found to display a negative association between FC and aging 

using primary thresholds of p < 0.01 and p < 0.005 but not with a primary threshold of p< 

0.001 (a). Younger subjects presented moderate positive mean FC values in this network while 

older subjects presented mean FC values close to zero along the network (b). In the upper 

panel (a), black dots represent AAL brain regions and blue edges denote edges with negative 

associations with age. Bottom panel (b) presents scatter plots of the mean FC of the 

statistically significant networks in function of age. 

The NBS results for the associations between FC networks and years of formal education are 

shown in Figure 3a. Results revealed that a large and distributed network showed a positive 

association between FC and years of formal education when using the most liberal primary 

threshold (p < 0.01). When using a stricter primary threshold (p < 0.005), a large sub-part of 

the previous network still evidenced a positive association with education level. Concerning 

strong focal effects of education level on FC (p < 0.001), a sub-network still revealed a positive 
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association with education level. Regarding the contribution of each region for this network, the 

left lingual, left frontal superior, right precentral, left cuneus and the middle right temporal pole 

middle were some of the main contributors (the complete list of node degrees can be 

consulted in Supplementary Table S3, Supplementary Table S4 and Supplementary Table S5). 

Furthermore, a focal network that was not significant with the most liberal primary threshold 

used (p < 0.01), evidenced a negative association with years of formal education when using 

the stricter primary thresholds (p < 0.005 and p < 0.001). This was a highly bilateral network 

with several connection from/to the Vermis 10 and Vermis 1 2 (full list of node degrees can be 

found in Supplementary Table S6 and Supplementary Table S7). 

Figure 3b reveals that in the network with positive associations with years of education, the 

mean FC seems to increase from low positive values to high positive values, while in the 

network evidencing a negative associations with years of formal education, the mean FC 

seems to decrease from low positive values to moderate negative values. 

No interactions were found between years of formal education and age in FC networks. 
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Figure 3. Networks showing significant associations between functional connectivity (FC) and 

years of education. A large sub-network showed a positive association between FC and years of 

formal education using primary thresholds of p < 0.01, p < 0.005 and p < 0.001. A focal sub-

network displayed a negative association with years of education using a primary threshold of p 

< 0.005 and p < 0.001 (a). In the network that evidenced a positive association with FC, less 

educated subjects presented moderately low positive FC values while more educated subjects 

presented moderately high positive FC values (b). In the network with a negative association 

with years of formal education, mean FC ranges from low positive FC values to moderate 

negative mean FC values from individual with lower years of formal education to individuals 

with higher number of years of formal education (b). In the top panel (a) black dots represent 

AAL brain regions and blue and red edges denote edges with negative and positive 

associations with years of education, respectively. Bottom panel (b) presents scatter plots of 

the mean FC of the statistically significant networks in function of years of education. 
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4. Discussion 

The present work aimed at exploring the cross-sectional effects of healthy aging and education 

level in the brain’s FC. In order to achieve this, a large cohort of healthy older individuals was 

screened so to investigate FC patterns with network-based inference applied to rs-fMRI data.  

Concerning the aging effect, age was associated with a decrease in FC. This effect was rather 

global as no sparse or focal sub-network was found to present an increase in FC with 

increasing age. A recent study analyzed a similar population in terms of mean age and age 

range finding both increases and decreases in FC (Sala-Llonch et al., 2014). With a similar 

threshold (i.e. primary threshold of p < 0.001), here only a few connections were found to 

display such pattern; however, when making inferences at the network level, these did not 

form a significant sub-network. These differences might arise either from the fact that, in the 

referred study, correction for multiple comparisons was not performed at the network level or, 

most likely, these connections that display positive associations with age do not form a network 

at all. Additionally, the magnetic field strength of the MRI scanner and the resolution of 

acquisition were different from those used in the present study, which could potentially justify 

part of these discrepancies given the greater signal-to-noise ratio of the 3T MRI scanners (van 

der Zwaag et al., 2009). Furthermore, here the results are compatible with the cognitive 

decline commonly associated with the aging pattern (Esposito et al., 1999;O'Sullivan et al., 

2001;Salthouse, 2009). Reduced FC might reflect an overall greater disconnection between 

several brain regions with repercussions in brain function, such as slower processing speed 

(Salthouse, 2000). Interestingly, findings here are also in line with the posterior-to-anterior shift 

with aging (PASA) theory (Davis et al., 2008), as a greater disconnection with increasing age in 

the anterior parts of the brain was found. The PASA pattern is characterized by greater frontal 

activity in older individuals, compared to younger individuals in order to perform the same task, 

which is likely to reflect a compensatory mechanism. Additionally, reductions in deactivation in 

midline posterior regions and increased deactivation in midline anterior regions have also been 

observed (Davis et al., 2009). Davis et al. (2009) hypothesize that this deactivation shift could 

reflect an increased demand in older individuals to reallocate resources from the Default Mode 

Network (DMN) for task performance. Our findings of reduced FC in anterior connections in 

resting conditions could justify an increased effort in task conditions in order to compensate for 

a greater FC disconnection. 
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Regarding the effects of education level (in this work assessed as years of formal education), 

we demonstrated that it has a strong positive effect on the FC of a large network. Unlike the 

aging pattern, this network involves regions and edges located in all lobes and both 

hemispheres with the exception of the cerebellum. These results are in line with the CR theory 

(Stern, 2002), in which education level is critical, since a greater FC in this large network is 

likely to reflect a more finely tuned brain network, easing communication and integration of 

information, and thus requiring less effort to perform cognitive tasks for those with higher 

education level (Habeck et al., 2003). Importantly, no interaction between years of education 

and age was found, providing further evidence to the inexistence of a mediating effect of 

education level in rates of decline (Tucker-Drob et al., 2009). Rs-fMRI studies have shown 

education to be a modulator of FC within the DMN in Alzheimer’s disease patients, particularly 

with the posterior cingulate cortex; however they have not indicated significant associations 

between FC and education in healthy controls (Bozzali et al., 2014). Collectively, it could thus 

be expected that the posterior cingulate cortex would not be involved in the networks that were 

here found to display positive associations with years of formal education, which was not the 

case. However, on this, several aspects must be noted. The sample of healthy controls used in 

the study from Bozzali and colleagues (2014) was much smaller than the current one and, 

possibly, their sample size was not enough to achieve statistical significance. Additionally, 

herein connectivity at the whole brain network level was explored while Bozzali and colleagues 

explored connectivity, specifically with the DMN.  

Intriguingly, here it was found a particular network involving connections (mostly bilateral) 

linking parts of the cerebellum vermis to cerebral regions in the occipital and temporal lobes, 

postcentral and precentral regions, rectus and cingulum middle regions, which displayed a 

negative association with years of education. The classical view that the cerebellum is solely 

implicated to motor control has long been discarded (Schmahmann and Sherman, 1998); with 

evidence from several studies involving healthy individuals and patients with cerebellar lesions, 

indicating the involvement of the cerebellum in cognition and emotion (Schmahmann and 

Caplan, 2006;Schmahmann, 2010). In the context of these evidences, the finding of 

associations between FC and education level are not particularly unexpected; here, the 

intriguing finding concerns the fact that these are negative associations. However, when 

looking at the mean FC of this network, it can be observed that in absolute values it is actually 
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positively associated with years of education (meaning that increased education level is 

associated with increased anti-correlations in this network, rather than the loss of FC). Given 

that there is evidence for the differential involvement of the cortex and the cerebellum and for 

education to modulate this functional balance (Bonnet et al., 2009), it is hypothesized that this 

negative association does not reflect a negative impact but rather a more effective involvement 

of the cerebrum and cerebellum through this network.  

A major limitation of the present study is its cross-sectional design. A longitudinal approach 

would enable the within-subject analysis of the effect of aging, thus reducing inter-individual 

variability. This is particularly critical regarding the possible mediating effects of education level 

in the associations between FC and aging.  

In summary, the present work brings further evidence regarding the deleterious effect of aging 

through the loss of FC in a large sub-network of the brain. Importantly, we show for the first 

time that a higher educational level is associated with increased FC in a large cortical brain 

network, possibly reflecting greater neural efficiency, which may contribute to ‘alleviate’ the 

deleterious impact of increasing age in brain function. 
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X Y Z Degree AAL Region
14.84 12.07 9.42 28 Caudate_R

-18.45 34.81 42.2 12 Frontal_Sup_L
-41.99 -18.88 9.98 12 Heschl_L
-21.17 -15.95 -20.7 11 ParaHippocampal_L
-11.46 11 9.24 11 Caudate_L
-33.43 32.73 35.46 8 Frontal_Mid_L
48.25 14.75 -16.86 7 Temporal_Pole_Sup_R
8.16 51.67 -7.13 6 Frontal_Med_Orb_R

-35.13 6.65 3.44 6 Insula_L
8.02 -8.83 39.79 6 Cingulum_Mid_R

29.23 -19.78 -10.33 6 Hippocampus_R
-10.85 -17.56 7.98 6 Thalamus_L

21.9 31.12 43.82 5 Frontal_Sup_R
8.46 37.01 15.84 5 Cingulum_Ant_R
9.98 -56.05 43.77 5 Precuneus_R

-53.16 -20.68 7.13 5 Temporal_Sup_L
-38.65 -5.68 50.94 4 Precentral_L
37.59 33.06 34.04 4 Frontal_Mid_R
-5.17 54.06 -7.4 4 Frontal_Med_Orb_L
41.37 -8.21 52.09 3 Precentral_R

-30.65 50.43 -9.62 3 Frontal_Mid_Orb_L
-45.58 29.91 13.99 3 Frontal_Inf_Tri_L
-8.06 15.05 -11.46 3 Olfactory_L
-4.8 49.17 30.89 3 Frontal_Sup_Medial_L
9.1 50.84 30.22 3 Frontal_Sup_Medial_R

-5.08 37.07 -18.14 3 Rectus_L
-5.48 -14.92 41.57 3 Cingulum_Mid_L
25.38 -15.15 -20.47 3 ParaHippocampal_R
27.32 0.64 -17.5 3 Amygdala_R
45.86 -17.15 10.41 3 Heschl_R

-55.52 -33.8 -2.2 3 Temporal_Mid_L
-36.32 14.59 -34.08 3 Temporal_Pole_Mid_L
44.22 14.55 -32.23 3 Temporal_Pole_Mid_R
17.2 -42.86 -18.15 3 Cerebelum_4_5_R

10.43 15.91 -11.26 2 Olfactory_R
-32.39 -80.73 16.11 2 Occipital_Mid_L
-36.36 -78.29 -7.84 2 Occipital_Inf_L
-31.16 -40.3 -20.23 2 Fusiform_L
-42.46 -22.63 48.92 2 Postcentral_L
57.61 -31.5 34.48 2 SupraMarginal_R

-44.14 -60.82 35.59 2 Angular_L
-7.24 -56.07 48.01 2 Precuneus_L
58.15 -21.78 6.8 2 Temporal_Sup_R

-49.77 -28.05 -23.17 2 Temporal_Inf_L
-15 -43.49 -16.93 2 Cerebelum_4_5_L

1.15 -64.43 -34.08 2 Vermis_8
-48.43 12.73 19.02 1 Frontal_Inf_Oper_L

Supplementary Table S1. Degree of the regions comprising the network that 
evidenced a negative association with age, using a primary threshhold of p < 
0.01.

MNI COORDINATES



50.2 14.98 21.41 1 Frontal_Inf_Oper_R
-35.98 30.71 -12.11 1 Frontal_Inf_Orb_L

8.35 35.64 -18.04 1 Rectus_R
39.02 6.25 2.08 1 Insula_R
-4.04 35.4 13.95 1 Cingulum_Ant_L
-4.85 -42.92 24.67 1 Cingulum_Post_L

-23.27 -0.67 -17.14 1 Amygdala_L
-7.14 -78.67 6.44 1 Calcarine_L
15.99 -73.15 9.4 1 Calcarine_R
-5.93 -80.13 27.22 1 Cuneus_L

-14.62 -67.56 -4.63 1 Lingual_L
16.29 -66.93 -3.87 1 Lingual_R
38.16 -81.99 -7.61 1 Occipital_Inf_R
33.97 -39.1 -20.18 1 Fusiform_R

-23.45 -59.56 58.96 1 Parietal_Sup_L
26.11 -59.18 62.06 1 Parietal_Sup_R

-55.79 -33.64 30.45 1 SupraMarginal_L
27.78 4.91 2.46 1 Putamen_R

-17.75 -0.03 0.21 1 Pallidum_L
-39.88 15.14 -20.18 1 Temporal_Pole_Sup_L
37.46 -67.14 -29.55 1 Cerebelum_Crus1_R

-23.24 -59.1 -22.13 1 Cerebelum_6_L
24.69 -58.32 -23.65 1 Cerebelum_6_R

-32.36 -59.82 -45.45 1 Cerebelum_7b_L
-22.61 -33.8 -41.76 1 Cerebelum_10_L

1.15 -71.93 -25.14 1 Vermis_7
0.86 -54.87 -34.9 1 Vermis_9

-16.56 47.32 -13.31 0 Frontal_Sup_Orb_L
18.49 48.1 -14.02 0 Frontal_Sup_Orb_R
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R
50.33 30.16 14.17 0 Frontal_Inf_Tri_R
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R

-47.16 -8.48 13.95 0 Rolandic_Oper_L
52.65 -6.25 14.63 0 Rolandic_Oper_R
-5.32 4.85 61.38 0 Supp_Motor_Area_L
8.62 0.17 61.85 0 Supp_Motor_Area_R
7.44 -41.81 21.87 0 Cingulum_Post_R

-25.03 -20.74 -10.13 0 Hippocampus_L
13.51 -79.36 28.23 0 Cuneus_R

-16.54 -84.26 28.17 0 Occipital_Sup_L
24.29 -80.85 30.59 0 Occipital_Sup_R
37.39 -79.7 19.42 0 Occipital_Mid_R
41.43 -25.49 52.55 0 Postcentral_R
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R
45.51 -59.98 38.63 0 Angular_R
-7.63 -25.36 70.07 0 Paracentral_Lobule_L
7.48 -31.59 68.09 0 Paracentral_Lobule_R

-23.91 3.86 2.4 0 Putamen_L
21.2 0.18 0.23 0 Pallidum_R

13 -17.55 8.09 0 Thalamus_R
57.47 -37.23 -1.47 0 Temporal_Mid_R
53.69 -31.07 -22.32 0 Temporal_Inf_R



-36.07 -66.72 -28.93 0 Cerebelum_Crus1_L
-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L
32.06 -69.02 -39.95 0 Cerebelum_Crus2_R

-8.8 -37.22 -18.58 0 Cerebelum_3_L
12.32 -34.47 -19.39 0 Cerebelum_3_R
33.14 -63.18 -48.46 0 Cerebelum_7b_R

-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R

-10.95 -48.95 -45.9 0 Cerebelum_9_L
9.46 -49.5 -46.33 0 Cerebelum_9_R

25.99 -33.84 -41.35 0 Cerebelum_10_R
0.76 -38.79 -20.05 0 Vermis_1_2
1.38 -39.93 -11.4 0 Vermis_3
1.22 -52.36 -6.11 0 Vermis_4_5
1.14 -67.06 -15.12 0 Vermis_6
0.36 -45.8 -31.68 0 Vermis_10



X Y Z Degree AAL Region
14.84 12.07 9.42 21 Caudate_R

-41.99 -18.88 9.98 9 Heschl_L
-18.45 34.81 42.2 8 Frontal_Sup_L
-21.17 -15.95 -20.7 8 ParaHippocampal_L
-11.46 11 9.24 7 Caudate_L
-35.13 6.65 3.44 6 Insula_L

21.9 31.12 43.82 4 Frontal_Sup_R
-33.43 32.73 35.46 4 Frontal_Mid_L

8.16 51.67 -7.13 4 Frontal_Med_Orb_R
-53.16 -20.68 7.13 4 Temporal_Sup_L
-38.65 -5.68 50.94 3 Precentral_L
-45.58 29.91 13.99 3 Frontal_Inf_Tri_L
-8.06 15.05 -11.46 3 Olfactory_L
-5.17 54.06 -7.4 3 Frontal_Med_Orb_L
8.02 -8.83 39.79 3 Cingulum_Mid_R
9.1 50.84 30.22 2 Frontal_Sup_Medial_R

-5.08 37.07 -18.14 2 Rectus_L
8.46 37.01 15.84 2 Cingulum_Ant_R

-5.48 -14.92 41.57 2 Cingulum_Mid_L
29.23 -19.78 -10.33 2 Hippocampus_R
25.38 -15.15 -20.47 2 ParaHippocampal_R

-32.39 -80.73 16.11 2 Occipital_Mid_L
-36.36 -78.29 -7.84 2 Occipital_Inf_L
-42.46 -22.63 48.92 2 Postcentral_L

9.98 -56.05 43.77 2 Precuneus_R
45.86 -17.15 10.41 2 Heschl_R
58.15 -21.78 6.8 2 Temporal_Sup_R
48.25 14.75 -16.86 2 Temporal_Pole_Sup_R

-55.52 -33.8 -2.2 2 Temporal_Mid_L
44.22 14.55 -32.23 2 Temporal_Pole_Mid_R
1.15 -64.43 -34.08 2 Vermis_8

41.37 -8.21 52.09 1 Precentral_R
37.59 33.06 34.04 1 Frontal_Mid_R
8.35 35.64 -18.04 1 Rectus_R

27.32 0.64 -17.5 1 Amygdala_R
-7.14 -78.67 6.44 1 Calcarine_L
15.99 -73.15 9.4 1 Calcarine_R

-14.62 -67.56 -4.63 1 Lingual_L
16.29 -66.93 -3.87 1 Lingual_R

-31.16 -40.3 -20.23 1 Fusiform_L
33.97 -39.1 -20.18 1 Fusiform_R

-23.45 -59.56 58.96 1 Parietal_Sup_L
26.11 -59.18 62.06 1 Parietal_Sup_R

-55.79 -33.64 30.45 1 SupraMarginal_L
57.61 -31.5 34.48 1 SupraMarginal_R

-44.14 -60.82 35.59 1 Angular_L
-7.24 -56.07 48.01 1 Precuneus_L

Supplementary Table S2. Degree of the regions comprising the network that 
evidenced a negative association with age, using a primary threshhold of p < 
0.005.

MNI COORDINATES



-17.75 -0.03 0.21 1 Pallidum_L
-39.88 15.14 -20.18 1 Temporal_Pole_Sup_L
-36.32 14.59 -34.08 1 Temporal_Pole_Mid_L
-49.77 -28.05 -23.17 1 Temporal_Inf_L

-15 -43.49 -16.93 1 Cerebelum_4_5_L
17.2 -42.86 -18.15 1 Cerebelum_4_5_R

-23.24 -59.1 -22.13 1 Cerebelum_6_L
-22.61 -33.8 -41.76 1 Cerebelum_10_L

1.15 -71.93 -25.14 1 Vermis_7
0.86 -54.87 -34.9 1 Vermis_9

-16.56 47.32 -13.31 0 Frontal_Sup_Orb_L
18.49 48.1 -14.02 0 Frontal_Sup_Orb_R

-30.65 50.43 -9.62 0 Frontal_Mid_Orb_L
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R

-48.43 12.73 19.02 0 Frontal_Inf_Oper_L
50.2 14.98 21.41 0 Frontal_Inf_Oper_R

50.33 30.16 14.17 0 Frontal_Inf_Tri_R
-35.98 30.71 -12.11 0 Frontal_Inf_Orb_L
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R

-47.16 -8.48 13.95 0 Rolandic_Oper_L
52.65 -6.25 14.63 0 Rolandic_Oper_R
-5.32 4.85 61.38 0 Supp_Motor_Area_L
8.62 0.17 61.85 0 Supp_Motor_Area_R

10.43 15.91 -11.26 0 Olfactory_R
-4.8 49.17 30.89 0 Frontal_Sup_Medial_L

39.02 6.25 2.08 0 Insula_R
-4.04 35.4 13.95 0 Cingulum_Ant_L
-4.85 -42.92 24.67 0 Cingulum_Post_L
7.44 -41.81 21.87 0 Cingulum_Post_R

-25.03 -20.74 -10.13 0 Hippocampus_L
-23.27 -0.67 -17.14 0 Amygdala_L
-5.93 -80.13 27.22 0 Cuneus_L
13.51 -79.36 28.23 0 Cuneus_R

-16.54 -84.26 28.17 0 Occipital_Sup_L
24.29 -80.85 30.59 0 Occipital_Sup_R
37.39 -79.7 19.42 0 Occipital_Mid_R
38.16 -81.99 -7.61 0 Occipital_Inf_R
41.43 -25.49 52.55 0 Postcentral_R
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R
45.51 -59.98 38.63 0 Angular_R
-7.63 -25.36 70.07 0 Paracentral_Lobule_L
7.48 -31.59 68.09 0 Paracentral_Lobule_R

-23.91 3.86 2.4 0 Putamen_L
27.78 4.91 2.46 0 Putamen_R
21.2 0.18 0.23 0 Pallidum_R

-10.85 -17.56 7.98 0 Thalamus_L
13 -17.55 8.09 0 Thalamus_R

57.47 -37.23 -1.47 0 Temporal_Mid_R
53.69 -31.07 -22.32 0 Temporal_Inf_R

-36.07 -66.72 -28.93 0 Cerebelum_Crus1_L
37.46 -67.14 -29.55 0 Cerebelum_Crus1_R

-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L



32.06 -69.02 -39.95 0 Cerebelum_Crus2_R
-8.8 -37.22 -18.58 0 Cerebelum_3_L

12.32 -34.47 -19.39 0 Cerebelum_3_R
24.69 -58.32 -23.65 0 Cerebelum_6_R

-32.36 -59.82 -45.45 0 Cerebelum_7b_L
33.14 -63.18 -48.46 0 Cerebelum_7b_R

-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R

-10.95 -48.95 -45.9 0 Cerebelum_9_L
9.46 -49.5 -46.33 0 Cerebelum_9_R

25.99 -33.84 -41.35 0 Cerebelum_10_R
0.76 -38.79 -20.05 0 Vermis_1_2
1.38 -39.93 -11.4 0 Vermis_3
1.22 -52.36 -6.11 0 Vermis_4_5
1.14 -67.06 -15.12 0 Vermis_6
0.36 -45.8 -31.68 0 Vermis_10



X Y Z Degree AAL Region
-14.62 -67.56 -4.63 32 Lingual_L
-18.45 34.81 42.2 20 Frontal_Sup_L
41.37 -8.21 52.09 19 Precentral_R
7.48 -31.59 68.09 19 Paracentral_Lobule_R
-5.93 -80.13 27.22 18 Cuneus_L
-5.48 -14.92 41.57 17 Cingulum_Mid_L
44.22 14.55 -32.23 16 Temporal_Pole_Mid_R
24.29 -80.85 30.59 14 Occipital_Sup_R
-38.65 -5.68 50.94 12 Precentral_L
21.9 31.12 43.82 12 Frontal_Sup_R
7.44 -41.81 21.87 12 Cingulum_Post_R
13.51 -79.36 28.23 12 Cuneus_R
41.43 -25.49 52.55 12 Postcentral_R
45.86 -17.15 10.41 12 Heschl_R
8.62 0.17 61.85 11 Supp_Motor_Area_R
8.02 -8.83 39.79 11 Cingulum_Mid_R
-7.14 -78.67 6.44 11 Calcarine_L
37.39 -79.7 19.42 11 Occipital_Mid_R
26.11 -59.18 62.06 11 Parietal_Sup_R
16.29 -66.93 -3.87 10 Lingual_R
-36.36 -78.29 -7.84 10 Occipital_Inf_L
-5.08 37.07 -18.14 9 Rectus_L
-16.54 -84.26 28.17 9 Occipital_Sup_L
33.97 -39.1 -20.18 9 Fusiform_R
-23.45 -59.56 58.96 9 Parietal_Sup_L
-4.85 -42.92 24.67 8 Cingulum_Post_L
-7.24 -56.07 48.01 8 Precuneus_L
-36.32 14.59 -34.08 8 Temporal_Pole_Mid_L
-15 -43.49 -16.93 8 Cerebelum_4_5_L
9.1 50.84 30.22 7 Frontal_Sup_Medial_R
-32.39 -80.73 16.11 7 Occipital_Mid_L
48.25 14.75 -16.86 7 Temporal_Pole_Sup_R
-16.56 47.32 -13.31 6 Frontal_Sup_Orb_L
8.35 35.64 -18.04 6 Rectus_R
-7.63 -25.36 70.07 6 Paracentral_Lobule_L
-36.07 -66.72 -28.93 6 Cerebelum_Crus1_L
-47.16 -8.48 13.95 5 Rolandic_Oper_L
-4.8 49.17 30.89 5 Frontal_Sup_Medial_L
-5.17 54.06 -7.4 5 Frontal_Med_Orb_L
-31.16 -40.3 -20.23 5 Fusiform_L
-53.16 -20.68 7.13 5 Temporal_Sup_L
1.22 -52.36 -6.11 5 Vermis_4_5
-33.43 32.73 35.46 4 Frontal_Mid_L
-5.32 4.85 61.38 4 Supp_Motor_Area_L
-23.27 -0.67 -17.14 4 Amygdala_L
15.99 -73.15 9.4 4 Calcarine_R
58.15 -21.78 6.8 4 Temporal_Sup_R

Supplementary Table S3. Degree of the regions comprising the network that 
evidenced a positive association with years of formal education using a 
primary threshhold of p < 0.01.
MNI COORDINATES



18.49 48.1 -14.02 3 Frontal_Sup_Orb_R
8.16 51.67 -7.13 3 Frontal_Med_Orb_R
-41.99 -18.88 9.98 3 Heschl_L
-39.88 15.14 -20.18 3 Temporal_Pole_Sup_L
-23.24 -59.1 -22.13 3 Cerebelum_6_L
24.69 -58.32 -23.65 3 Cerebelum_6_R
-42.46 -22.63 48.92 2 Postcentral_L
9.98 -56.05 43.77 2 Precuneus_R
57.47 -37.23 -1.47 2 Temporal_Mid_R
-48.43 12.73 19.02 1 Frontal_Inf_Oper_L
-45.58 29.91 13.99 1 Frontal_Inf_Tri_L
-35.98 30.71 -12.11 1 Frontal_Inf_Orb_L
52.65 -6.25 14.63 1 Rolandic_Oper_R
-4.04 35.4 13.95 1 Cingulum_Ant_L
27.32 0.64 -17.5 1 Amygdala_R
38.16 -81.99 -7.61 1 Occipital_Inf_R
-44.14 -60.82 35.59 1 Angular_L
13 -17.55 8.09 1 Thalamus_R
17.2 -42.86 -18.15 1 Cerebelum_4_5_R
-10.95 -48.95 -45.9 1 Cerebelum_9_L
37.59 33.06 34.04 0 Frontal_Mid_R
-30.65 50.43 -9.62 0 Frontal_Mid_Orb_L
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R
50.2 14.98 21.41 0 Frontal_Inf_Oper_R
50.33 30.16 14.17 0 Frontal_Inf_Tri_R
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R
-8.06 15.05 -11.46 0 Olfactory_L
10.43 15.91 -11.26 0 Olfactory_R
-35.13 6.65 3.44 0 Insula_L
39.02 6.25 2.08 0 Insula_R
8.46 37.01 15.84 0 Cingulum_Ant_R
-25.03 -20.74 -10.13 0 Hippocampus_L
29.23 -19.78 -10.33 0 Hippocampus_R
-21.17 -15.95 -20.7 0 ParaHippocampal_L
25.38 -15.15 -20.47 0 ParaHippocampal_R
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R
-55.79 -33.64 30.45 0 SupraMarginal_L
57.61 -31.5 34.48 0 SupraMarginal_R
45.51 -59.98 38.63 0 Angular_R
-11.46 11 9.24 0 Caudate_L
14.84 12.07 9.42 0 Caudate_R
-23.91 3.86 2.4 0 Putamen_L
27.78 4.91 2.46 0 Putamen_R
-17.75 -0.03 0.21 0 Pallidum_L
21.2 0.18 0.23 0 Pallidum_R
-10.85 -17.56 7.98 0 Thalamus_L
-55.52 -33.8 -2.2 0 Temporal_Mid_L
-49.77 -28.05 -23.17 0 Temporal_Inf_L
53.69 -31.07 -22.32 0 Temporal_Inf_R
37.46 -67.14 -29.55 0 Cerebelum_Crus1_R
-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L
32.06 -69.02 -39.95 0 Cerebelum_Crus2_R



-8.8 -37.22 -18.58 0 Cerebelum_3_L
12.32 -34.47 -19.39 0 Cerebelum_3_R
-32.36 -59.82 -45.45 0 Cerebelum_7b_L
33.14 -63.18 -48.46 0 Cerebelum_7b_R
-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R
9.46 -49.5 -46.33 0 Cerebelum_9_R
-22.61 -33.8 -41.76 0 Cerebelum_10_L
25.99 -33.84 -41.35 0 Cerebelum_10_R
0.76 -38.79 -20.05 0 Vermis_1_2
1.38 -39.93 -11.4 0 Vermis_3
1.14 -67.06 -15.12 0 Vermis_6
1.15 -71.93 -25.14 0 Vermis_7
1.15 -64.43 -34.08 0 Vermis_8
0.86 -54.87 -34.9 0 Vermis_9
0.36 -45.8 -31.68 0 Vermis_10



X Y Z Degree AAL Region
-14.62 -67.56 -4.63 28 Lingual_L
-18.45 34.81 42.2 16 Frontal_Sup_L
41.37 -8.21 52.09 14 Precentral_R
44.22 14.55 -32.23 13 Temporal_Pole_Mid_R
-5.48 -14.92 41.57 12 Cingulum_Mid_L
-5.93 -80.13 27.22 12 Cuneus_L
24.29 -80.85 30.59 11 Occipital_Sup_R
7.48 -31.59 68.09 11 Paracentral_Lobule_R
45.86 -17.15 10.41 10 Heschl_R
7.44 -41.81 21.87 8 Cingulum_Post_R
13.51 -79.36 28.23 8 Cuneus_R
-38.65 -5.68 50.94 7 Precentral_L
8.62 0.17 61.85 7 Supp_Motor_Area_R
-5.08 37.07 -18.14 7 Rectus_L
8.02 -8.83 39.79 7 Cingulum_Mid_R
-4.85 -42.92 24.67 7 Cingulum_Post_L
16.29 -66.93 -3.87 7 Lingual_R
26.11 -59.18 62.06 7 Parietal_Sup_R
21.9 31.12 43.82 6 Frontal_Sup_R
9.1 50.84 30.22 6 Frontal_Sup_Medial_R
-7.14 -78.67 6.44 6 Calcarine_L
-16.54 -84.26 28.17 6 Occipital_Sup_L
37.39 -79.7 19.42 6 Occipital_Mid_R
-36.36 -78.29 -7.84 6 Occipital_Inf_L
33.97 -39.1 -20.18 6 Fusiform_R
41.43 -25.49 52.55 6 Postcentral_R
48.25 14.75 -16.86 6 Temporal_Pole_Sup_R
-36.32 14.59 -34.08 6 Temporal_Pole_Mid_L
-16.56 47.32 -13.31 5 Frontal_Sup_Orb_L
-32.39 -80.73 16.11 5 Occipital_Mid_L
-15 -43.49 -16.93 5 Cerebelum_4_5_L
-23.45 -59.56 58.96 4 Parietal_Sup_L
-7.24 -56.07 48.01 4 Precuneus_L
-36.07 -66.72 -28.93 4 Cerebelum_Crus1_L
1.22 -52.36 -6.11 4 Vermis_4_5
-33.43 32.73 35.46 3 Frontal_Mid_L
-7.63 -25.36 70.07 3 Paracentral_Lobule_L
-23.24 -59.1 -22.13 3 Cerebelum_6_L
18.49 48.1 -14.02 2 Frontal_Sup_Orb_R
-4.8 49.17 30.89 2 Frontal_Sup_Medial_L
8.16 51.67 -7.13 2 Frontal_Med_Orb_R
8.35 35.64 -18.04 2 Rectus_R
-23.27 -0.67 -17.14 2 Amygdala_L
-31.16 -40.3 -20.23 2 Fusiform_L
-41.99 -18.88 9.98 2 Heschl_L
-53.16 -20.68 7.13 2 Temporal_Sup_L
-39.88 15.14 -20.18 2 Temporal_Pole_Sup_L

Supplementary Table S4. Degree of the regions comprising the network that 
evidenced a positive association with years of formal education using a 
primary threshhold of p < 0.005.
MNI COORDINATES



57.47 -37.23 -1.47 2 Temporal_Mid_R
24.69 -58.32 -23.65 2 Cerebelum_6_R
-48.43 12.73 19.02 1 Frontal_Inf_Oper_L
-45.58 29.91 13.99 1 Frontal_Inf_Tri_L
-35.98 30.71 -12.11 1 Frontal_Inf_Orb_L
-47.16 -8.48 13.95 1 Rolandic_Oper_L
-5.17 54.06 -7.4 1 Frontal_Med_Orb_L
-4.04 35.4 13.95 1 Cingulum_Ant_L
15.99 -73.15 9.4 1 Calcarine_R
13 -17.55 8.09 1 Thalamus_R
58.15 -21.78 6.8 1 Temporal_Sup_R
17.2 -42.86 -18.15 1 Cerebelum_4_5_R
37.59 33.06 34.04 0 Frontal_Mid_R
-30.65 50.43 -9.62 0 Frontal_Mid_Orb_L
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R
50.2 14.98 21.41 0 Frontal_Inf_Oper_R
50.33 30.16 14.17 0 Frontal_Inf_Tri_R
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R
52.65 -6.25 14.63 0 Rolandic_Oper_R
-5.32 4.85 61.38 0 Supp_Motor_Area_L
-8.06 15.05 -11.46 0 Olfactory_L
10.43 15.91 -11.26 0 Olfactory_R
-35.13 6.65 3.44 0 Insula_L
39.02 6.25 2.08 0 Insula_R
8.46 37.01 15.84 0 Cingulum_Ant_R
-25.03 -20.74 -10.13 0 Hippocampus_L
29.23 -19.78 -10.33 0 Hippocampus_R
-21.17 -15.95 -20.7 0 ParaHippocampal_L
25.38 -15.15 -20.47 0 ParaHippocampal_R
27.32 0.64 -17.5 0 Amygdala_R
38.16 -81.99 -7.61 0 Occipital_Inf_R
-42.46 -22.63 48.92 0 Postcentral_L
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R
-55.79 -33.64 30.45 0 SupraMarginal_L
57.61 -31.5 34.48 0 SupraMarginal_R
-44.14 -60.82 35.59 0 Angular_L
45.51 -59.98 38.63 0 Angular_R
9.98 -56.05 43.77 0 Precuneus_R
-11.46 11 9.24 0 Caudate_L
14.84 12.07 9.42 0 Caudate_R
-23.91 3.86 2.4 0 Putamen_L
27.78 4.91 2.46 0 Putamen_R
-17.75 -0.03 0.21 0 Pallidum_L
21.2 0.18 0.23 0 Pallidum_R
-10.85 -17.56 7.98 0 Thalamus_L
-55.52 -33.8 -2.2 0 Temporal_Mid_L
-49.77 -28.05 -23.17 0 Temporal_Inf_L
53.69 -31.07 -22.32 0 Temporal_Inf_R
37.46 -67.14 -29.55 0 Cerebelum_Crus1_R
-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L
32.06 -69.02 -39.95 0 Cerebelum_Crus2_R
-8.8 -37.22 -18.58 0 Cerebelum_3_L



12.32 -34.47 -19.39 0 Cerebelum_3_R
-32.36 -59.82 -45.45 0 Cerebelum_7b_L
33.14 -63.18 -48.46 0 Cerebelum_7b_R
-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R
-10.95 -48.95 -45.9 0 Cerebelum_9_L
9.46 -49.5 -46.33 0 Cerebelum_9_R
-22.61 -33.8 -41.76 0 Cerebelum_10_L
25.99 -33.84 -41.35 0 Cerebelum_10_R
0.76 -38.79 -20.05 0 Vermis_1_2
1.38 -39.93 -11.4 0 Vermis_3
1.14 -67.06 -15.12 0 Vermis_6
1.15 -71.93 -25.14 0 Vermis_7
1.15 -64.43 -34.08 0 Vermis_8
0.86 -54.87 -34.9 0 Vermis_9
0.36 -45.8 -31.68 0 Vermis_10



X Y Z Degree AAL Region
-14.62 -67.56 -4.63 17 Lingual_L
41.37 -8.21 52.09 6 Precentral_R
-5.93 -80.13 27.22 5 Cuneus_L

-18.45 34.81 42.2 4 Frontal_Sup_L
-5.48 -14.92 41.57 4 Cingulum_Mid_L
44.22 14.55 -32.23 4 Temporal_Pole_Mid_R
21.9 31.12 43.82 3 Frontal_Sup_R
8.62 0.17 61.85 3 Supp_Motor_Area_R

-5.08 37.07 -18.14 3 Rectus_L
-4.85 -42.92 24.67 3 Cingulum_Post_L
7.44 -41.81 21.87 3 Cingulum_Post_R

24.29 -80.85 30.59 3 Occipital_Sup_R
41.43 -25.49 52.55 3 Postcentral_R
45.86 -17.15 10.41 3 Heschl_R

-16.56 47.32 -13.31 2 Frontal_Sup_Orb_L
-7.14 -78.67 6.44 2 Calcarine_L
37.39 -79.7 19.42 2 Occipital_Mid_R
26.11 -59.18 62.06 2 Parietal_Sup_R
-7.24 -56.07 48.01 2 Precuneus_L
7.48 -31.59 68.09 2 Paracentral_Lobule_R
-15 -43.49 -16.93 2 Cerebelum_4_5_L

-38.65 -5.68 50.94 1 Precentral_L
18.49 48.1 -14.02 1 Frontal_Sup_Orb_R

9.1 50.84 30.22 1 Frontal_Sup_Medial_R
8.16 51.67 -7.13 1 Frontal_Med_Orb_R
8.35 35.64 -18.04 1 Rectus_R
8.02 -8.83 39.79 1 Cingulum_Mid_R

16.29 -66.93 -3.87 1 Lingual_R
33.97 -39.1 -20.18 1 Fusiform_R

-23.45 -59.56 58.96 1 Parietal_Sup_L
48.25 14.75 -16.86 1 Temporal_Pole_Sup_R

-23.24 -59.1 -22.13 1 Cerebelum_6_L
1.22 -52.36 -6.11 1 Vermis_4_5

-33.43 32.73 35.46 0 Frontal_Mid_L
37.59 33.06 34.04 0 Frontal_Mid_R

-30.65 50.43 -9.62 0 Frontal_Mid_Orb_L
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R

-48.43 12.73 19.02 0 Frontal_Inf_Oper_L
50.2 14.98 21.41 0 Frontal_Inf_Oper_R

-45.58 29.91 13.99 0 Frontal_Inf_Tri_L
50.33 30.16 14.17 0 Frontal_Inf_Tri_R

-35.98 30.71 -12.11 0 Frontal_Inf_Orb_L
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R

-47.16 -8.48 13.95 0 Rolandic_Oper_L
52.65 -6.25 14.63 0 Rolandic_Oper_R
-5.32 4.85 61.38 0 Supp_Motor_Area_L
-8.06 15.05 -11.46 0 Olfactory_L

Supplementary Table S5. Degree of the regions comprising the network that 
evidenced a positive association with years of formal education using a 
primary threshhold of p < 0.001.

MNI COORDINATES



10.43 15.91 -11.26 0 Olfactory_R
-4.8 49.17 30.89 0 Frontal_Sup_Medial_L

-5.17 54.06 -7.4 0 Frontal_Med_Orb_L
-35.13 6.65 3.44 0 Insula_L
39.02 6.25 2.08 0 Insula_R
-4.04 35.4 13.95 0 Cingulum_Ant_L
8.46 37.01 15.84 0 Cingulum_Ant_R

-25.03 -20.74 -10.13 0 Hippocampus_L
29.23 -19.78 -10.33 0 Hippocampus_R

-21.17 -15.95 -20.7 0 ParaHippocampal_L
25.38 -15.15 -20.47 0 ParaHippocampal_R

-23.27 -0.67 -17.14 0 Amygdala_L
27.32 0.64 -17.5 0 Amygdala_R
15.99 -73.15 9.4 0 Calcarine_R
13.51 -79.36 28.23 0 Cuneus_R

-16.54 -84.26 28.17 0 Occipital_Sup_L
-32.39 -80.73 16.11 0 Occipital_Mid_L
-36.36 -78.29 -7.84 0 Occipital_Inf_L
38.16 -81.99 -7.61 0 Occipital_Inf_R

-31.16 -40.3 -20.23 0 Fusiform_L
-42.46 -22.63 48.92 0 Postcentral_L
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R

-55.79 -33.64 30.45 0 SupraMarginal_L
57.61 -31.5 34.48 0 SupraMarginal_R

-44.14 -60.82 35.59 0 Angular_L
45.51 -59.98 38.63 0 Angular_R
9.98 -56.05 43.77 0 Precuneus_R

-7.63 -25.36 70.07 0 Paracentral_Lobule_L
-11.46 11 9.24 0 Caudate_L
14.84 12.07 9.42 0 Caudate_R

-23.91 3.86 2.4 0 Putamen_L
27.78 4.91 2.46 0 Putamen_R

-17.75 -0.03 0.21 0 Pallidum_L
21.2 0.18 0.23 0 Pallidum_R

-10.85 -17.56 7.98 0 Thalamus_L
13 -17.55 8.09 0 Thalamus_R

-41.99 -18.88 9.98 0 Heschl_L
-53.16 -20.68 7.13 0 Temporal_Sup_L
58.15 -21.78 6.8 0 Temporal_Sup_R

-39.88 15.14 -20.18 0 Temporal_Pole_Sup_L
-55.52 -33.8 -2.2 0 Temporal_Mid_L
57.47 -37.23 -1.47 0 Temporal_Mid_R

-36.32 14.59 -34.08 0 Temporal_Pole_Mid_L
-49.77 -28.05 -23.17 0 Temporal_Inf_L
53.69 -31.07 -22.32 0 Temporal_Inf_R

-36.07 -66.72 -28.93 0 Cerebelum_Crus1_L
37.46 -67.14 -29.55 0 Cerebelum_Crus1_R

-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L
32.06 -69.02 -39.95 0 Cerebelum_Crus2_R

-8.8 -37.22 -18.58 0 Cerebelum_3_L
12.32 -34.47 -19.39 0 Cerebelum_3_R
17.2 -42.86 -18.15 0 Cerebelum_4_5_R



24.69 -58.32 -23.65 0 Cerebelum_6_R
-32.36 -59.82 -45.45 0 Cerebelum_7b_L
33.14 -63.18 -48.46 0 Cerebelum_7b_R

-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R

-10.95 -48.95 -45.9 0 Cerebelum_9_L
9.46 -49.5 -46.33 0 Cerebelum_9_R

-22.61 -33.8 -41.76 0 Cerebelum_10_L
25.99 -33.84 -41.35 0 Cerebelum_10_R
0.76 -38.79 -20.05 0 Vermis_1_2
1.38 -39.93 -11.4 0 Vermis_3
1.14 -67.06 -15.12 0 Vermis_6
1.15 -71.93 -25.14 0 Vermis_7
1.15 -64.43 -34.08 0 Vermis_8
0.86 -54.87 -34.9 0 Vermis_9
0.36 -45.8 -31.68 0 Vermis_10



X Y Z Degree AAL Region
0.36 -45.8 -31.68 36 Vermis_10
0.76 -38.79 -20.05 25 Vermis_1_2

53.69 -31.07 -22.32 4 Temporal_Inf_R
0.86 -54.87 -34.9 4 Vermis_9

-10.95 -48.95 -45.9 3 Cerebelum_9_L
-38.65 -5.68 50.94 2 Precentral_L
41.37 -8.21 52.09 2 Precentral_R
-8.06 15.05 -11.46 2 Olfactory_L
-5.08 37.07 -18.14 2 Rectus_L
8.35 35.64 -18.04 2 Rectus_R

-7.14 -78.67 6.44 2 Calcarine_L
15.99 -73.15 9.4 2 Calcarine_R
-5.93 -80.13 27.22 2 Cuneus_L
13.51 -79.36 28.23 2 Cuneus_R

-14.62 -67.56 -4.63 2 Lingual_L
16.29 -66.93 -3.87 2 Lingual_R

-16.54 -84.26 28.17 2 Occipital_Sup_L
-36.36 -78.29 -7.84 2 Occipital_Inf_L
-31.16 -40.3 -20.23 2 Fusiform_L
33.97 -39.1 -20.18 2 Fusiform_R
41.43 -25.49 52.55 2 Postcentral_R
7.48 -31.59 68.09 2 Paracentral_Lobule_R

-53.16 -20.68 7.13 2 Temporal_Sup_L
44.22 14.55 -32.23 2 Temporal_Pole_Mid_R
17.2 -42.86 -18.15 2 Cerebelum_4_5_R
9.46 -49.5 -46.33 2 Cerebelum_9_R

-16.56 47.32 -13.31 1 Frontal_Sup_Orb_L
18.49 48.1 -14.02 1 Frontal_Sup_Orb_R
52.65 -6.25 14.63 1 Rolandic_Oper_R
8.62 0.17 61.85 1 Supp_Motor_Area_R

10.43 15.91 -11.26 1 Olfactory_R
-5.48 -14.92 41.57 1 Cingulum_Mid_L
8.02 -8.83 39.79 1 Cingulum_Mid_R

24.29 -80.85 30.59 1 Occipital_Sup_R
-32.39 -80.73 16.11 1 Occipital_Mid_L
37.39 -79.7 19.42 1 Occipital_Mid_R
38.16 -81.99 -7.61 1 Occipital_Inf_R

-42.46 -22.63 48.92 1 Postcentral_L
-55.79 -33.64 30.45 1 SupraMarginal_L
-7.63 -25.36 70.07 1 Paracentral_Lobule_L
45.86 -17.15 10.41 1 Heschl_R
58.15 -21.78 6.8 1 Temporal_Sup_R

-55.52 -33.8 -2.2 1 Temporal_Mid_L
57.47 -37.23 -1.47 1 Temporal_Mid_R

-49.77 -28.05 -23.17 1 Temporal_Inf_L
37.46 -67.14 -29.55 1 Cerebelum_Crus1_R

-15 -43.49 -16.93 1 Cerebelum_4_5_L

Supplementary Table S6. Degree of the regions comprising the network that 
evidenced a negative association with years of formal education using a 
primary threshhold of p < 0.005.

MNI COORDINATES



-22.61 -33.8 -41.76 1 Cerebelum_10_L
-18.45 34.81 42.2 0 Frontal_Sup_L

21.9 31.12 43.82 0 Frontal_Sup_R
-33.43 32.73 35.46 0 Frontal_Mid_L
37.59 33.06 34.04 0 Frontal_Mid_R

-30.65 50.43 -9.62 0 Frontal_Mid_Orb_L
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R

-48.43 12.73 19.02 0 Frontal_Inf_Oper_L
50.2 14.98 21.41 0 Frontal_Inf_Oper_R

-45.58 29.91 13.99 0 Frontal_Inf_Tri_L
50.33 30.16 14.17 0 Frontal_Inf_Tri_R

-35.98 30.71 -12.11 0 Frontal_Inf_Orb_L
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R

-47.16 -8.48 13.95 0 Rolandic_Oper_L
-5.32 4.85 61.38 0 Supp_Motor_Area_L
-4.8 49.17 30.89 0 Frontal_Sup_Medial_L
9.1 50.84 30.22 0 Frontal_Sup_Medial_R

-5.17 54.06 -7.4 0 Frontal_Med_Orb_L
8.16 51.67 -7.13 0 Frontal_Med_Orb_R

-35.13 6.65 3.44 0 Insula_L
39.02 6.25 2.08 0 Insula_R
-4.04 35.4 13.95 0 Cingulum_Ant_L
8.46 37.01 15.84 0 Cingulum_Ant_R

-4.85 -42.92 24.67 0 Cingulum_Post_L
7.44 -41.81 21.87 0 Cingulum_Post_R

-25.03 -20.74 -10.13 0 Hippocampus_L
29.23 -19.78 -10.33 0 Hippocampus_R

-21.17 -15.95 -20.7 0 ParaHippocampal_L
25.38 -15.15 -20.47 0 ParaHippocampal_R

-23.27 -0.67 -17.14 0 Amygdala_L
27.32 0.64 -17.5 0 Amygdala_R

-23.45 -59.56 58.96 0 Parietal_Sup_L
26.11 -59.18 62.06 0 Parietal_Sup_R
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R
57.61 -31.5 34.48 0 SupraMarginal_R

-44.14 -60.82 35.59 0 Angular_L
45.51 -59.98 38.63 0 Angular_R
-7.24 -56.07 48.01 0 Precuneus_L
9.98 -56.05 43.77 0 Precuneus_R

-11.46 11 9.24 0 Caudate_L
14.84 12.07 9.42 0 Caudate_R

-23.91 3.86 2.4 0 Putamen_L
27.78 4.91 2.46 0 Putamen_R

-17.75 -0.03 0.21 0 Pallidum_L
21.2 0.18 0.23 0 Pallidum_R

-10.85 -17.56 7.98 0 Thalamus_L
13 -17.55 8.09 0 Thalamus_R

-41.99 -18.88 9.98 0 Heschl_L
-39.88 15.14 -20.18 0 Temporal_Pole_Sup_L
48.25 14.75 -16.86 0 Temporal_Pole_Sup_R

-36.32 14.59 -34.08 0 Temporal_Pole_Mid_L
-36.07 -66.72 -28.93 0 Cerebelum_Crus1_L



-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L
32.06 -69.02 -39.95 0 Cerebelum_Crus2_R

-8.8 -37.22 -18.58 0 Cerebelum_3_L
12.32 -34.47 -19.39 0 Cerebelum_3_R

-23.24 -59.1 -22.13 0 Cerebelum_6_L
24.69 -58.32 -23.65 0 Cerebelum_6_R

-32.36 -59.82 -45.45 0 Cerebelum_7b_L
33.14 -63.18 -48.46 0 Cerebelum_7b_R

-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R
25.99 -33.84 -41.35 0 Cerebelum_10_R
1.38 -39.93 -11.4 0 Vermis_3
1.22 -52.36 -6.11 0 Vermis_4_5
1.14 -67.06 -15.12 0 Vermis_6
1.15 -71.93 -25.14 0 Vermis_7
1.15 -64.43 -34.08 0 Vermis_8



X Y Z Degree AAL Region
0.36 -45.8 -31.68 20 Vermis_10
0.76 -38.79 -20.05 4 Vermis_1_2

-16.54 -84.26 28.17 2 Occipital_Sup_L
-38.65 -5.68 50.94 1 Precentral_L
41.37 -8.21 52.09 1 Precentral_R
52.65 -6.25 14.63 1 Rolandic_Oper_R
8.62 0.17 61.85 1 Supp_Motor_Area_R

-5.08 37.07 -18.14 1 Rectus_L
-5.48 -14.92 41.57 1 Cingulum_Mid_L
8.02 -8.83 39.79 1 Cingulum_Mid_R

-7.14 -78.67 6.44 1 Calcarine_L
-5.93 -80.13 27.22 1 Cuneus_L
13.51 -79.36 28.23 1 Cuneus_R

-14.62 -67.56 -4.63 1 Lingual_L
16.29 -66.93 -3.87 1 Lingual_R
24.29 -80.85 30.59 1 Occipital_Sup_R

-36.36 -78.29 -7.84 1 Occipital_Inf_L
33.97 -39.1 -20.18 1 Fusiform_R

-42.46 -22.63 48.92 1 Postcentral_L
41.43 -25.49 52.55 1 Postcentral_R
-7.63 -25.36 70.07 1 Paracentral_Lobule_L
7.48 -31.59 68.09 1 Paracentral_Lobule_R

-53.16 -20.68 7.13 1 Temporal_Sup_L
44.22 14.55 -32.23 1 Temporal_Pole_Mid_R

-22.61 -33.8 -41.76 1 Cerebelum_10_L
-18.45 34.81 42.2 0 Frontal_Sup_L

21.9 31.12 43.82 0 Frontal_Sup_R
-16.56 47.32 -13.31 0 Frontal_Sup_Orb_L
18.49 48.1 -14.02 0 Frontal_Sup_Orb_R

-33.43 32.73 35.46 0 Frontal_Mid_L
37.59 33.06 34.04 0 Frontal_Mid_R

-30.65 50.43 -9.62 0 Frontal_Mid_Orb_L
33.18 52.59 -10.73 0 Frontal_Mid_Orb_R

-48.43 12.73 19.02 0 Frontal_Inf_Oper_L
50.2 14.98 21.41 0 Frontal_Inf_Oper_R

-45.58 29.91 13.99 0 Frontal_Inf_Tri_L
50.33 30.16 14.17 0 Frontal_Inf_Tri_R

-35.98 30.71 -12.11 0 Frontal_Inf_Orb_L
41.22 32.23 -11.91 0 Frontal_Inf_Orb_R

-47.16 -8.48 13.95 0 Rolandic_Oper_L
-5.32 4.85 61.38 0 Supp_Motor_Area_L
-8.06 15.05 -11.46 0 Olfactory_L
10.43 15.91 -11.26 0 Olfactory_R

-4.8 49.17 30.89 0 Frontal_Sup_Medial_L
9.1 50.84 30.22 0 Frontal_Sup_Medial_R

-5.17 54.06 -7.4 0 Frontal_Med_Orb_L
8.16 51.67 -7.13 0 Frontal_Med_Orb_R

MNI COORDINATES

Supplementary Table S7. Degree of the regions comprising the network that 
evidenced a negative association with years of formal education using a 
primary threshhold of p < 0.001.



8.35 35.64 -18.04 0 Rectus_R
-35.13 6.65 3.44 0 Insula_L
39.02 6.25 2.08 0 Insula_R
-4.04 35.4 13.95 0 Cingulum_Ant_L
8.46 37.01 15.84 0 Cingulum_Ant_R

-4.85 -42.92 24.67 0 Cingulum_Post_L
7.44 -41.81 21.87 0 Cingulum_Post_R

-25.03 -20.74 -10.13 0 Hippocampus_L
29.23 -19.78 -10.33 0 Hippocampus_R

-21.17 -15.95 -20.7 0 ParaHippocampal_L
25.38 -15.15 -20.47 0 ParaHippocampal_R

-23.27 -0.67 -17.14 0 Amygdala_L
27.32 0.64 -17.5 0 Amygdala_R
15.99 -73.15 9.4 0 Calcarine_R

-32.39 -80.73 16.11 0 Occipital_Mid_L
37.39 -79.7 19.42 0 Occipital_Mid_R
38.16 -81.99 -7.61 0 Occipital_Inf_R

-31.16 -40.3 -20.23 0 Fusiform_L
-23.45 -59.56 58.96 0 Parietal_Sup_L
26.11 -59.18 62.06 0 Parietal_Sup_R
-42.8 -45.82 46.74 0 Parietal_Inf_L
46.46 -46.29 49.54 0 Parietal_Inf_R

-55.79 -33.64 30.45 0 SupraMarginal_L
57.61 -31.5 34.48 0 SupraMarginal_R

-44.14 -60.82 35.59 0 Angular_L
45.51 -59.98 38.63 0 Angular_R
-7.24 -56.07 48.01 0 Precuneus_L
9.98 -56.05 43.77 0 Precuneus_R

-11.46 11 9.24 0 Caudate_L
14.84 12.07 9.42 0 Caudate_R

-23.91 3.86 2.4 0 Putamen_L
27.78 4.91 2.46 0 Putamen_R

-17.75 -0.03 0.21 0 Pallidum_L
21.2 0.18 0.23 0 Pallidum_R

-10.85 -17.56 7.98 0 Thalamus_L
13 -17.55 8.09 0 Thalamus_R

-41.99 -18.88 9.98 0 Heschl_L
45.86 -17.15 10.41 0 Heschl_R
58.15 -21.78 6.8 0 Temporal_Sup_R

-39.88 15.14 -20.18 0 Temporal_Pole_Sup_L
48.25 14.75 -16.86 0 Temporal_Pole_Sup_R

-55.52 -33.8 -2.2 0 Temporal_Mid_L
57.47 -37.23 -1.47 0 Temporal_Mid_R

-36.32 14.59 -34.08 0 Temporal_Pole_Mid_L
-49.77 -28.05 -23.17 0 Temporal_Inf_L
53.69 -31.07 -22.32 0 Temporal_Inf_R

-36.07 -66.72 -28.93 0 Cerebelum_Crus1_L
37.46 -67.14 -29.55 0 Cerebelum_Crus1_R

-28.64 -73.26 -38.2 0 Cerebelum_Crus2_L
32.06 -69.02 -39.95 0 Cerebelum_Crus2_R

-8.8 -37.22 -18.58 0 Cerebelum_3_L
12.32 -34.47 -19.39 0 Cerebelum_3_R

-15 -43.49 -16.93 0 Cerebelum_4_5_L



17.2 -42.86 -18.15 0 Cerebelum_4_5_R
-23.24 -59.1 -22.13 0 Cerebelum_6_L
24.69 -58.32 -23.65 0 Cerebelum_6_R

-32.36 -59.82 -45.45 0 Cerebelum_7b_L
33.14 -63.18 -48.46 0 Cerebelum_7b_R

-25.75 -54.52 -47.68 0 Cerebelum_8_L
25.06 -56.34 -49.47 0 Cerebelum_8_R

-10.95 -48.95 -45.9 0 Cerebelum_9_L
9.46 -49.5 -46.33 0 Cerebelum_9_R

25.99 -33.84 -41.35 0 Cerebelum_10_R
1.38 -39.93 -11.4 0 Vermis_3
1.22 -52.36 -6.11 0 Vermis_4_5
1.14 -67.06 -15.12 0 Vermis_6
1.15 -71.93 -25.14 0 Vermis_7
1.15 -64.43 -34.08 0 Vermis_8
0.86 -54.87 -34.9 0 Vermis_9
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Abstract 

The Cognitive Reserve (CR) theory postulates that inter-individual differences in cognitive 

performance can be explained by a more efficient use of the brain resources/networks of those 

that had a cognitively richer environment throughout life. Typical proxies of CR include 

education level and intelligence quotient (IQ), but CR actually represents the difference 

between the cognitive performance expected, taking into account the levels of brain pathology, 

and the actual performance. In the present study we use a validated latent variable model to 

estimate CR, from the residual variance in memory and general executive functioning, after 

accounting for the effects of both structural Magnetic Resonance Imaging (MRI) brain variables 

(i.e. brain reserve - BR) and demographic variables (sex and years of formal education). 

Functional connectivity (FC) networks and network topological properties were then explored 

for associations with the CR variable, using graph theory analysis. Results revealed that 

demographic characteristics, mainly accounted by education level, were positively associated 

with higher clustering coefficient, local efficiency and strength in parietal and occipital regions 

as well as greater global network transitivity. In contrast higher CR associated with a higher FC 

in a large network, higher global and local efficiency (right occipital) of neuronal networks and 

increased clustering coefficient of the left putamen. There were no associations between BR 

and FC or network properties. Altogether, these findings suggest that education level may 

facilitate the increased ability of the brain to form segregated functional groups of brain regions 

(clusters or modules), reinforcing the view that higher education level triggers more specialized 

use of neural processing. Additionally, this study demonstrated for the first time that CR is 

associated with a more efficient processing of information in the human functional brain 

network and reinforces the existence of fine balance between segregation and integration in the 

human brain. 

1. Introduction 

The concept of “cognitive reserve” (CR) emerged to explain why some aged individuals 

displaying neuropathologic hallmarks of Alzheimer’s disease (AD) in post-mortem brain 

analysis, never presented any clinical manifestation of the disease in life (Katzman et al., 

1988). Given that these subjects presented larger brain volumes than the average, the 

associated notion of “brain reserve” (BR) arose (Katzman, 1993); with brain size and neuronal 
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numbers constituting standard proxies for BR (Mortimer et al., 1982;Katzman et al., 

1988;Mortimer et al., 2003;Satz et al., 2011). According to the model, brain size determines 

the amount of damage that can be sustained before it leads to some clinical expression. 

Specifically, it hypothesizes that bigger brains can sustain more damage, since enough neural 

substrate remains to support normal functioning. This is a passive model of reserve, since 

there is a fixed threshold below which functional impairment will be observed (Stern, 2009).  

In contrast, several models have been proposed to explain how the brain can actively cope with 

brain damage through compensatory mechanisms (Stern, 2002;Barulli and Stern, 2013). 

Thus, the same amount of brain damage may lead to different clinical manifestations, even for 

individuals with the same BR. CR has been postulated as the reason why higher levels of 

intelligence (Alexander et al., 1997), education (Stern et al., 1992) and occupational status 

(Richards and Sacker, 2003), make individuals more capable of sustaining greater brain 

damage without clinical manifestations. Two distinct mechanisms were proposed to explain the 

underlying features of CR: neural reserve and neural compensation (Stern et al., 2005). Neural 

reserve is thought to be related to brain networks that are less susceptible to deterioration, due 

to their increased efficiency (Neubauer and Fink, 2009). These networks may be recruited 

when individuals are faced with brain pathology. On the other hand, the neural compensation 

mechanism relies on the hypothesis that individuals affected by some brain damage recruit 

networks not usually activated, as a means to compensate the impairments caused by 

damage. 

Altogether, research provides support for both the abovementioned types of reserve. It was 

demonstrated that several anatomic measures such as brain volume, head circumference, 

synaptic count and dendritic branching are susceptible to alterations during the lifetime. In 

fact, it is thought that the underlying mechanisms conducting to these changes are also 

involved in the development of CR (Stern, 2006). Recently, a latent model was developed as a 

strategy to obtain a quantitative measure of CR (Reed et al., 2010). Briefly, the authors isolated 

the variance of episodic memory explained by (1) demographic characteristics and (2) brain 

pathology, measured by structural MRI. The residual variance (i.e. the variance not explained 

by any of the abovementioned variables) was defined as CR. The authors observed that this 

measure correlated with longitudinal cognitive decline and with the degree of brain atrophy 

attenuation, such that individuals with low CR had an augmented cognitive decline as a result 
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of brain atrophy. Since then, this model has been replicated and extended (Zahodne et al., 

2013). Despite these findings, few researchers have explored the brain networks associated 

with CR using neuroimaging techniques (Stern et al., 2005;Stern et al., 2008) and, none have 

explored such properties when individuals are at rest (i.e. independently of a task-

performance).  

Herein, we used the abovementioned latent model in order to isolate CR and then to assess 

the brain correlates of CR, by exploring its relationship with FC networks and network 

topological properties, using graph theory measures (Bullmore and Sporns, 2009). With this 

strategy, we tested whether CR is associated with higher FC and/or with higher global 

efficiency of neuronal networks. 

 

2. Methods  

2.1 Ethics Statement 

The present study was conducted in accordance with the principles expressed in the 

Declaration of Helsinki and was approved by the local and national ethics committees. The 

study goals and tests were explained to the participants and all gave informed written consent.  

 

2.2 Participants 

The participants included in the present study are part of the sample recruited for the 

SWITCHBOX Consortium project (www.switchbox-online.eu/). Details regarding participants’ 

selection, neurocognitive assessment and inclusion/exclusion criteria were previously 

described (Marques et al., 2015). Briefly, 120 subjects were pseudo-randomly recruited from a 

larger sample, representative of the general Portuguese older population in terms of age, 

gender, and education [n  =  1051, after inclusion/exclusion criteria; subjects were randomly 

selected from the Guimarães and Vizela local area health authority registries (Costa et al., 

2013;Santos et al., 2013;Santos et al., 2014)]. The 120 subjects were selected in order to 

provide cognitive profiles of overall good cognitive performance (n=60) and overall poor 

performance (n=60) in a battery of neuropsychological/neurocognitive tests (Marques et al., 
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2015). Primary exclusion criteria included inability to understand the informed consent, 

participant choice to withdraw from the study, incapacity and/or inability to attend the MRI 

session, dementia and/or diagnosed neuropsychiatric and/or neurodegenerative disorder 

(medical records). Adjusted thresholds for cognitive impairment were calculated depending on 

factors such as age and/or education (Grigoletto et al., 1999;Busch and Chapin, 2008). Thus, 

the applied Mini Mental State Examination (MMSE) test score thresholds were the following: 

MMSE score < 17 if individual with ≤ 4 years of formal school education and/or ≥ 72 years of 

age, and MMSE score < 23 otherwise [follows the MMSE validation study for the Portuguese 

population (Guerreiro et al., 1994)]. 

From the 120 subjects originally recruited for the main project, nine refused to undergo the 

MRI acquisition protocol, four had brain lesions/pathology detected at the time of the 

acquisition and seven presented excessive motion/artifacts, leaving a final sample of 100 older 

adults that were considered in the present study.  

 

2.3 Magnetic Resonance Imaging Acquisition 

The imaging session was performed at Hospital de Braga (Braga, Portugal) on a clinical 

approved Siemens Magnetom Avanto 1.5 T MRI scanner (Siemens Medical Solutions, 

Erlangen, Germany) and using a 12-channel receive-only head-coil. The imaging protocol 

included several different acquisitions. For the present study, only one structural and one rs-

fMRI acquisition were considered. For the structural acquisition, a T1-weighted magnetization 

prepared rapid gradient echo (MPRAGE) sequence with the following parameters was used: 

176 sagittal slices, TR/TE= 2730/ 3.48 ms, FA = 7°, slice thickness = 1 mm, slice gap = 0 

mm, voxel size= 1x1 mm2, FoV = 256 mm. For the rs-fMRI acquisition, a blood oxygen level 

dependent (BOLD) sensitive echo-planar imaging (EPI) sequence was used: 30 axial slices, 

TR/TE = 2000/30 ms, FA = 90°, slice thickness = 3.5, slice gap = 0.48 mm, voxel size = 3.5 

x 3.5 mm2, FoV = 1344 mm and 180 volumes. During the resting state scan, the subjects 

were instructed to remain still, awake, with their eyes closed, as motionless as possible and 

trying to think of nothing in particular. No participant reported or was noted to fall asleep 

during the acquisition. 
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2.4 Structural Segmentation 

The structural scans of each subject were segmented with in FreeSurfer toolkit version 5.1 

(http://surfer.nmr.mgh.harvard.edu), which implements a semi-automated segmentation 

workflow. FreeSurfer enables the segmentation of both GM and WM as well as subcortical 

segmentation. The stages of processing implemented in this pipeline are fully described 

elsewhere (Fischl et al., 2002;Fischl et al., 2004;Desikan et al., 2006;Destrieux et al., 2010). 

Validation against manual segmentations has also been described (Fischl et al., 2002) and its 

results are considered robust across sessions, scanner platforms, updates, and field strengths 

(Jovicich et al., 2009).  

For the present study, only the intracranial volume (ICV), total GM volume (GMV) and white 

matter hypointensities volume (i.e. WMSA) were considered. This T1-based WMSA volume 

estimate has been successfully used as a measure of WM lesion volume (Salat et al., 2012), 

and showed sensitivity in measuring WM lesions in Alzheimer’s disease (Salat et al., 2012), as 

well as to correlate with estimates based on FLAIR acquisitions and to correlate better with 

clinical symptoms in MS (Bagnato et al., 2010). 

 

2.5 Specification of the Structural Equation Model 

A structural equation model was defined in order to estimate the variance of the performance 

in cognitive dimensions explained by CR. For that, three main latent variables were created: 

one expressing the variance of cognitive performance uniquely dependent of demographic 

characteristics (Demographic, DEM); one uniquely associated with MRI variables (Brain 

Reserve, BR); and, one accounting for the variance not attributed to the other two dimensions 

(Cognitive Reserve, CR). This model constitutes a replication of a previously validated and 

replicated model (Reed et al., 2010).  

Nevertheless, some modifications were applied to the model proposed by Reed and colleagues 

in order to address the goals of the current study. Specifically, here, the interest was to study 

CR as a function of the variance, not only from episodic memory but rather from cognition in 
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general. In a previous study, using the larger cohort from which the present sample was 

obtained, a factor structure comprising memory (MEM) and general executive (GENEXEC) 

functions, obtained from a large a pool of neurocognitive variables, was validated (Santos et 

al., 2015). Briefly, the MEM factor was composed of the long-term storage (LTS), consistent 

long-term retrieval (CLTR) and delayed-recall (DR) variables evaluated with the selective 

reminding test (SRT); while, the GENEXEC factor was composed of the variables Digits Forward 

(DF), Digits Backward (DB), Stroop words (SW), Stroop colors (SC), Stroop words/colors 

(SWC), Controlled Oral Word Association Test (COWAT-FAS; admissible words) and MMSE. For 

further details regarding the exploratory and confirmatory factor analysis please consult 

(Santos et al., 2015). Another difference to the model proposed by Reed and colleagues 

concerns the exclusion in the present study of the hippocampal volume as a measure of BR 

capacity. Indeed, in the present study we did not assess individuals with any diagnosed 

temporal dementias; furthermore, despite being relevant for memory processing, hippocampal 

volume does not account for executive functioning, which was also relevant for the purpose of 

the current study.  

GMV was regressed on ICV and a latent variable was specified in reflecting gray matter 

component (GMC), accounting for ICV. WMSA were included as an observed variable (log-

transformed in order to reduce skewness) and was modeled through a latent variable (WMC – 

White Matter Component). GMC and WMC were regressed on the BR latent variable. DEM was 

regressed on sex (female as reference) and years of formal education. In order to account for 

the relevance of each memory and executive functioning component for each dimension, MEM 

and GENEXEC were defined as latent variables.  

In order to achieve the model identification, variances for cognitive dimensions (MEM and 

GENEXEC) and MRI variables (GMC and WMC) were fixed to account for measurement error. 

Furthermore, variances for main latent variables were constrained, by fixing residual variances 

of BR and DEM to 0, and CR to 1. Using this strategy, main latent variables (BR, DEM and CR) 

are assumed to have an independent contribution to cognitive dimensions (MEM and 

GENEXEC). Thus, with this model, we were able to estimate the amount of variance attributed 

to BR, DEM and CR for each subject. In order to achieve this, multiple imputation was 

performed with Bayesian estimation, resulting in ten complete databases. Values for the 
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variables of interest were then obtained for each subject, by creating a new database, in which 

the average of imputed databases for each variable was calculated. 

The analytical model is represented in Figure 1. Observed variables are expressed in 

rectangles and circles represent the latent variables. The specification of the model was 

conducted using IBM AMOS v22. 

 

2.6 Rs-fMRI Data Preprocessing 

RS-fMRI data preprocessing was performed using FMRIB Software Library (FSL v5.07; 

http://fsl.fmrib.ox.ac.uk/fsl/) tools. The first five volumes of the rs-fMRI acquisition were 

removed in order to exclude possible magnetic field inhomogeneities at the beginning of the 

acquisition. The remaining data was corrected for slice timing followed by head motion 

correction. In order to reduce potential contamination of motion on functional connectivity, 

motion scrubbing (Power et al., 2012) was also performed in order to identify and further 

exclude time-points where head motion could be critical. Seven subjects were excluded for 

having more than 10 motion-contaminated time-points. Each subject functional dataset was 

then normalized to Montreal Neurological Institute (MNI) standard space through an indirect 

procedure that included: (i) skull stripping of the mean image of the functional acquisition; ii) 

rigid-body registration of the mean functional image to the skull stripped structural scan; iii) 

affine registration of the structural scan to the MNI T1 template; iv) non-linear registration of 

the structural scan to the MNI T1 template using the affine transformation previously estimated 

as the initial alignment; v) non-linear transformation of the functional acquisition to MNI 

standard space trough the sequential application of the rigid-body transformation and the non-

linear warp followed by resampling to 2 mm isotropic voxel size. Linear regression of motion 

parameters, mean WM and cerebrospinal fluid (CSF) signal and motion outliers was performed 

and the residuals of the regression were band-pass temporal filtered (0.01-0.08Hz) and used 

for the subsequent analysis. 
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Figure 1. Structural equation model used in order to decompose memory (MEM) and general 

executive functioning (GENEXEC) factors into independent variables of demographic 

characteristics influence (DEM), brain reserve capacity measures (BR) and cognitive reserve 

(CR). DEM was mainly accounted for school years (r = 0.88) but also by sex (r = 0.26). Sex 

and school years were also correlated (r = 0.35). Intracranial Volume (ICV) correlated strongly 

(r = 0.85) with gray matter volume (GMV). As expected, the latent gray matter component 

(GMC) was significantly modeled by GMV (r = 0.48) and the latent white matter component 

(WMC) was almost entirely (r = 0.97) modeled by the volume of white matter signal 

abnormalities (WMSA). GMC positively accounted for BR (r = 0.69) and WMC negatively 

accounted for BR (r = -0.73) due to the inverse relationship between white matter lesioning 

and BR. BR was the greatest predictor of GENEXEC (r = 0.66), followed by CR (r = 0.65) and 

then BR (r = 0.30). MEM was mostly predicted by CR (r = 0.88), then by DEM (r = 0.37) and 

BR (r = 0.28). 

 



 118 

2.7 Network Construction 

The network nodes were defined as the Anatomical Automatic Labeling (AAL) atlas regions. 

The mean time-series of the 116 cortical, subcortical and cerebellar regions were extracted 

and correlations between each possible pair of regions were calculated. This originated a 

symmetric adjacency matrix R where each entry rij represents the Pearson correlation 

coefficient between the time series of region i and j. These matrices were then transformed to 

Z-score matrices by the application of Fisher’s r-to-Z transform to the correlation coefficients. In 

the present study, only weighted matrices were considered. For the analysis of local and global 

network metrics the matrices were thresholded at different sparsity thresholds s (from 0.025 to 

0.45 in steps of 0.025) and thus the metrics were calculated for the networks composed by 

different proportions of the strongest edges.  

 

2.8 Network-Based Statistics Analyses 

In order to assess if BR and CR measures were associated with functional connectivity at the 

edge level (i.e. at each individual connection) a General Linear Model (GLM) was applied with 

each Z-transformed correlation coefficient as the dependent variable and the linear and 

quadratic effects of age as well as the DEM, BR and CR latent measures as independent 

variables. Sex and school years were not included in the model since they presented high 

collinearity with the DM measure. Assessing these effects at the edge level poses a multiple 

comparisons problem since the networks obtained as described in the previous sections of the 

manuscript encompassed a total of 116*115/2 = 6670 edges. In order to increase the 

statistical power of the analysis, the NBS procedure was used (Zalesky et al., 2010). This 

approach is similar to the cluster-based thresholding approach used in voxel-wise analyses of 

fMRI data. Instead of considering the null hypothesis at the single edge level, NBS evaluates 

the null hypothesis at the level of interconnected edges (i.e. sub-networks) surviving a 

predefined primary threshold. The null hypothesis assumes that a sub-network with similar 

number of edges, surpassing the primary threshold, occurs by chance. The authors of this 

procedure recommend the use of different primary thresholds in order to capture different 

effects. In the present study, three different primary thresholds were used (p<0.01, p<0.005, 

p<0.001) in order to capture less pronounced but more extent effects (less stringent primary 
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threshold – p < 0.01) as well as localized and pronounced effects (most stringent threshold – 

p < 0.001). 5000 permutations were performed and networks were considered significant at a 

corrected level of p < 0.05 family-wise error (FWE) corrected. BrainNet Viewer 

(http://www.nitrc.org/projects/bnv/) was used for visualization purposes. 

 

2.9 Graph Theory Analysis 

Graph theoretic analyses were performed at the node and the global network metrics level. The 

metrics were computed with weighted undirected networks, using the Brain Connectivity 

Toolbox (BCT, http://www.brain-connectivity-toolbox.net) (Rubinov and Sporns, 2010). Some 

studies involving graph theoretic measures of FC networks discard edges displaying negative 

FC since such measures cannot be calculated in the presence of negative weights (Achard and 

Bullmore, 2007;van den Heuvel et al., 2008). In the present study we decided to use absolute 

values of the network weights for the computation of graph theoretic measures; while we 

recognize that negative FC might not reflect the same level/kind of meaning as positive FC, we 

consider this to be less critical than simply neglecting the effect of such edges in network 

topology. 

At the node level, four different metrics were calculated for each region: 1) local efficiency, 

which is defined as the average of the inverse shortest path length in the neighborhood of the 

node and, in a weighted network, distinguishes the influence of different paths based on the 

connection weights of the corresponding neighbors; 2) betweenness centrality that 

corresponds to the proportion of shortest paths that pass through the node; 3) strength that is 

the sum of weights of the edges connected to each node; and, 4) clustering coefficient, defined 

as the average intensity of triangles around a node. At the global network level the following 

measures were calculated: i) global efficiency, similar to the local efficiency but for the entire 

network and ii) transitivity which represents a normalized version of the mean of the clustering 

coefficients of all nodes in the network.  

Statistical analysis of graph theoretic metrics computed for different sparsity thresholds were 

performed with the integrated measures (Tian et al., 2011) of such metrics across the range of 

sparsities. This methodology has the advantage of reducing the complexity of the analyses and 
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the number of comparisons. The analyses were performed with a similar GLM to the one 

described for the NBS analyses, with the dependent variable being replaced by the global or 

local metrics. For the local measures, results were considered significant at p < 0.05 corrected 

for multiple comparisons using the False Discovery Rate (FDR) criterion across all metrics and 

nodes. Global measures were considered significant at p < 0.05 uncorrected. 

 

3. Results 

3.1 Sample characteristics 

Table I presents the overall demographic and neuropsychological/cognitive characteristics of 

the participants.  

Table I. Demographic and cognitive characterization of the sample assessed in the study. 

    Mean (SD) Range 
Demographic measures 

  Gender (0=Male) 
 

0.49 (0.5) [0; 1] 
Age 

 
65.12 (8.2) [51; 82] 

School Years 
 

5.47 (3.9) [0; 17] 

    MRI measures 
   WMSA (log) 

 
3.44 (0.3) [2.98; 4.37] 

GMV 
 

5.62E+05 (4.98E+04) [4.52E+05; 6.88E+05] 
ICV 

 
1.47E+06 (1.58E+05) [1.13E+06; 1.90E+06] 

    Cognitive Measures 
   SRT LTS 

 
27.33 (13.58) [0; 58] 

SRT CLTR 
 

16.38 (12.73) [0; 50] 
SRT DR 

 
5.25 (3.2) [0; 12] 

DD 
 

7.73 (2.32) [3; 16] 
DB 

 
4.45 (2.66) [0; 14] 

SW 
 

63.48 (21.72) [0; 103] 
SC 

 
48.14 (15.79) [0; 81] 

SWC 
 

28.95 (12.91) [0; 60] 
FAS 

 
18.17 (11.78) [0; 49] 

MMSE   26.63 (3.44) [17; 30] 
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3.2 Latent Variable Model 

According to the modification indices obtained for the basal model, the covariance between 

gender and ICV was specified in order to improve model fit. Afterwards, although a significant 

chi-square statistic was obtained (χ2(83)=138.889, p<.001), based on the remaining fit 

indices, the specified model was assumed to have a satisfactory fit (CFI=.946 | TLI=.932 | 

RMSEA=.080). The variance of both cognitive dimensions was significantly predicted by the 

main latent variables. Of notice, it is relevant to observe that CR revealed to be the most 

relevant predictor of both cognitive dimensions (MEM: B=.880, p<.001; GENEXEC: B=.658, 

p<.001). 

 

3.3 Effects of the Cognitive Reserve Latent Variable 

Regarding the CR variable, a positive association between CR and FC in a cortical network was 

found (Figure 2.a-b). This association was significant for the less stringent and intermediate 

primary thresholds (p < 0.01 and p < 0.005). 

Additionally, at the local metrics level, CR was positively associated with local efficiency in the 

right occipital middle and occipital inferior regions (Figure 2.d) and with the clustering 

coefficient of left putamen (Figure 2.f). No significant associations between strength or 

betweenness centrality and CR were found (Figure 2.e and Figure 2.g). At the global network 

level, CR was positively associated with global efficiency (t = 2.93;p = 0.004) (Figure 3.b), but 

not transitivity (t = 1.91; p = 0.056). 
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Figure 2. Associations between CR and FC networks using primary thresholds of p < 0.01 (a), 
p < 0.005 (b) and p < 0.001 (c). Adjacency matrices after the application of the primary 
thresholds are presented in the middle of each panel. Edges from the networks revealing 
positive association are presented in red and from negative associations are presented in blue. 
Associations between CR and local efficiency (d), strength (e), clustering (f) and betweenness 
centrality (g). Statistically significant associations (p < 0.05, FDR corrected) are presented in 
filled bars and associations surviving an uncorrected threshold of p < 0.05 are reported for 
completeness using unfilled bars. 
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Figure 3. Scatter plots highlighting significant positive associations between CR and network 

global efficiency (a) and between DEM (b) and network transitivity. 

 

3.4 Effects of the Demographic Latent Variable 

Regarding the NBS results, the demographic latent variable (DEM) was positively associated 

with FC in a large network encompassing connections between several cortical regions. These 

results were significant for all primary thresholds used (Figure 4.a-c). Additionally, using the 

intermediate and most strict primary thresholds (i.e. p < 0.005 and p < 0.001), a network 

mainly involving connections between the cerebellar vermis and cortical regions evidenced a 

negative association with the DEM variable (Figure 4.b-c). 

Regarding the local network metrics, the DEM variable revealed a significant positive 

association with local efficiency of the right supplementary motor area, left cingulum middle, 

bilateral lingual, left occipital middle, left occipital inferior, bilateral fusiform, left precuneus, 

right paracentral, left cerebellum 4 and 5 and bilateral cerebellum 6 (Figure 4.d). Additionally, 

DEM was also positively associated with local strength in the right rolandic operculum, left 

occipital inferior and bilateral cuneus, lingual and fusiform gyrus (Figure 4.e). Positive 

associations between DEM and local clustering were found in the left calcarine, right Heschl 

area, left cerebellum 4 and 5, cerebellar vermis 10 and bilateral lingual, occipital inferior, 

fusiform, precuneus and cerebellum 6 (Figure 4.f). No significant association was found 

between the DEM variable with betweenness centrality (Figure 4.g). 

At the global network level DEM evidenced a positive association with transitivity (t = 1.64; p 

=0.104) but not with global efficiency (t = 2.73; p = 0.008) (Figure 3.a). 
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Figure 4. Associations between DEM and FC networks using primary thresholds of p < 0.01 
(a), p < 0.005 (b) and p < 0.001 (c). Adjacency matrices after the application of the primary 
thresholds are presented in the middle of each panel. Edges from the networks revealing 
positive association are presented in red and edges from negative associations are presented 
in blue. Associations between DEM and local efficiency (d), strength (e), clustering (f) and 
betweenness centrality (g). Statistically significant associations (p < 0.05, FDR corrected) are 
presented in filled bars and associations surviving an uncorrected threshold of p < 0.05 are 
reported for completeness using unfilled bars. 
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3.5 Effects of the Brain Reserve Latent Variable 

No significant associations between the BR variable and FC networks (Figure 5.a-c), local 

network metrics (Figure 5.d-g) or global network metrics were found. 

 

4. Discussion 

In the present study we investigated how CR impacts functional connectivity networks, 

independently of education level. For this purpose CR was quantified as the residual variance 

in cognitive factors that is not accounted for by the DEM variables (sex and years of formal 

education) and by the BR capacity variables (brain size and WM lesioning). This type of model 

was shown to be in line with the CR theory (Reed et al., 2010) and has been, thereafter, 

validated and extended on (Zahodne et al., 2013). The replication of the latent variable model 

revealed to be valid for the present study, as proved by the satisfactory fit indices obtained for 

the model. With this, it was possible to dissect and quantify the effects of CR based on the 

variance of cognitive functioning not explained either from brain structural pathology variables 

or by the demographic characteristics. Ultimately, this strategy enabled us to study how CR is 

manifested at the FC level at rest. 

Regarding the demographics variable, the present results closely mimic those obtained in a 

previous study from our group in which the effects of years of formal education in FC networks 

were investigated (Marques et al, accepted for publication). Briefly, it was shown that education 

level was associated with higher FC in a large cortical network and with decreased (i.e. more 

negative) FC between the cerebellum and cerebrum. This was interpreted as more efficient 

brain network in individuals with higher number of years of education and a more effective 

differential involvement of the cerebrum and cerebellum. This finding is not surprising since 

the DEM variable is mainly accounted for by the number of years of formal education. 

However, in the present study it is further demonstrated that this demographic variable DEM 

was also associated with particular topological characteristics of the brain FC network. At the 

local metric level, the DEM variable was associated with higher local efficiency, nodal strength 

and clustering coefficient in several brain regions spanning most of the occipital and parietal 

lobes. Associations in some sensorimotor regions and the cerebellum were also found. This 
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suggests that these regions are more tightly connected between themselves and more 

segregated from the rest of the brain, facilitating the communication within these networks and 

revealing the positive effects, mainly of years of formal education, in posterior brain regions. 

Additionally, at the global network level, DEM was associated with the network transitivity but 

not global efficiency. Transitivity is a well-known measure of functional segregation (Watts and 

Strogatz, 1998;Rubinov and Sporns, 2010). This suggests that demographic variables, 

especially education level, are associated with the increased ability of the brain to form 

segregated groups of brain regions (clusters or modules), reinforcing the view that higher 

education level triggers more specialized use of neural processing. 

Furthermore, the present results provide evidence that CR impacts on the brain FC network 

architecture, even when education level is accounted for. As expected, CR was associated with 

a large and sparse network displaying higher FC in individuals with higher CR. Similarly to the 

associations found for education level, this is likely to reflect the positive effect in brain 

functioning facilitating communication and integration. Higher CR was also associated with 

higher local efficiency of the right superior and middle occipital regions. This suggests that 

connections involving these regions display higher FC in subjects with higher CR, highlighting 

their importance in creating tighter functional connections within the brain network. 

Additionally, we found that the left putamen presented higher clustering coefficient in 

individuals with higher CR, revealing the importance of the putamen in the formation of 

clusters of interconnected regions. The putamen is known for playing an important role in 

learning and decision-making and has been associated to habitual behaviors learned through 

repetitive training (Soares et al., 2012;Wunderlich et al., 2012). Thus, our results bring 

evidence that CR might be associated with an increased involvement of the putamen in the 

functional brain network, mediating other connections within the network that might be 

associated with the “better” learning and decision-making performance commonly associated 

with higher CR as a result of extensively trained actions/behaviors. 

Of particular interest is the association between CR and global efficiency. FC networks have 

weaker connections between modules, when compared to structural networks, and thus global 

efficiency values are typically low (Rubinov and Sporns, 2010). Despite this, here we show that 

individuals with higher CR displayed higher global efficiency values compared to those with 

lower CR. Global efficiency is a measure of functional integration, where higher values mean 
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that shorter and more efficient paths are available in order to connect every possible pair of 

nodes (Rubinov and Sporns, 2010). This means that individuals with higher cognitive 

performance, controlling for BR and demographic differences, present a more tightly 

connected network likely to reflect an increase capacity for parallel information transfer and 

integrated processing (Bullmore and Sporns, 2012). This is closely related to the concept of a 

more efficient use of the brain’s resources, one of the hallmarks of CR (Stern, 2002). Previous 

studies have found similar associations in structural (Li et al., 2009) and functional (van den 

Heuvel et al., 2009) brain networks with IQ, a proxy of CR. 

The present study presents some limitations. Micro-structural measures of white matter 

integrity such as the ones derived from Diffusion Tensor Imaging (DTI) could be useful for 

quantifying BR capacity as it might add important information on brain structure. Additionally, 

since the proposed latent model has the potential to provide longitudinal trajectories of CR, 

longitudinal studies should be carried out in order to investigate if CR can be a moderator of 

age related cognitive decline in older individuals as proposed by others (Tucker-Drob et al., 

2009;Bozzali et al., 2015). Finally, it would be of interest to consider other demographic 

characteristics (such as primary occupation) and/or cohorts characterized by high education 

levels to have a broader picture of the impact of FC in brain functional connectivity. 

In conclusion, the present study reveals that CR is associated with increased FC in a large 

network and with a better organization of the network topology. It is also shown that 

demographic characteristics, mainly accounted for by years of formal education, are also 

associated with brain network reorganizations. More importantly we brought evidence that 

while years of education are likely to be associated with a higher specialization of the brain 

network, CR is associated with higher network efficiency. 
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Abstract 

Healthy aging is a dynamic process characterized by declines in several cognitive dimensions, 

inter-individual variability and brain structural and functional changes. Network approaches to 

brain functioning have provided new insights on how the human brain is impacted by illness or 

natural conditions. Yet, few studies have used such methods to study the impact of aging in 

the human brain functional connectome and even less using a longitudinal design. In this 

study we followed a group of healthy older adults, previously categorized as overall good and 

poor cognitive performers, for a period 18 months. Functional connectivity (FC) networks’ 

properties were analyzed with graph theory methods and associations between changes in 

network properties and changes in learning and memory scores were explored. Our data 

shows that good cognitive performance is associated with higher FC, higher functional 

segregation spanning the majority of the brain (with the exception of the prefrontal cortex) and 

higher network efficiency. We also show that aging is associated with both decreases and 

increases in FC, accompanied by rearrangements in local network properties such as 

decreased strength, segregation and “hubness” in prefrontal regions and increases in strength 

and “hubness” of the hippocampus. Finally, we show that increases in local clustering of the 

left hippocampus were associated with decreases in recall performance associated with aging 

while changes in the local clustering of the left putamen correlated positively with changes in 

learning performance. Our findings suggest that: (1) good cognitive performance in older adults 

is associated with brain network differences that seem to be maintained through aging; (2) age 

is characterized by rearrangements in local brain network properties, and compensatory 

mechanisms seem to take place to maintain global network properties; (3) changes in local 

clustering of key regions for learning and memory capture differences in cognitive performance 

in those domains. 

 

1. Introduction 

Healthy aging, namely at brain level, is a dynamic process characterized by a heterogeneous 

pattern of structure and function preservation and deterioration. Specifically, gray and white 

matter volume alterations (Lemaitre et al., 2012;Fjell et al., 2013;Soares et al., 2014;Jancke 
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et al., 2015), cortical thinning (Salat et al., 2004;Pacheco et al., 2015), functional 

reorganization (Cabeza, 2002;Dennis and Cabeza, 2008) and functional connectivity (FC) 

(Allen et al., 2011;Mowinckel et al., 2012;Ferreira and Busatto, 2013), are all hallmarks of the 

aging process. These brain changes have also been associated with the common variability on 

cognitive functioning across the lifespan (Davis et al., 2008;Meunier et al., 2014;Reuter-Lorenz 

and Park, 2014). Several domains become less efficient, including executive and speed 

processing, working memory ability, episodic memory, long-term memory and attention 

(Salthouse et al., 1991;Salthouse, 2000;Nyberg et al., 2003;Salthouse and Madden, 2008) 

while at the same time, others, such as knowledge storage, semantic memory (Ronnlund et 

al., 2005;Singh-Manoux et al., 2012), and language comprehension are more resistant to age-

induced alterations (Tyler et al., 2010). 

Most studies in aging and cognition focused on region-specific analyses, precluding a global 

and wider picture on how the brain is being constantly adapted and re-organized. The human 

brain is a complex system of interconnected and synchronized regions spontaneously 

organized into several networks (Sporns et al., 2005;Hagmann et al., 2008). Recently, graph 

theory approaches have been employed to study the connectivity properties of these structural 

(Gong et al., 2009) and functional (Goni et al., 2014) brain specialized networks (Park and 

Friston, 2013). Graph approaches provide ideal means to study alterations in global 

architecture and within local specialized networks, offer the possibility to establish relationships 

between neural changes and cognitive functions. 

Several recent studies have shown that connectivity between separate brain regions is 

essential for effective cognitive functioning (Onoda et al., 2012;Wen et al., 2012;Meunier et al., 

2014;Strenziok et al., 2014) and that it is critically affected by the age (Ferreira and Busatto, 

2013). Both structural and FC reorganizations occur along aging, impacting significantly on 

cognitive functioning: decreased integrity in grey matter is associated with decreased 

connectivity in language regions and with increased overall FC (Meunier et al., 2014); 

increased FC is associated with faster responding and older adults exhibit a lower association 

strength, varying also as a function of task demands (Chou et al., 2013); global structural brain 

network properties and general intelligence are correlated in advanced elderly (Fischer et al., 

2014); decreased connectivity within functional networks is related with poorer cognitive 

functioning in elderly, pointing to a decrease in the specificity of functional networks in older 
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ages (Geerligs et al., 2014); longitudinal analysis shows that the structural brain networks 

develop into a fast distribution from young to middle age and became eventually a fast 

localization in the old age and in terms of the regional nodal properties, significant positive 

quadratic correlations were found in the brain regions predominately associated with the 

default-mode, attention, and memory systems (Wu et al., 2013).  

One of the most affected cognitive domains by advanced aging is memory (Nyberg et al., 

2012). However, this decline is heterogeneous, with some older individuals presenting a 

relatively well-preserved memory functioning. Studies have revealed that in older participants 

the entorhinal thinning may occur before a decreased default-mode FC and hippocampal 

volume loss, which in turn lead to deficits in memory performance (Ward et al., 2015). 

However, most studies investigating associations between FC and memory in aging are cross-

sectional and thus, fail to provide a direct link between cognitive decline and connectivity 

measures. One exception is a study from Persson and colleagues showing that declines in 

memory over a six-year interval are associated with decreased hippocampal activation and 

volume (Persson et al., 2012). Another recent study suggested that associations between 

memory performance and brain structural/functional changes are not either simultaneous or 

consequential, but a mixture of effects (Fjell et al., 2015). In this study decreased FC between 

the hippocampus and cortical regions was associated with better performance in recall in 

young adults while in older adults, a less pronounced but positive association was found.  

However, to the best of our knowledge, no longitudinal study has yet been conducted in order 

to demonstrate the impact of aging in graph theory metrics derived from FC networks and how 

changes in these metrics relate to changes in memory performance. In the present study we 

aimed at describing these effects in a longitudinal setting and further explore if they differ 

between individuals with contrasting cognitive profiles (i.e. good cognitive performers vs poor 

cognitive performers).  
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2. Methods 

2.1 Ethics Statement 

The present study was conducted in accordance with the principles expressed in the 

Declaration of Helsinki and was approved by the local and national ethics committees. The 

study goals and tests were explained to the participants and all gave informed written consent.  

 

2.2 Participants 

The subjects that participated in the present study were recruited based on cognitive data 

obtained on a previous study and form the sample recruited for the Switchbox Consortium 

project (www.switchbox-online.eu/). For the Switchbox project, 120 subjects initially recruited 

were selected from a larger sample, representative of the general Portuguese older population 

in terms of age, gender, and education [n  =  1051, after inclusion/exclusion criteria; subjects 

randomly selected from the Guimarães and Vizela local area health authority registries (Costa 

et al., 2013;Santos et al., 2013;Santos et al., 2014)]. These 120 subjects were selected in 

order to provide cognitive profiles of overall good cognitive performance (n=60) and overall 

poor performance (n=60) (Marques et al., 2015). Details regarding the neurocognitive 

assessment and categorization into the two opposite cognitive profiles are provided below. 

Primary exclusion criteria for both time points included inability to understand the informed 

consent, participant choice to withdraw from the study, incapacity and/or inability to attend the 

Magnetic Resonance Imaging (MRI) session, dementia and/or diagnosed neuropsychiatric 

and/or neurodegenerative disorder (medical records). Following previous recommendations, 

adjusted thresholds for cognitive impairment were calculated depending on factors such as age 

and/or education (Grigoletto et al., 1999;Busch and Chapin, 2008). Thus, the applied Mini 

Mental State Examination (MMSE) test score thresholds were the following: MMSE score < 17 

if individual with ≤ 4 years of formal school education and/or ≥ 72 years of age, and MMSE 

score < 23 otherwise [follows the MMSE validation study for the Portuguese population 

(Guerreiro et al., 1994)]. 
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In the first assessment, from the 120 subjects originally recruited for the main project, nine 

participants refused to undergo the MRI acquisition protocol, four undiagnosed brain 

lesions/pathology detected during the MRI assessment and seven were excluded for having 

excessive motion/artifacts in the resting-state fMRI (rs-fMRI) scan. In the second 

neuropsychological/cognitive and MRI assessments, two individuals could not be reached, six 

could not attend the assessment within the time-frame of the study due to scheduling conflicts, 

nine met exclusion criteria, 17 declined to participate and 86 accepted to participate. From the 

86 participants re-assessed three declined to undergo the MRI scan on the assessment day, 

nine had either not completed the first MRI assessment or had met the exclusion criteria for 

inclusion in the data analysis for the first MRI scan. Additionally, one individual had brain 

lesions and another was excluded due to excessive head motion in the second MRI scan.  

A total of 75 individuals met all the inclusion criteria for the present study. From these, 48 

were good cognitive performers and 29 were poor cognitive performers. The mean time 

interval between assessments was 18 months and the groups of cognitive performance 

differed significantly in all cognitive tests in both assessments. 

 

2.3 Neurocognitive assessment 

A team of trained psychologists performed all neurocognitive/neuropsychological assessments. 

The initial neurocognitive assessment was performed for the larger sample (n=1051) from 

which the present sample was derived. A large test battery was applied and included the 

following instruments: digit-span forward and backward test, Stroop color and word test, 

controlled oral word association test (COWAT, letters F-A-S), selective reminding test (SRT), 

digit symbol substitution test (DSST), mini-mental state examination (MMSE), geriatric 

depression scale (GDS, long-version) and the Graffar socio-demographic scale (Santos et al. 

2014).  

The SRT was used to assess memory trajectories from the baseline assessment to the follow-

up assessment. This test consists in a list of 12 words that is read to the participant and then, 

in the following five trials, the participant is asked to immediately recall the 12 words. In each 

trial, the words that the participant failed to recall are reminded to the participant. After 15 
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minutes of finishing the fifth trial, participants are asked once more to recall the list of words. 

For the present study, the Consistent Long-Term Retrieval (CLTR – words consistently recalled 

on at least the three last trials, without reminding) and the Delayed Recall (DR – words 

correctly recalled 20 minutes after the fifth trial) scores were considered. CLTR represents a 

measure of short-term memory/learning while DR is assumed to represent a measure of 

memory, namely recall. 

 

2.4 Magnetic Resonance Imaging Acquisition 

The MRI assessments were performed on a 1.5 T clinical approved Siemens Magnetom Avanto 

MRI scanner (Siemens Medical Solutions, Erlangen, Germany) with a 12-channel receive-only 

head-coil, at Hospital de Braga (Braga, Portugal). The imaging protocol included several 

different acquisitions. An anatomical scan was initially acquired using a T1-weighted 

magnetization prepared rapid gradient echo (MPRAGE) sequence with the following imaging 

parameters: 176 sagittal slices, TR/TE= 2730/3.48 ms, FA = 7°, slice thickness = 1 mm, 

slice gap = 0 mm, voxel size= 1x1 mm2, FoV = 256 mm. An rs-fMRI acquisition was also 

acquired using a blood oxygen level dependent (BOLD) sensitive echo-planar imaging (EPI) 

sequence: 30 axial slices, TR/TE = 2000/30 ms, FA = 90°, slice thickness = 3.5, slice gap = 

0.48 mm, voxel size = 3.5 x 3.5 mm2, FoV = 1344 mm and 180 volumes. During the resting 

state scan, the subjects were instructed to remain still, awake, with their eyes closed, as 

immobile as possible and trying to think of nothing in particular. No participant fell asleep 

during the acquisition. 

 

2.5 Preprocessing of rs-fMRI data 

Preprocessing of rs-fMRI data was performed with FMRIB Software Library (FSL v5.07; 

http://fsl.fmrib.ox.ac.uk/fsl/) tools. The first five volumes of the rs-fMRI acquisition were 

removed to allow for signal stabilization. The data underwent the following data pre-processing 

pipeline: (1) slice timing correction, (2) head motion correction and motion scrubbing (Power 

et al., 2012) to identify and further exclude time-points where head motion could be critical, (3) 

removal of non-brain tissue, (4) nonlinear spatial normalization to Montreal Neurological 



 142 

Institute (MNI) standard space, (5) linear regression of motion parameters, motion outliers, 

mean white matter and cerebrospinal fluid signal, (6) band-pass temporal filtering (0.01-

0.08Hz). The spatial normalization was performed as follows: co-registration of the mean 

functional image with the structural image of the same individual using a rigid-body 

registration; affine registration of the structural image to the MNI T1 template; non-linear 

normalization of the structural image to MNI standard space using the previous affine 

registration as the initial alignment; final non-linear normalization of the functional data to MNI 

standard space trough the combined application of the rigid-body transformation matrix and 

the non-linear warp, followed by resampling to 2 mm isotropic voxel size. 

 

2.6 Network construction  

The nodes of the FC networks were defined as the 116 cortical, subcortical and cerebellar 

regions from the Anatomical Automatic Labeling (AAL) atlas. The mean time-series of each 

region were extracted and the edges of the networks were defined as the Z-transformed 

correlation coefficients between the time-series of each possible pair of regions, resulting in an 

116x116 FC matrix for each subject and moment of assessment. For the graph theory 

analysis, instead of binarizing the FC matrices, the absolute values of the weights were used so 

that negative weights were not excluded. Some studies involving graph theoretic measures of 

FC networks discard edges displaying negative FC since such measures cannot be calculated 

in the presence of negative weights (Achard and Bullmore, 2007;van den Heuvel et al., 2008). 

However anti-correlations between brain regions metabolism are known to exist (Keller et al., 

2013) and we considered attributing the same importance to negative and positive correlations 

of the same magnitude to be less critical than simply neglecting the effect of such edges in 

network topology. 

 

2.7 Graph theory analysis 

Graph theory analysis was performed in order to investigate possible effects in the properties of 

each node as well as in the global network properties. The Brain Connectivity Toolbox (BCT, 

http://www.brain-connectivity-toolbox.net)(Rubinov and Sporns, 2010) was used to calculate 
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both nodal and global network properties. Three different metrics were calculated for each 

node: i) strength that is defined as the sum of weights of the edges connected to each node 

and represents a measure of density of connections around the node; ii) betweenness 

centrality, a measure of centrality (i.e. importance of the node in functional integration – 

“hubness”) and corresponds to the proportion of all shortest paths that contain the node and 

iii) clustering coefficient, defined as the average intensity of triangles around a node, measures 

how tightly the neighbors of a node are connected among themselves.  

At the global network level the following measures were calculated: i) global efficiency, a 

measure of integration, is defined as the average of the inverse shortest path length; ii) mean 

clustering coefficient that represents the mean of the clustering coefficients of all nodes and 

thus provide a measure of segregation and iii) assortativity that indicates if network nodes tend 

to be connected with nodes of similar strength, assessed trough correlation coefficients 

between strengths of all nodes. 

Graph theory metrics are typically computed for different sparsities of the FC matrix. However 

different thresholds may yield different results, there is no consensus for the range of sparsities 

to be considered and it increases the complexity number of comparisons of the analysis. In 

order to overcome this, these metrics were initially computed for a range of sparsities (0.1 – 

0.4, in increments of 0.025) and their integrated measure (i.e. area under the curve) was used 

for the analysis, resulting in one value for each metric (Tian et al., 2011). 

 

2.8 Statistical Analysis 

The statistical analyses were performed at the edge, node and global network level. In each 

level, two different analyses were performed. Initially, a mixed-design Analysis of Covariance 

(ANCOVA) was performed with group of performance as the between-subjects factor and time 

of assessment as the within-subjects factor. This model enabled the investigation of group 

differences in FC networks (group effect), the investigation of age-related trajectories (within-

subjects effect) and the examination of group differences in age-related trajectories (interaction 

between group and within-subjects effects). Then, associations between changes in FC 

variables and changes in CLTR and DR scores were assessed with regression analyses with the 
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change in cognitive score as the dependent variable and change in FC variables as the 

independent variable. 

At the edge level, the Network-Based Statistic (NBS) procedure was used to increase the 

statistical power of the analysis. This allows the identification of connected sub-networks whose 

edges display similar associations the independent variables (Zalesky et al., 2010). This 

procedure is similar to the cluster-based thresholding approach used in voxel-wise analyses of 

fMRI data. Firstly a General Linear Model (GLM) is applied independently for each edge, 

considering the edge weight as the dependent variable. Then, instead of considering the null 

hypothesis at the single edge level, NBS evaluates the null hypothesis at the level of 

interconnected edges (i.e. sub-networks) surviving the application of a predefined primary 

threshold for a given effect of interest. The null hypothesis assumes that a sub-network with 

similar number of edges, surpassing the primary threshold, occurs by chance. In accordance 

with the established guidelines for the use of this procedure, three primary thresholds were 

used (p < 0.01, p < 0.005, p < 0.001) so that less pronounced but more extent effects (less 

stringent primary threshold – p < 0.01) as well as localized and pronounced effects (most 

stringent threshold – p < 0.001) could be captured. Five thousand permutations were 

performed and networks were considered significant at a level of p<0.05 family-wise error 

(FWE) corrected. BrainNet viewer (http://www.nitrc.org/projects/bnv/) was used for 

visualization purposes. 

At the nodal and global metric level, the models were fitted using Matlab. Results of the 

ANCOVA model were considered significant at p<0.05 corrected for multiple comparisons 

using the False Discovery Rate (FDR) criterion across all metrics/nodes. Regarding the 

associations between changes in local metrics and changes in memory variables, results were 

considered significant at p<0.05 uncorrected for a group of subcortical nodes known to be 

involved in complementary learning and memory systems, namely the caudate (Brovelli et al., 

2011), putamen (Brovelli et al., 2011) and hippocampus (Burgess et al., 2002). For the 

remaining nodes, results were considered significant at p < 0.05 FDR corrected. 

At the global network level, results were considered significant at p<0.05. 
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3. Results 

3.1 Demographic and cognitive characterization 

Table I presents the sample demographic and neurocognitive characteristics. Groups of 

cognitive performance did not differ significantly in the proportion of males versus females and 

age. Good cognitive performers presented significantly higher number of years of education 

and scored higher in all cognitive measures (MMSE, CLTR and DR). Regarding cognitive 

trajectories from the baseline assessment to the follow-up, participants declined significantly in 

MMSE and DR scores, but not in CLTR. However, a significant interaction was found for CLTR 

scores. Interestingly, post-hoc t-tests revealed that while good performers had a trend for a 

decrease in CLTR scores, the opposite was found in poor performers. 

Table I. Sample demographic and cognitive characteristics. 

 
Baseline   Follow-up   Good - Poor Baseline - Follow-up Interaction 

  Good  Poor Good Poor F (p-value) F (p-value) F (p-value) 

Sex 27M/19F 12M/17F 27M/19F 12M/17F ns - - 

Education 7.3 (4.48) 3.55 (1.74) 7.3 (4.48) 3.55 (1.74) 4.30 (< 0.001) - - 

Age 64.57 (8.80) 65.37 (6.85) 66.15 (8.73) 67.03 (6.77) 0.20 (0.658) - - 

MMSE 27.78 (2.30) 25.72 (3.70) 26.70 (2.72) 24.41 (3.78) 10.63 (0.002) 18.30 (< 0.001) 0.16 (0.691) 

CLTR 25.74 (8.94) 4.24 (5.94) 22.22 (12.97) 7.59 (7.73) 94.55 (< 0.001) 0.004 (0.950) 6.30 (0.014) 

DR 7.24 (2.83) 3.58 (1.89) 5.52 (3.10) 2.79 (2.54) 36.2 (< 0.001) 11.87 (< 0.001) 1.64 (0.200) 

 

3.2 Differences in network properties between groups of cognitive 

performance 

No group differences were found at the edge level, using the NBS procedure.  

At the node level, good performers presented higher strength in 19 nodes when compared to 

poor performers, mainly comprising regions from the temporal lobe and regions from the 

occipital lobe (Figure 1.a). Regarding local clustering, 43 nodes exhibited significantly higher 

values in good performers when compared to poor performers (Figure 1.b); these nodes span 

all the brain lobes with the exception of the frontal lobe. The most significant results were 
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found in the right superior and middle occipital, right parahippocampal, right Heschl and left 

cerebellum 4 5 and 6 (Figure 1.b). The right cuneus and occipital superior, left temporal 

superior and the bilateral rolandic operculum exhibited higher betweenness centrality in good 

performers when compared to poor performers, while poor performers exhibited higher values 

in the left angular and right cerebellum crus 2. 

Table II presents the results for group comparisons of the nodal properties. 

 

Figure 1. Significant group differences between good and poor cognitive 

performers in nodal network metrics. AAL regions showing significant (p < 0.05, FDR 

corrected for multiple comparisons) group effects in strength (a), clustering coefficient (b) and 

betweenness centrality (c). Red dots represent nodes where the metric is higher in good than 

poor cognitive performers and blue dots represent nodes where the metric is lower in good 

performers compared to poor performers. Grey dots represent nodes without a significant 

effect. 
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Table II. Comparison of nodal properties between groups. The table presents the direction of 
the results for each metric, the node label, F-statistic and corresponding uncorrected p-value. 
Results fully corrected for multiple comparisons using the FDR criterion (p<0.05). 
Effect Node F p-value Node F p-value 

Strength 
      Good > Poor Cuneus R 15.85 0.0002 Occipital Sup R 15.34 0.0002 

 

Rolandic Oper R 13.58 0.0004 Temporal Sup L 12.90 0.0006 

 
Fusiform L 12.46 0.0007 Temporal Pole Sup L 11.68 0.0010 

 
Heschl R 10.96 0.0015 Rolandic Oper L 10.89 0.0015 

 

Lingual L 10.88 0.0015 Calcarine R 10.69 0.0016 

 
Occipital Inf L 10.49 0.0018 Cingulum Mid R 9.82 0.0025 

 
Temporal Inf R 9.72 0.0026 Calcarine L 9.57 0.0028 

 

Lingual R 9.52 0.0029 Temporal Sup R 9.13 0.0035 

 
Fusiform R 8.69 0.0043 Cuneus L 8.41 0.0049 

 
Cerebellum 6 L 7.38 0.0082 

   

       Good < Poor NA 
  

  
  Clustering 

      Good> Poor Occipital Mid R 21.17 < 0.0001 ParaHippocampal R 19.34 <0.0001 

 
Heschl R 18.45 0.0001 Cerebellum 6 L 17.86 0.0001 

 

Occipital Inf R 17.34 0.0001 Cerebellum 4 5 L 17.24 0.0001 

 

Temporal Pole Sup L 17.15 0.0001 Postcentral R 16.38 0.0001 

 
Fusiform L 15.74 0.0002 Fusiform R 15.56 0.0002 

 

Cerebellum 4 5 R 15.48 0.0002 Occipital Mid L 15.19 0.0002 

 

Parietal Sup L 15.07 0.0002 Temporal Pole Mid R 14.48 0.0003 

 
Rectus L 13.81 0.0004 Lingual L 13.64 0.0004 

 

Parietal Sup R 12.86 0.0006 Precentral R 12.61 0.0007 

 

Rectus R 12.56 0.0007 Cingulum Mid L 12.42 0.0007 

 
Temporal Pole Sup R 12.29 0.0008 Paracentral Lobule L 12.05 0.0009 

 

Occipital Inf L 11.94 0.0009 Temporal Mid R 11.73 0.0010 

 

Postcentral L 11.23 0.0013 Cerebellum 6 R 11.16 0.0013 

 
Cuneus L 10.60 0.0017 Precentral L 10.41 0.0019 

 

Precuneus R 10.30 0.0020 Temporal Pole Mid L 10.30 0.0020 

 

Occipital Sup L 10.09 0.0022 Frontal Inf Oper R 10.03 0.0022 

 
Lingual R 9.91 0.0024 Heschl L 9.80 0.0025 

 

Temporal Sup L 9.40 0.0030 Precuneus L 9.37 0.0031 

 
Cuneus R 9.17 0.0034 Temporal Inf R 9.17 0.0034 

 

Rolandic Oper L 8.97 0.0038 Thalamus R 8.75 0.0042 

 

Cingulum Mid R 8.47 0.0048 Rolandic Oper R 8.44 0.0049 

  Temporal Sup R 8.12 0.0057   
  Good<Poor NA      

Betweenness 
     Good > Poor Cuneus R 13.85 0.0003 Rolandic Oper R 11.80 0.0010 

 

Occipital Sup R 10.94 0.0015 Rolandic Oper L 8.75 0.0042 

 

Temporal Sup L 8.62 0.0044 

   Good < Poor Angular L 13.91 0.0004 Cerebellum Crus2 R 12.99 0.0006 
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At global network level, good performers presented higher global efficiency (F = 14.72; p < 

0.001) and mean clustering coefficient (F = 13.41; p < 0.001) than poor performers, while no 

significant difference was found in assortativity (F = 0.123; p = 0.727). Figure 2 presents 

scatter plots highlighting these differences. 

 

 

Figure 2. Scatter plots of global network measures of each group at each 

assessment. Good performers presented (a) higher mean clustering coefficient and (b) global 

efficiency than poor performers, while (c) no differences were found in assortativity (c). Good 

performers are represented in red, poor performers are represented in blue. Asterisks (*) 

denote significant group differences at p < 0.001. 

 

3.3 Age-related trajectories in network properties 

From the baseline assessment to the follow-up, two brain sub-networks revealed significant 

changes with time. These effects were significant across the three primary thresholds used for 
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the NBS analysis; however, only the results obtained with the strictest primary threshold (p < 

0.001) are presented. A large sub-network revealed decreases in FC between the baseline and 

follow-up assessments. This network encompassed 297 edges and 70 nodes (Figure 3.b). 

Most of this sub-network’s edges interconnected several prefrontal regions and the temporal 

poles, as well as some connections from/to parietal and cerebellar regions. In contrast, there 

was a small sub-network, composed by 66 edges that were connecting 47 different nodes, that 

display significant increases in FC between the two time-points of assessment (Figure 3.a). 

This network was mainly composed by edges interconnecting the pallidum, hippocampus, 

lingual gyrus and temporal superior gyrus to other temporal, frontal and cerebellar regions.  

 

 

Figure 3. Significant differences in sub-networks of FC. From the baseline assessment 

to the follow-up, a small sub-network evidenced increased FC (a) while another sub-network 

evidenced decreases in FC (b). Red lines represent connections showing increased FC and 

blue lines represent connections evidencing decreased FC. The size of each node is 

proportional to the number of connections involving that particular node. 

Regarding local network properties, we found increases in strength in the bilateral 

hippocampus and lingual gyrus, right amygdala, left cerebellum (3, 4 and 5) in between the 

two-time points. Significant decreases in strength were observed in frontal nodes (bilateral 

frontal superior, frontal middle, frontal middle orbital, right frontal superior orbital, right frontal 

superior medial and right frontal inferior operculum) and in right precentral and right parietal 

inferior (Figure 4.a). As for clustering coefficient, significant increases were only observed in 
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left cerebellum 3. On the other hand, the bilateral frontal superior and frontal middle, right 

frontal middle orbital, frontal inferior operculum and left parietal inferior evidenced significant 

decreases in clustering coefficient (Figure 4.b). Decreases in betweenness centrality were 

found in the bilateral frontal superior and frontal middle, right frontal superior orbital, right 

frontal middle orbital, right frontal superior medial and left parietal inferior. In contrast, 

increases in centrality were found in the bilateral hippocampus, lingual and cerebellum 3, right 

amygdala, right putamen and right cerebellum 6 (Figure 4.c). 

 

Figure 4. Significant differences in local metrics between moments of 

assessment. Significant decreases (p < 0.05, FDR corrected for multiple comparisons) in (a) 

strength, (b) clustering coefficient, (c) local efficiency and (d) betweenness centrality (d) were 

found in several nodes. Red dots represent nodes showing increases in local metrics and blue 

dots represent nodes evidencing decreases in the same metrics from baseline to the follow-up 

assessment. Grey dots represent nodes without a significant effect. 
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Table III summarizes the results for the comparisons between assessments in local network 

properties.  

Table III. Comparison of local metrics between the baseline (M0) and the follow-up 

assessments (M1). The table presents the direction of the results for each metric, the node 

label, F-statistic and corresponding uncorrected p-value. Results fully corrected for multiple 

comparisons using the FDR criterion (p<0.05). 

Effect Node F p-value Node F p-value 

Strength 

      M0 < M1 Amygdala R 14.98 0.0002 Lingual R 11.29 0.0012 

 

Hippocampus L 11.25 0.0013 Cerebellum 3 L 11.16 0.0013 

 

Hippocampus R 10.94 0.0015 Lingual L 8.86 0.0040 

 

Cerebellum 4 5 L 8.49 0.0047 

   M0 > M1 Frontal Mid R 29.99 0.0000 Frontal Sup R 24.25 0.0000 

 

Frontal Mid L 21.01 0.0000 Frontal Sup L 20.49 0.0000 

 

Frontal Mid Orb R 14.06 0.0004 Parietal Inf R 10.69 0.0016 

 

Precentral R 10.27 0.0020 Frontal Sup Orb R 9.79 0.0025 

 

Frontal Inf Oper L 9.35 0.0031 Frontal Sup Medial R 9.12 0.0035 

 

Frontal Mid Orb L 8.27 0.0053 

   Clustering             

M0 > M1 Frontal Mid Orb R 17.26 0.0001 Frontal Mid R 10.46 0.0018 

 

Frontal Inf Oper R 10.35 0.0019 Frontal Sup R 10.24 0.0020 

 

Frontal Mid L 10.11 0.0022 Frontal Sup L 8.75 0.0042 

 

Parietal Inf L 8.47 0.0048 

   M0 < M1 Cerebellum 3 L 8.34 0.0051 

   Betweenness           

M0 > M1 Frontal Mid R 28.91 0.0000 Frontal Sup R 23.30 0.0000 

 

Frontal Mid L 17.76 0.0001 Frontal Sup L 16.90 0.0001 

 

Precentral R 13.65 0.0004 Frontal Mid Orb R 10.24 0.0020 

 

Frontal Sup Medial R 9.90 0.0024 Frontal Sup Orb R 9.67 0.0027 

 

Parietal Inf R 8.17 0.0056 

   M0 < M1 Amygdala R 18.81 0.0000 Hippocampus L 17.09 0.0001 

 

Cerebellum 3 L 13.21 0.0005 Lingual R 12.40 0.0007 

 

Hippocampus R 12.15 0.0008 Lingual L 11.42 0.0012 

 

Cerebellum 6 R 9.90 0.0024 Cerebellum 3 R 9.62 0.0027 

  Putamen R 8.99 0.0037       
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No significant alterations were found in global network properties between assessments. 

 

3.4 Group differences in network properties’ trajectories 

No significant interactions were found at any level of analysis, indicating that the rates of 

change of any of the variables assessed, from baseline to the follow-up, did not differ 

significantly between groups of cognitive performance. 

 

3.5 Associations with cognitive decline 

After assessing the group differences and changes in network properties we explored if the 

longitudinal changes in network properties of key regions to learning and memory were 

associated with the longitudinal trajectories in a measure of learning (CLTR) and recall (DR). 

Changes in strength and betweenness centrality of the nodes considered were not significantly 

associated with changes in learning or memory/recall. However, changes in clustering 

coefficient of the left putamen revealed a significant positive correlation with changes in leaning 

scores (Figure 5.a), while changes in the clustering coefficient of the left hippocampus 

evidenced a negative correlation with changes in recall (Figure 5.b).  

No significant correlations were found at the edge, node and global network level using the fully 

exploratory approach. 
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Figure 5. Associations between changes in local clustering and changes cognitive 

dimensions. Changes in clustering coefficient of left putamen correlated positively with 

changes in Consistent Long-Term Retrieval (CLTR) (a) while reductions in Delayed Recall (DR) 

scores correlated negatively with changes in the clustering coefficient of the left hippocampus. 

 

4. Discussion 

Several studies show that the human functional brain connectome follows a non-random 

network topology enabling the human brain to continuously process and integrate information. 

In a previous cross-sectional study with this cohort, poor cognitive performers revealed 

increased white matter macro- and micro-structural damage/degeneration and the effects of 

age were more pronounced in these individuals (Marques et al., 2015). These findings led us 

to expect that poor performers would present a worse functioning brain network, reflected by 

alteration in local and global properties. Our results are in line with these expectations since 

several differences were found in local metrics spanning different lobes and also in global 

metrics. Good performers presented higher nodal strength in several nodes compared to poor 

performers, pointing to a higher FC around those particular nodes and, thus, reflecting 

stronger functional connections with neighboring nodes. Similarly, higher clustering coefficient 

was found in several brain regions suggesting that higher local processing around those nodes 

is associated with better cognitive performance in older individuals. These rearrangements are 
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accompanied by increased importance of certain brain regions (e.g., the rolandic operculum, 

temporal superior, cuneus and occipital superior gyrus) for the network formation.  

The above-described differences span a large portion of the cortex with the exception of the 

prefrontal cortex. The prefrontal cortex is known to play an important role in top-down control 

being essential for the representation of goals and the means to achieve them (Kane and 

Engle, 2002). Our results suggest that differences in cognition between groups are 

independent of prefrontal contributions for the functional brain network. This is somehow 

unexpected, since executive functioning is highly dependent on prefrontal cortex integrity and 

connectivity (Badre and Wagner, 2007). Yet, the good performers’ brain network reveled higher 

global efficiency and mean clustering coefficient than poor performers’. This is suggestive of a 

fine-tuned and efficient brain network in good cognitive performers, which simultaneously 

present a higher segregation and integration pattern. A fine balance between specialized 

functional units (clusters) and information transfer across the whole brain network is a well-

known characteristic (Bullmore and Sporns, 2012), and our results suggest that higher levels 

of both properties are associated with better cognitive functioning. 

The most interesting results of the present study concern the connectome-level longitudinal 

trajectories as these directly point to the effects of aging. Since each individual serves as his 

own control (baseline assessment), this approach is not influenced by cohort effects, as occurs 

in cross-sectional approaches. To the best of our knowledge, this is the first study to investigate 

age-related trajectories in the functional brain network with a connectomic analysis. Aging 

studies exploring FC typically report decreases in FC between some brain regions and resting-

state networks (RSNs), mainly the Default Mode Network (DMN) but also other RSNs 

(Damoiseaux et al., 2008); however, most of these studies are cross-sectional. In the present 

study, we found a large sub-network whose connections displayed decreases in FC within 18 

months. These results are in accordance with the majority of the aging studies that reported 

decreases in FC with aging, including a recent study from our group in which a negative 

correlation between age and FC in a large brain sub-network was found (Marques et al., 

accepted for publication). However, in the present study we also found that a smaller sub-

network revealed increases in FC within the 18 months between the assessments. 

Interestingly, this network was mainly composed by connections between subcortical regions 

and the prefrontal cortex or the temporal cortex. We found these changes to be accompanied 
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by decreases in local strength, clustering and betweenness centrality in prefrontal regions and 

increases in local strength and betweenness centrality in the hippocampus and lingual gyrus. 

No net change in global network properties was found. Although with the current design no 

causal link can be established, our results seem to corroborate the PASA theory of cognitive 

aging (Davis et al., 2008). This model proposes that an increased recruitment of frontal 

regions in older adults takes place as a compensatory mechanism that the brain uses to face 

age related impairments. We propose that these decreases in strength and hubness in 

prefrontal regions reflect such impairments and, thus, greater activation would be necessary to 

achieve the necessary levels of FC for the performance of a given task.  

Another interesting finding is that changes in local clustering in key regions to leaning and 

memory seem to be accompanied with the longitudinal changes in these particular functions. 

The changes in clustering coefficient of the left putamen were positively associated with 

changes in learning. This is in accordance with the previously described role of putamen in 

learning, particularly during the initial acquisition (Brovelli et al., 2011). The negative 

association between changes in left hippocampus’ clustering coefficient and recall scores 

points to the well-established role of this region in memory functioning (Squire, 1992). While, 

at first hand, a positive association between changes in the clustering coefficient of the 

hippocampus and changes in memory could be expected, some studies report a negative 

association between hippocampal FC and memory scores (Salami et al., 2014). A recent FC 

longitudinal study revealed that decreased hippocampal-cortical FC was associated with better 

performance in recall in young adults, while and the opposite occurred in older subjects (Fjell 

et al., 2015). Our results demonstrate that increases in local processing around the 

neighboring nodes of the hippocampus and the hippocampus itself are related with decreases 

in recall, while changes in local processing around the putamen’s neighbors are positively 

associated to changes in learning.  

The present study confirms that connectomic approaches have the potential to capture several 

aspects of the functional brain differences and reorganizations that occur with aging and their 

associations with cognition. These approaches have the advantage that are subject-specific, 

enabling the extraction of metrics for each individual, independently of the remaining sample 

under study. This contrasts for example with Independent Component Analysis (ICA) based 

studies, where study-specific RSNs need to be identified in order to estimate the each subject’s 



 156 

spatial maps. Additionally, the major advantage of this study relies on its longitudinal design. 

With this, we were able to demonstrate, for the first time, that both increases and decreases in 

FC and local network properties occur with aging and that changes in local network properties 

are associated with changes in cognitive dimensions; this clearly extends the limited 

information that can be extracted for cross-sectional studies. 

Some limitations may be raised to this work. The aging process is continuous and not limited 

to older individuals. Thus, in future studies, it would be relevant to include younger individuals 

to assess the specificity of functional connectivity alterations during different aging phases. In 

addition, it would be interesting to add further assessments to these individuals. These would 

enable us to test whether the alterations herein detected are linear throughout time. Integrative 

analysis combining both functional and structural connectivity data could also further 

distinguish if the results here presented are mainly driven by the underlying network structure 

or by independent functional changes. 
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1. Discussion 

Normal aging is a heterogeneous and inevitable process characterized by declines in several 

cognitive abilities and also by several structural (Kaup et al., 2011) and functional brain 

changes/alterations (Eyler et al., 2011). Even though age induced changes seem to be 

irreversible (or at least difficult to revert), some individuals seem to present rather preserved 

cognitive abilities, while others reveal marked declines in the same cognitive domains 

(Salthouse, 2009;Singh-Manoux et al., 2012;Meunier et al., 2014). Several factors such as 

stress, mood, life experiences and genetic factors among many others have been proposed as 

mediators in the aging process, ultimately contributing for the heterogeneity in age-related 

cognitive decline (Grady, 2012;Santos et al., 2014). In an aged society, such as the current 

one, the search for mechanisms that can ultimately promote healthy cognitive aging has 

outstanding potential social and economic benefits. Cognition is intrinsically related to brain 

functioning and brain functioning itself is dependent on the underlying brain structure. Better 

understanding on how all of these factors interact and their correlates in the complex brain 

network may reveal targets/means for intervention and promotion of healthier aging.  

The main scope of the present thesis was to bring new evidence of brain network biomarkers 

of healthy cognitive aging. In order to achieve this, a sample of older individuals (52+), derived 

from a large representative cohort of the Portuguese population, was studied. These individuals 

have been previously categorized as presenting overall good cognitive performance (n=60) or 

poor cognitive performance (n=60), and were screened with a multimodal brain MRI protocol. 

These procedures were repeated 18 months after the baseline assessment, thus providing the 

unique opportunity to understand how changes in brain function/structure relate to changes in 

cognition. Within the scope of this Thesis, three cross-sectional studies, using the data from 

the baseline assessment, and one larger longitudinal study, were performed. 

In the first study, we compared different aspects of WM structure between groups of cognitive 

performance and how WM structural indices correlate with age. WM can be perceived as the 

“wiring” of the brain networks since it comprises mainly the axonal fibers that interconnect the 

different brain regions. Several white matter alterations, such as volumetric shrinkage, 

ischemic lesions and microstructural alterations, are known to occur in aging and have been 

associated with cognitive alterations (Brickman et al., 2006;Madden et al., 2011;Maillard et 
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al., 2012). Herein we revealed that, while WM volume negatively correlates with age, it does 

not distinguish good from poor cognitive performers, suggesting that WM volumetry per se is 

not associated with cognition; interestingly, this is in accordance with a previous study (Taki et 

al., 2011).  

We also revealed that overall good cognitive performance is associated with lower loads of 

white matter lesioning (i.e. WMSA). WMSA are known to increase with aging, mainly due to 

accumulation of ischemic lesions that are associated with axonal loss and demyelination, 

ultimately, resulting in declines in cognitive functioning (Wang et al., 2011;Maillard et al., 

2012). Our results also suggest that this aging pattern of higher WMSA volume is more 

pronounced in poor performers than good performers, which in turn could be interpreted has 

having a greater impact in poor performers than in good performers. Additionally, we revealed 

that cognitive performance is also associated with “better” WM microstructural properties (i.e. 

higher FA, lower RD and AD), even after accounting for the previously described macro-

structural differences. Although no direct link between these measures and axonal loss or 

degradation can be established (Jones et al., 2013), the pattern identified fits that reported for 

the majority of the aging studies which has been associated with axonal loss and demyelination 

(Klawiter et al., 2011). The more significant association of these metrics with age in poor 

performers, similarly to WMSA, suggests once again that aging has greater impact in poor 

performers’ WM. This study provided evidence that both macro- and micro-structural aspects 

of WM structure should be taken into account when considering possible associations with 

cognition in aging. We also hypothesize that overall cognitive performance, and possibly age-

related cognitive decline, in older adults, are in part the result of differences in the rates of the 

normal WM degradation that accompanies the aging process and that this degradation does 

not seem to be uniquely attributed to a single process. However, inferences regarding rates of 

decline/increase should be taken cautiously as such associations cannot be fully established 

without longitudinal data. 

After showing that overall good cognitive performance was associated with preserved WM 

macro- and micro-structure, we explored the effects of education in the human brain functional 

connectome. Education was one of the significant predicators of groups of general cognitive 

performance (Santos et al., 2013). Education level has also been proposed and widely used as 

a proxy of CR, a theoretical construct according to which individuals that have the capacity to 
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optimize the use of the available brain resources/networks tend to present better cognitive 

performance (Stern, 2002). In fact, researchers have shown that individuals with higher levels 

of education not only consistently score higher in neurocognitive tests (Plassman et al., 

1995;Wilson et al., 2009) but also present lower risk of dementia (Meng and D'Arcy, 2012). 

Albeit all these evidences on the positive effects of education in cognition, no study had yet 

characterized its impact in the human brain functional connectome. Filling a gap in 

neuroscience literature, we revealed that, while age correlated negatively with FC in a large 

brain sub-network, years of education correlated positively with FC in another large cortical 

sub-network and also with more significant anti-correlations between the cerebellum and 

several cortical regions. Besides providing further evidence that aging is associated with 

decreases in FC, in line with the disconnection theory of aging, particularly in frontal regions 

(O'Sullivan et al., 2001;Davis et al., 2008), this was the first study to actually associate years 

of education with a model of brain functional networks and that revealed that higher FC in a 

particular network is likely to reflect a more efficient brain, as suggested by the CR theory 

(Habeck et al., 2003;Barulli and Stern, 2013). This study also demonstrated that the 

cerebellum is likely to play an important role in cognition, mainly through the differential 

interactions with cortical regions (Bonnet et al., 2009) and that these effects are reflected in 

anti-correlations in FC. These effects of education may have the potential to counterbalance 

the deleterious impact of aging and thus provide clear evidence of the benefits of formal 

education at brain level, which in turn could have an impact on promoting education policies. 

Several proxies, other that education level, such as intelligence quotient (IQ) (Stern et al., 

2003), occupational attainment (Ghaffar et al., 2012), cognitive stimulating leisure activities 

(Scarmeas et al., 2003) and cognitive engagement (Zihl et al., 2014), have been used in order 

to assess CR. However, since it is a theoretical construct, none of these proxies truly 

represents or measures CR. Although it correlates with CR, education is also associated with 

higher income ((Winkleby et al., 1992)) and access to healthcare (Cutler and Lleras-Muney, 

2010). Reed and colleagues (2010) proposed an alternative multifactorial latent model that 

measured CR as the variance in cognitive dimensions that is not explained by measures of 

brain pathology (e.g. brain size, volume of WM lesions) nor demographic variables (e.g. sex, 

education or ethnicity). This reflects a better approximation to the concept of CR and 

overcomes most of the limitations of the use of proxies. We used a similar model in order to 



 168 

obtain an estimate CR and investigated what was its impact in brain networks using a graph 

theory approach. We reveled that demographic characteristics, mostly accounted for by years 

of formal education, were associated with sub-networks closely resembling the sub-networks 

identified for education level. We also confirmed that these were associated with higher 

clustering coefficient, local efficiency and strength in parietal and occipital regions as well as 

greater global network transitivity. Taken together, these findings indicate that the positive 

effects of education level in cognition may be due to the increased ability of the brain to form 

segregated functional groups of brain regions (clusters or modules), reinforcing the view that 

higher education level triggers more specialized use of neural processing. Finally, we confirmed 

that CR, independently of education, is associated with higher FC, higher local efficiency in the 

right occipital regions, higher clustering coefficient in the left putamen and higher global 

efficiency. This was the first study to reveal that CR is actually associated with a more efficient 

brain network, as proposed by Barulli and Stern (2013). Interestingly, this also seems to be 

related with higher participation of putamen in network communication, a key region in 

decision making and learning brain systems (Soares et al., 2012;Wunderlich et al., 2012) and 

might be a biomarker of “better” learning and decision-making performance commonly 

associated to higher CR. The findings that a proxy of CR (i.e. education) and CR itself 

(independently of education) are associated with higher segregation and integration, 

respectively, are remarkable examples of the existence of a fine balance between specialized 

functional units (clusters) and information transfer across the whole brain network (Bullmore 

and Sporns, 2012). 

In the studies presented in Chapters 2-4 effects of aging were analyzed through correlations 

with age. The cross-sectional approach is the most common in neuroimaging studies where a 

single imaging session is performed. However, “snapshot” approaches do not enable 

researchers to establish rates of change in brain function and relate these changes with aging 

or cognitive decline. For this purpose, longitudinal designs, where the same individual is 

evaluated multiple times along their lifespan, are required. In the last study performed under 

the scope of the present Thesis, we performed a follow-up neurocognitive and imaging 

assessment of the groups of cognitive performance assessed in the previous studies after a 

period of 18 months. We demonstrated that, independently of the moment of assessment, 

overall good cognitive performance is associated with more efficient brain networks with higher 
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functional segregation due to higher FC around nodes spanning the vast majority of the cortex 

and cerebellum with the exception of the prefrontal cortex. We also demonstrated that aging 

was associated not only with decreases in FC but also with increases in a specific sub-network. 

This is a novel finding that challenges the majority of the aging studies, including our previous 

cross-sectional analysis described in Chapter 3, that mostly report decreases in FC (Ferreira 

and Busatto, 2013). Although there are some exceptions suggesting that some increases in FC 

also occur with aging (Tomasi and Volkow, 2012;Sala-Llonch et al., 2014), these findings are 

still controversial and this is the first study to demonstrate it in a longitudinal setting where 

inter-individual differences are accounted for since each subject serves as his own control. The 

net effect of these increases and decreases in FC seem to have no impact in the global 

network properties, suggesting that compensatory mechanisms occur with aging, and these 

enable individuals to cope with the adverse effects of this dynamic process. Even though this 

finding challenges previous results of decreased global efficiency in older adults (Achard and 

Bullmore, 2007), it is possible that, in a longer timeframe, the negative impact of aging would 

overcome the ability of the individuals to compensate for those impairments. Cross-sectional 

studies suggested that rearrangements in local efficiency also occur with aging (Sala-Llonch et 

al., 2014;Song et al., 2014). We also demonstrated that rearrangements do occur in local 

network properties, where decreases in strength and clustering in frontal regions were 

accompanied by increases in strength and hubness of the hippocampus and lingual gyrus. 

These findings are in line with the PASA theory, since prefrontal regions seem to suffer more 

deleterious effects with aging than other brain regions (Davis et al., 2008). This is also the first 

longitudinal study to report changes in local network properties. Importantly, our results did not 

suggest that longitudinal trajectories differed between groups of cognitive performance, which 

in turn, suggests that both groups are equally affected by aging. Taking this into account, 

differences in network properties associated with cognitive performance in older adults 

probably reflect previously acquired differences rather than differential rates of age-related 

decline. 

As already stated, aging is commonly accompanied by cognitive decline and memory seems to 

be one the most affected cognitive domains (Nyberg et al., 2003). There are two 

complementary systems that play important roles in memory involving subcortical regions: 

while the caudate and the putamen are part of a learning system important in acquiring and 
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associating information, the hippocampus has been established as key region for memory 

consolidation (Atallah et al., 2004). In our study, we brought new evidence that changes in 

clustering coefficient of the putamen correlated positively with learning while increases in 

hippocampal clustering coefficient where associated with declines in recall. A recent 

longitudinal study revealed that changes in cortical-striatal connectivity were related with 

learning and short-term memory changes while changes in long-term consolidation were 

associated with hippocampal-cortical FC changes (Fjell et al., 2015). Our findings neither 

contradict nor confirm the findings from Fjell and colleagues, since local clustering changes do 

not imply changes in FC in the same or opposite direction. Instead these must be seen as 

complementary results. Indeed, our findings suggest that increases in local processing around 

the neighbors of the hippocampus are related with decreases in recall while changes in local 

processing around the putamen’s neighbors are positively correlated to changes in learning. 

In conclusion, within this thesis we demonstrated that overall good cognitive performance is 

associated with alterations in WM structure as well as more efficient functional brain networks 

and simultaneously with higher functional segregation. We also revealed which functional brain 

sub-networks are associated with key contributors for inter-individual variability in cognition 

among older adults (education and CR) and that individuals with higher CR present more 

efficient brain networks with potential to counterbalance the detrimental effects of aging. 

Regarding aging, our longitudinal results clarified that both increases and decreases in FC 

occur in aging (contrarily to what was suggested by the cross-sectional analysis), that the 

deleterious impact of aging mainly affect frontal regions and that local reorganizations occur, 

possibly as a compensatory mechanism, resulting in no alterations in global network 

properties. Finally, local clustering in key brain regions seems to be a viable biomarker of 

longitudinal trajectories of learning and recall. 

Another major contribution of the present work concerns the use of connectomic approaches. 

These approaches, combined with graph theory analysis seem to capture important aspects of 

brain aging and cognition and provide crucial information regarding brain functioning. In our 

studies they have proven useful not only in capturing previously described and expected effects 

but also in revealing novel findings (e.g. network efficiency) impossible to obtain with more 

traditional analysis. Furthermore, they provide a wider integrative view of brain functioning 

where both local and global aspects of the brain networks can be analyzed. Additionally, our 
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results highlight the importance of longitudinal studies for the establishment of which brain 

alterations are in fact associated with cognitive decline. 

 

2. Future perspectives 

The work presented in this thesis not only contributed to the better understanding of aging, 

cognition and their inter-relationships but also raised new questions that we aim at addressing 

in future studies. Specifically, a longitudinal analysis on WM macro- and micro-structure will be 

conducted in order to clarify if cognitive performance is in fact associated differences in the 

rates of WM degradation with aging. Structural connectivity analysis complementary to the FC 

analyses here reported should be performed in order to provide insights regarding structure-

function relationships in aging and cognitive decline. Additionally, multifactorial predictive 

models should be built combining the results from all the reported studies in order to establish 

which effects have similar sources (i.e. explain the same variance in cognition) or are 

independent in predicting cognitive performance in aging, purely from neuroimaging 

biomarkers.  
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