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ABSTRACT 

The human brain is a complex structure consisting of spatially distributed but functionally related 

regions. It undergoes both morphological and functional modifications across the human lifespan. To gain 

an understanding of age-related functional reorganization of the human brain, we used MRI to 

quantitatively measure how brain regions are functionally connected and examined the complex pattern of 

interactions between brain regions using network analyses. In Chapter I, brain functional connectivity 

(FC) was evaluated using resting-state fMRI (rs-fMRI) in two groups of subjects classified by age. A 

statistical approach was applied to examine the reliability of FC across subjects and across multiple scan 

sessions. Results suggest that FC can be stably measured using rs-fMRI, and aging is associated with a 

decline in reliable connections suggesting the existence of age-related underlying changes in brain 

organization. In Chapter II, a network model was developed using graph theory in order to examine the 

complex patterns of FC and further investigated the effect of aging on brain network reorganization at 

whole brain-wide level and the local regional level. Two important networks--the default mode network 

(DMN), which includes bran regions that are most active when the brain is at wakeful rest, and the 

sensorimotor network involved in primary information processing, were shown to have distinct patterns 

of reorganization with aging. In Chapter III, this network model was applied to a group of epilepsy 

patients and age-matched healthy control subjects to examine the epileptic brain reorganizational changes. 

These epilepsy patients showed abnormal increases in the number of between-network connections that 

are weakly connected, leading to less differentiated brain functional divisions and significantly reduced 

efficiency for local information transmission. Collectively, the work presented in this thesis applies 

mathematical approaches to examine human brain reorganizational changes due to normal aging and 

pathological diseases. It provides a better understanding of how normal healthy aging modulates the brain 

network to produce a compensation mechanism in order to maintain the cognitive and sensorimotor 

behavioral performance with aging. This work is also intended to provide a baseline for examining 

network impairments and disease development in patient population such as epilepsy.



1 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Chapter I 

 

Introduction 

 

 

 

 

 

 

 

 

 

 

 

 



2 
 

The human brain is a complex structure built on multiple scales of time and space, in which billions of 

neurons are precisely organized into circuits, columns, functional areas as well as higher-order networks. 

The brain’s complexity is also recognized by its dynamic changes, known as brain plasticity, across the 

human lifespan. Understanding the mechanism underlying brain reorganizational changes across many 

populations has been a major goal of translational and basic neuroscience for many decades (Jagust W 

2009). Besides many other factors, aging is a natural process that reshapes the brain organization 

functionally and structurally. Aging has been reported to be a main risk factor for neurologic and 

neurodegenerative diseases, including stroke (Di Carlo 2009), Alzheimer’s disease (AD), Parkinson’s 

disease (PD), amyotrophic lateral sclerosis (ALS) and fontotemporal dementia (Risacher and Saykin 

2013). Understanding the age-related brain network reorganization is of particular importance as it 

provides a baseline for examining network level impairments and disease development in different 

populations.  

 

The Aging Brain 

A central feature of normal aging is a general slowing in a variety of perceptual and cognitive operations 

(Salthouse 1996). Previous postmortem studies have investigated the effects of aging on the anatomy and 

physiology of the brain and described forms of age-related neural decline, such as reduced brain size, 

cerebral atrophy, loss of myelin, region-specific loss of neuronal bodies and synaptic loss (Raz, Rodrigue, 

and Haacke 2007). The advent of magnetic resonance imaging (MRI) provided an opportunity to observe 

age-related differences in brain structure and function in vivo. MRI methods enable longitudinal follow-

up to gauge brain reorganizational changes. Determining brain changes in normal and successful aging 

can be addressed with the help of MRI, with which transition from normal aging to its pathological 

expressions such as neurodegenerative disease can be further understood.   

In a previous longitudinal study, 92 nondemented older adults underwent MRI scans acquired at baseline, 

2-year and 4-year follow-up (Resnick et al. 2003). The results reported evidence of substantial 

longitudinal declines in both gray and white matter brain volumes with aging. Moreover, these findings 
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also revealed that differential longitudinal declines in local brain volumes, with frontal and parietal lobes 

showing greater tissue loss compared with temporal and occipital regions. In another study conducted on 

72 healthy adults, (Raz et al. 2005) measured a number of regional brain volumes and reported a 

significant longitudinal decline across a 5-year period with shrinkage magnitude varying across regions. 

The prefrontal region showed increased shrinkage with age. The prefrontal cortex is known as a late-

developing region of the neocortex and is principally involved in higher executive functions such as 

cognitive function. All these cortical regions are linked to important brain functional networks such as the 

control/execution network, the default mode network and the motor control networks, which form the 

basis of brain functional reorganization with aging.  

 

Brain Networks 

Networks are everywhere—at macro level, there are social networks, internet networks, 

telecommunication networks, railroad networks, airline networks, power-line networks; at micro level, 

there are gene networks and neural networks. Similar to a road map describing the connections of regions 

in a space, a network characterizes interactions in a complex system. If we want to understand the 

complexity of a system, we must first understand its basic interaction patterns. In order to do so, we can 

build a network model that helps to reduce the complexity and provides an abstraction of the system.  

 

Graph theory   

Network analysis originated from the mathematical field of graph theory (Diestel 2000). Graph theory 

almost certainly began when, in 1735, Leonhard Euler solved a popular puzzle about bridges. There were 

seven bridges over the river Pregel and connecting four different land masses in the East Prussian city of 

Königsberg (now Kaliningrad) (Figure 1)(Alexanderson 2006). The problem was, “Does there exist any 

single path that crosses all seven bridges exactly once each and returns to the origin?” The answer is no as 

there is no such path now called an Euler tour (Diestel 2000). This solution is considered to be the first 

theorem of graph theory which studies similar problems by using graph representations—a set of nodes 
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(n) and links or connections (l) which connect the nodes (Figure 2). This mathematic object later leads to 

a wide application in many systems simplified by networks, since the nodes are not limited to represent 

land masses and the links limited to represent bridges. For instance, a typical social network study 

conducted by sociologists may involve the circulation of questionnaires, asking respondents to detail their 

interactions with others. Graph theory then can be applied here to reconstruct a network based on the 

responses in which nodes represent individuals and links represent the interactions between them.  

Utilizing graph theory based network analysis, researchers are able to investigate a variety of topics such 

as identifying critical nodes that substantially affect network connectivity, determining how efficient 

information flows in different portions of the network, examining how a cluster of nodes group together 

while other do not, or quantifying the hierarchical structures of a system. Most importantly, these 

questions can be investigated at large scale of the entire network, or at the level of sub-network and even 

at the individual nodal level, which provides an elegant way of examining a complex system from 

macroscopic to microscopic level.  

 

The functional brain networks 

For the complex brain system, billions of neurons are constantly sending and receiving signals from each 

other. This type of interactions is not a simple combination of each individual neuron’s synapsing, and the 

complexity of the interactions makes the brain system adaptive to ever changing environment. A network 

model of the brain can help better understanding these complex interactions thoroughly from the level of 

whole brain system to individual brain regions of interest (ROI). Moreover, human brains demonstrate a 

large variability in size and surface shape (VanEssen and Drury 1997). With network modeling, these 

features become less important in the analysis of identifying similarities and differences in the brain 

network organization.     

Modern brain mapping techniques—such as functional MRI, diffusion tensor imaging (DTI), electro- or 

magnetoencephalogram (EEG/MEG)—generate increasingly large datasets of the anatomical or 

functional connection patterns which form large and complex brain networks. In these brain networks, 
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nodes are generally defined as cortical and subcortical areas. Links or edges are defined based on the type 

of connections or connectivity (Rubinov and Sporns 2010). For structural connectivity, links are defined 

as axonal tracts. The anatomical network is constructed based on fiber bundles according to the regions 

they interconnect using diffusion MRI data (Hagmann et al. 2007). For functional connectivity, links are 

undirected statistical dependencies (i.e., cross-correlations) between regional temporal activities on the 

basis of functional MRI (fMRI) signals, or coherence in EEG/MEG signals. For effective connectivity, 

links are directed causal interactions or the influence one neuronal system exerts over another (Friston 

1994). The effective network is then constructed based on a priori model for causal relationships. Each 

connectivity model has certain limitations and there is no general model existing that can be considered 

optimal for all kinds of data and experimental conditions. For instance, the structural network cannot 

resolve intracortical or intrinsic connections (Park and Friston 2013); the effective network requires an a 

priori model for directed causal connections and thus the validity of effective network depends on the 

validity of the connectivity model (Friston 1994). The functional network is often based on an a priori 

anatomical model, which can be constructed using high resolution images with high accuracy. It also 

assesses a pattern of correlated activity that may exist between anatomically unconnected regions. 

Therefore, for a system that is largely unknown, the functional connectivity approach is more useful and 

more exploratory in nature. In this thesis, we investigated age-related brain reorganization based on a 

functional network constructed from the functional connectivity analyses.  

Resting-state fMRI (rs-fMRI) has become an important basis for functional network analysis, after the 

discovery of spatially organized temporal correlations of low-frequency spontaneous fluctuations (< 0.1 

Hz) of blood-oxygen level dependence (BOLD) signals (Biswal et al. 1995). Rs-fMRI is commonly used 

for non-invasively investigating brain functions while the brain is at rest. It has enabled the measurements 

of functionally correlated brain activity known as resting-state functional connectivity (RSFC), or simply 

functional connectivity, throughout the brain in the absence of task-induced activity, leading to a 

comprehensive description of brain functional organization.  
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The effects of aging on functional connectivity have mainly been assessed using seed-based functional 

connectivity and independent component analysis (van de Ven et al. 2004, Biswal et al. 2010). Both 

methods have a limited capability of providing a complete view of the characteristics of connectivity 

among multiple brain regions. Advanced network analysis provides the ability to map out the complex 

patterns of interactions across multiple brain areas and to further examine the segregation of localized 

brain functional connections and the integration of brain regions that form a network (Friston 2002).  

 

Age-related Brain Functional Reorganization  

In brains of higher vertebrates, it is believed that the brain is functionally segregated into different brain 

regions and also functionally integrated globally during perception and behavior (Tononi, Sporns, and 

Edelman 1994, Friston 2002). The brain functional organization has drawn increasing attention in recent 

years with the prevalence of functional connectivity and network approach.  Functional connectivity 

allows for an examination of functional reorganization at the level of pair-wise relationships between 

regions, while network approach examines brain reorganization at a higher network level via mapping out 

the patterns of interactions among multiple regions or sub-networks.  

Brain functional connectivity analyses conducted by numerous previous studies have established that 

normal aging is accompanied by a general decline in simple sensorimotor function associated with 

decreased functional connectivity in the motor network (Wu et al. 2007), and reduction in the ability to 

inhibit default-mode activity associated with hyper functional connectivity in the default mode network 

(Grady et al. 2006). Another study using a machine learning method has revealed that the majority of the 

functional connections used by the classifier to distinguish subjects by age came from brain regions 

belonging to the sensorimotor and cingulo-opercular networks (Meier et al. 2012). However none of these 

studies examined the stability and reliability of these connections with aging. 

In Chapter II, age-related brain functional reorganization is examined using a statistical approach applied 

on brain functional connectivity method. The test-retest reliability of brain functional connectivity is first 

examined across scan sessions and across subjects. Those significant and reliable brain functional 
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connections are then compared quantitatively between two age-groups, followed by a brain network 

analysis after linking each functional connection to a particular functional network.   

Previous studies using graph theory in fMRI data have shown that aging is accompanied by a reduction in 

global and local network efficiency (Achard and Bullmore 2007), yet other studies have reported 

differences in modularity with aging (Meunier et al. 2009, Geerligs et al. 2014). In Chapter III, we 

extend these previous findings by examining age-related network reorganization within different 

functional networks as well as at regional level to identify critical brain areas where functional 

connectivity is significantly affected by aging effect. More specifically, network analysis based on graph 

theory is applied on two groups of normal healthy populations classified by age. Network properties 

including modularity (i.e., a measure of the community structure of a graph), global and local network 

efficiency (i.e., a measure of the level of global and local information processing, respectively), and 

functional connection strength (i.e., magnitude of temporal correlations between regions) are examined 

within each group and compared between groups. Multiple thresholds are applied to account for potential 

effect on group comparison due to thresholding of functional connectivity. A network disruption index, 

i.e., a measure of a radical reorganization of highly efficient “hub” regions, is used to determine age-

related network reorganization and regional functional connectivity changes. This network model is 

further tested in different subjects and multiple scan sessions.  

 

Structure of the thesis  

To summarize, the main aim of this work is to build a network model for the human brain that represents 

a simplified interaction pattern in the complex brain system, in the same way as a roadmap represents the 

surrounding landscape. These interactions are examined as functional connectivity between brain regions. 

The network model is developed using graph theory. The thesis starts with examining the reliability of 

resting-state functional connectivity across different MRI scan sessions and across different subjects 

(Chapter II). A statistical approach, test-retest reliability, is used to examine the reliability of brain 

functional connectivity at the scale of individual functional connections between brain regions and at 
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whole brain-wide level of all connections. Brain functional connectivity is then compared between two 

groups of subjects classified by age, which shows rs-fMRI provides stable measurements for evaluating 

brain connectivity yet with an age-related decline in reliability. Then the complex pattern of functional 

interactions between brain regions is examined using graph-theory based network analysis based on rs-

fMRI measurements (Chapter III). We found that brain organization is disrupted by aging with distinct 

patterns of alterations across different brain regions and different functional networks. Built on the 

findings we observed in normal healthy population, graph theory was further applied to epilepsy patients 

to provide insights of brain reorganizational changes due to abnormal disease interruption. The epilepsy 

patients, compared with age-matched healthy controls, showed abnormal increases in the number of 

functional connections between networks yet these connections were weakly connected leading to 

significantly reduced efficiency for information transfer among brain regions in the immediate 

neighborhood (Chapter IV). The last chapter (Chapter V) summarizes the main findings of the thesis, 

introduces preliminary work examining brain structural changes in stroke using DTI, and explores the 

potential of applying brain network modeling in clinical population to understand brain functional and 

structural reorganization under the presence of disease conditions.  

 

 

 

 

 

 

 

 

 

 

 



9 
 

References 

Achard, S., and E. T. Bullmore. 2007. "Efficiency and cost of economical brain functional networks." 

Plos Computational Biology no. 3 (2):174-183. doi: ARTN e17 

DOI 10.1371/journal.pcbi.0030017. 

Alexanderson, G. L. 2006. "About the cover: Euler and Konigsberg's bridges: A historical view." Bulletin 

of the American Mathematical Society no. 43 (4):567-573. doi: Doi 10.1090/S0273-0979-06-

01130-X. 

Biswal, B. B., M. Mennes, X. N. Zuo, S. Gohel, C. Kelly, S. M. Smith, C. F. Beckmann, J. S. Adelstein, 

R. L. Buckner, S. Colcombe, A. M. Dogonowski, M. Ernst, D. Fair, M. Hampson, M. J. 

Hoptman, J. S. Hyde, V. J. Kiviniemi, R. Kotter, S. J. Li, C. P. Lin, M. J. Lowe, C. Mackay, D. J. 

Madden, K. H. Madsen, D. S. Margulies, H. S. Mayberg, K. McMahon, C. S. Monk, S. H. 

Mostofsky, B. J. Nagel, J. J. Pekar, S. J. Peltier, S. E. Petersen, V. Riedl, S. A. Rombouts, B. 

Rypma, B. L. Schlaggar, S. Schmidt, R. D. Seidler, G. J. Siegle, C. Sorg, G. J. Teng, J. Veijola, 

A. Villringer, M. Walter, L. Wang, X. C. Weng, S. Whitfield-Gabrieli, P. Williamson, C. 

Windischberger, Y. F. Zang, H. Y. Zhang, F. X. Castellanos, and M. P. Milham. 2010. "Toward 

discovery science of human brain function." Proc Natl Acad Sci U S A no. 107 (10):4734-9. doi: 

10.1073/pnas.0911855107. 

Biswal, B., F. Z. Yetkin, V. M. Haughton, and J. S. Hyde. 1995. "Functional Connectivity in the Motor 

Cortex of Resting Human Brain Using Echo-Planar Mri." Magnetic Resonance in Medicine no. 

34 (4):537-541. doi: DOI 10.1002/mrm.1910340409. 

Di Carlo, A. 2009. "Human and economic burden of stroke." Age and Ageing no. 38 (1):4-5. doi: DOI 

10.1093/ageing/afn282. 

Diestel, Reinhard. 2000. Graph theory. 2 ed: Springer. 

Friston, K. J. 1994. "Functional and effective connectivity in neuroimaging: a synthesis." Human Brain 

Mapping no. 2 (1-2):56-78. doi: 10.1002/hbm.460020107. 

Friston, K. J. 2002. "Beyond phrenology: What can neuroimaging tell us about distributed circuitry?" 

Annual Review of Neuroscience no. 25:221-250. doi: DOI 

10.1146/annurev.neuro.25.112701.142846. 

Geerligs, L., R. J. Renken, E. Saliasi, N. M. Maurits, and M. M. Lorist. 2014. "A Brain-Wide Study of 

Age-Related Changes in Functional Connectivity." Cereb Cortex. doi: 10.1093/cercor/bhu012. 

Grady, C. L., M. V. Springer, D. Hongwanishkul, A. R. McIntosh, and G. Winocur. 2006. "Age-related 

changes in brain activity across the adult lifespan." Journal of Cognitive Neuroscience no. 18 

(2):227-241. 

Hagmann, P., M. Kurant, X. Gigandet, P. Thiran, V. J. Wedeen, R. Meuli, and J. P. Thiran. 2007. 

"Mapping Human Whole-Brain Structural Networks with Diffusion MRI." Plos One no. 2 (7). 

doi: ARTN e597 

DOI 10.1371/journal.pone.0000597. 

Jagust W, D'Esposito M. 2009. Imaging the Aging Brain: Oxford University Press. 

Meier, T. B., A. S. Desphande, S. Vergun, V. A. Nair, J. Song, B. B. Biswal, M. E. Meyerand, R. M. 

Birn, and V. Prabhakaran. 2012. "Support vector machine classification and characterization of 

age-related reorganization of functional brain networks." Neuroimage no. 60 (1):601-13. doi: 

10.1016/j.neuroimage.2011.12.052. 

Meunier, D., S. Achard, A. Morcom, and E. T. Bullmore. 2009. "Age-related changes in modular 

organization of human brain functional networks." Neuroimage no. 44 (3):715-723. doi: DOI 

10.1016/j.neuroimage.2008.09.062. 

Park, H. J., and K. Friston. 2013. "Structural and functional brain networks: from connections to 

cognition." Science no. 342 (6158):1238411. doi: 10.1126/science.1238411. 

Raz, N., U. Lindenberger, K. M. Rodrigue, K. M. Kennedy, D. Head, A. Williamson, C. Dahle, D. 

Gerstorf, and J. D. Acker. 2005. "Regional brain changes in aging healthy adults: General trends, 



10 
 

individual differences and modifiers." Cerebral Cortex no. 15 (11):1676-1689. doi: DOI 

10.1093/cercor/bhi044. 

Raz, N., K. M. Rodrigue, and E. M. Haacke. 2007. "Brain aging and its modifiers: insights from in vivo 

neuromorphometry and susceptibility weighted imaging." Ann N Y Acad Sci no. 1097:84-93. doi: 

10.1196/annals.1379.018. 

Resnick, S. M., D. L. Pham, M. A. Kraut, A. B. Zonderman, and C. Davatzikos. 2003. "Longitudinal 

magnetic resonance imaging studies of older adults: A shrinking brain." Journal of Neuroscience 

no. 23 (8):3295-3301. 

Risacher, S. L., and A. J. Saykin. 2013. "Neuroimaging Biomarkers of Neurodegenerative Diseases and 

Dementia." Seminars in Neurology no. 33 (4):386-416. doi: DOI 10.1055/s-0033-1359312. 

Rubinov, M., and O. Sporns. 2010. "Complex network measures of brain connectivity: Uses and 

interpretations." Neuroimage no. 52 (3):1059-1069. doi: DOI 10.1016/j.neuroimage.2009.10.003. 

Salthouse, T. A. 1996. "The processing-speed theory of adult age differences in cognition." Psychological 

Review no. 103 (3):403-428. doi: Doi 10.1037/0033-295x.103.3.403. 

Tononi, G., O. Sporns, and G. M. Edelman. 1994. "A Measure for Brain Complexity - Relating 

Functional Segregation and Integration in the Nervous-System." Proceedings of the National 

Academy of Sciences of the United States of America no. 91 (11):5033-5037. doi: DOI 

10.1073/pnas.91.11.5033. 

van de Ven, V. G., E. Formisano, D. Prvulovic, C. H. Roeder, and D. E. J. Linden. 2004. "Functional 

connectivity as revealed by spatial independent component analysis of fMRI measurements 

during rest." Human Brain Mapping no. 22 (3):165-178. doi: Doi 10.1002/Hbm.20022. 

VanEssen, D. C., and H. A. Drury. 1997. "Structural and functional analyses of human cerebral cortex 

using a surface-based atlas." Journal of Neuroscience no. 17 (18):7079-7102. 

Wu, T., Y. Zang, L. Wang, X. Long, M. Hallett, Y. Chen, K. Li, and P. Chan. 2007. "Aging influence on 

functional connectivity of the motor network in the resting state." Neurosci Lett no. 422 (3):164-

8. doi: 10.1016/j.neulet.2007.06.011. 

 

 

 

 

 

 

 

 

 

 

 

 



11 
 

Figure 1: The geographic map of the Konigsberg Bridges. Adapted from (Alexanderson 2006).  The four 

land masses are labeled as A, B, C and D. The seven bridges are labeled as a, b, c, d, e, f and g.  

  

 

Figure 2: The graph representation of the Konigsberg Bridges—four land masses are represented by 

points and the seven bridges by lines which connect the points. Adapted from: 

http://physics.weber.edu/carroll/honors/konigsberg.htm 
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Abstract 

Resting-state functional MRI (rs-fMRI) has emerged as a powerful tool for investigating brain 

functional connectivity (FC). Research in recent years has focused on assessing the reliability of FC 

across younger subjects within and between scan-sessions. Test-retest reliability in resting-state functional 

connectivity (RSFC) has not yet been examined in older adults. In this study, we investigated age-related 

differences in reliability and stability of RSFC across scans. In addition, we examined how global signal 

regression (GSR) affects RSFC reliability and stability. Three separate resting-state scans from 29 

younger adults (18-35 yrs) and 26 older adults (55-85 yrs) were obtained from the International 

Consortium for Brain Mapping (ICBM) dataset made publically available as part of the 1000 Functional 

Connectomes project www.nitrc.org/projects/fcon_1000. 92 regions of interest (ROIs) with 5 cubic mm 

radius, derived from the default, cingulo-opercular, fronto-parietal and sensorimotor networks, were 

previously defined based on a recent study. Mean time series were extracted from each of the 92 ROIs 

from each scan and three matrices of z-transformed correlation coefficients were created for each subject, 

which were then used for evaluation of multi-scan reliability and stability. The young group showed 

higher reliability of RSFC than the old group with GSR (p-value = 0.028) and without GSR (p-value < 

0.001). Both groups showed a high degree of multi-scan stability of RSFC and no significant differences 

were found between groups. By comparing the test-retest reliability of RSFC with and without GSR 

across scans, we found significantly higher proportion of reliable connections in both groups without 

GSR, but decreased stability. Our results suggest that aging is associated with reduced reliability of RSFC 

which itself is highly stable within-subject across scans for both groups, and that GSR reduces the overall 

reliability but increases the stability in both age groups and could potentially alter group differences of 

RSFC.    

 

Keywords:  resting-state fMRI, functional connectivity, test-retest reliability, aging, global signal 

regression 
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Introduction 

Since the discovery that the human brain at rest consists of spatially distributed but functionally 

connected regions in which coherent patterns of low-frequency fluctuations in the blood oxygen level-

dependent (BOLD) signal are temporally correlated [1], resting-state functional MRI (rs-fMRI) has been 

used extensively for investigating brain functional connectivity (FC). Resting-state functional 

connectivity (RSFC) provides insight into the large scale structure of interactions between brain regions 

that support the integrated deviations of disease states from normally observed human health. These 

deviations may be a fundamental causative factor in both neuropathologic and neurodevelopmental 

conditions such as dementia [2-3], autism [4-6], schizophrenia [7-9], depression [10-11] and other 

conditions.  

The reliability and stability of the RSFC method is critical to establish in normals as well as in normal 

development and normal aging so that deviations from these healthy states can be assigned to a particular 

disease state with certainty. Here, reliability is defined as the reproducibility of functional connections for 

a given subject across scan sessions, quantified with Intraclass Correlation coefficients (ICC). Reliability 

of RSFC has been evaluated in healthy young adults [12], and in healthy children as well as adolescents 

[13]. Stability is defined as the consistency of functional connections for a given subject across scans 

(within-subject) or in a given scan session across subjects (between-subject), quantified with Kendall’s 

coefficient of concordance (W). Spatial consistency of RSFC has been demonstrated on young normal 

adults [14-16]. Although these results are encouraging, much more work needs to be done in order to 

explore normal age-related differences in RSFC. Previous studies on functional brain networks indicated 

that cost efficiency was reduced significantly in older normal people based on analyses of network 

efficiency [17], and that normal aging was associated with changes in modular organization of functional 

networks based on a graph theoretical analysis [18]. Furthermore, the modular organization of structural 

brain networks was similar between the young and middle age groups, but quite different from the old 

group based on an analysis of topological organization of structural brain networks in healthy individuals 

[19]. Another recent study found significant group-level variance in FC maps between young and old 
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groups [20]. However, to our knowledge, test-retest reliability and stability in RSFC has not yet been 

explicitly quantified in older adults. The main purpose of this study is to investigate test-retest reliability 

and stability of the RSFC parameters in both young and old groups.  

In the present study, we divided all healthy subjects into two extreme groups by age. Study participants 

were selected from the ICBM dataset. The functional connectivity in the human brain consisting of 92 

regions (Figure S1) was constructed by computing the correlation matrices across subjects and across 

each of the three scans. Similar to the method demonstrated in a recent study by Shehzad et al. [12] in 

which they assessed intersession (between-scan time-interval > 5 months), intrasession (between-scan 

time interval < 1 hour), and multi-scan (across all 3 scans) reliability and stability on 26 young adults, we 

measured multi-scan reliability and stability on both young and old adults based on region-of-interest 

(ROI) analyses. Our first goal was to compare test-retest reliability and stability of RSFC across scans 

between the young and old group.  

Global signal, the spatial average of local signals from all cerebral voxels, has been suggested as a 

nuisance regressor for artifact reduction as it reflects coherent signal fluctuations across the brain [21]. 

While some studies indicate improved fMRI results after global signal regression [22], others suggest to 

avoid global scaling in fMRI analysis as it may decrease statistical power [23] and cause anti-correlations 

[24]. Our second goal in this study was to investigate how global signal regression (GSR) affects RSFC 

and the test-retest reliability and stability. 

 

Results 

Reliability of functional connectivity 

To investigate the between-group differences of RSFC reliability, we calculated multi-scan ICCs for each 

correlation across all 3 scans for each group (Table 1). A reasonable criterion for interpreting ICC is that 

an ICC value of ≥ 0.75 is considered to be excellent/high reproducibility, ICC values in the range of 0.4 to 

0.75 indicate fair to moderate reproducibility, and an ICC value of less than 0.4 indicates low to poor 

reproducibility [25]. In the present study, a threshold of an ICC value = 0.5 was used in order to confine 
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our age- and GSR-related analyses to functional connections that were reasonably reliable. Within each 

group, multi-scan ICC values for specific correlations were variable, ranging from effectively zero to 

moderate/high. Some multi-scan ICC measures are negative, theoretically, due to relatively lower 

between-subject variability compared with within-subject variability. However, the reasons for negative 

ICC values are still unclear [26] and our analysis was based on all positive ICCs.   

 

Age-related differences in reliability of RSFC 

Using Binomial proportion test, significant (i.e., correlation is significant at the group level for each of the 

3 scans, p-value < 0.05 adjusted by FDR correction) and reliable (multi-scan ICC > 0.5) correlations was 

compared between the two groups (Figure 1; Table 2). We found that significantly higher proportion of 

reliable correlations from the young group than from the old group with GSR (p-value = 0.028; Figure 

S2) and without GSR (p-value < 0.001; Figure S3). The young group also showed significantly higher 

proportion of positive correlations as compared to the old group (p-value < 0.001) both with and without 

GSR (Table 3).  

 

Significant versus non-significant correlations 

Within each group, we tested the differences between significant and non-significant correlations using 

Wilcoxon rank-sum test, and we found that significant correlations were significantly more reliable than 

non-significant correlations (p < 0.0001 for both groups with GSR (Figure S4 a-b). The  Wilcoxon rank-

sum test was also used to test  multi-scan ICCs without GSR and it showed that significant correlations 

were significantly more reliable than non-significant correlations only for the old group (p < 0.0001), and 

there was no significant difference between them in the young group (p = 0.36). 

 

Positive versus negative correlations 

Based on binomial proportion tests, we found significantly higher proportion of positive correlations than 

negative correlations in both groups with and without GSR (p < 0.001 for all comparisons) (Figure 2). 
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Negative correlations were found in both groups with GSR but none of them survived after FDR 

correction without GSR (Figure S4 c-d). The Wilcoxon rank-sum test suggested that multi-scan ICCs for 

positive correlations were significantly greater than for negative correlations (p < 0.0001 for all 

comparisons) in both groups with GSR.  

 

Reliability and magnitude of functional connections 

For each functional connection that was significant both with and without GSR, its magnitude (i.e., 

group-averaged multi-scan correlation coefficients) was Fisher z-transformed and plotted against the 

corresponding ICC value shown in Figure 3 and 4 for each group. Linear fitting revealed a trend of higher 

correlations leading to higher ICC measures (Figure 3-4, S5). Within each group, we carried out a 

Wilcoxon signed-rank test on the ICC values of these matched pairs of significant correlations. The 

results showed that ICC values were significantly greater without GSR (p-value < 0.0001). Within each 

group, a “left shift” of correlations was observed when GSR is applied (Figure 3b and Figure 4b), 

indicating reduced magnitude of correlations due to GSR. 

 

Global signal regression factor in reliability of RSFC 

Across all the connections between ROIs, using Binomial proportion test, we found significantly more 

reliable correlations without GSR than with GSR in both groups (p-value < 0.001, Figure 1, S2-3; Table 

2), and significantly more positive correlations without GSR than with GSR (p-value < 0.001, Figure 2; 

Table 3). Within default and fronto-parietal network, we found significantly more reliable correlations 

with GSR than without GSR in both groups. However, it also showed significantly less reliable 

correlations between-network with GSR than without GSR in both groups (p-value < 0.001, Figure 5; 

Table 4). A direct comparison of ICC values with vs. without GSR was shown in Figure 6. ICC values for 

those reliable correlations (ICCs > 0.5) were reduced after GSR (i.e., regression lines were underneath the 

y=x line for ICCs > 0.5.) 
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Network analysis of significant and reliable correlations 

Among 92 ROIs, 17 in the fronto-parietal network, 19 are in the default-mode network, 23 in the cingulo-

opercular network and 33 in the sensorimotor network (Figure S1; Table S1). We found 1) highest 

number of significant and reliable correlations between regions in the sensorimotor network (Figure 5; 

Table 5), 2) least number of significant and reliable correlations between regions in the cingulo-opercular 

network in both groups with and without GSR (Figure 5; Table 5), 3) the old group had significantly less 

number of reliable correlations between-network than the young group with and without GSR (p-value < 

0.001, Figure 5; Table 6), 4) the old group had significantly more reliable correlations within fronto-

parietal and sensorimotor networks without GSR than the young group (p-value < 0.006, Figure 5; Table 

6).   

 

Group-level consistency across scans 

We also assessed the consistency of group-averaged functional connectivity across scans. Group-level 

correlation matrices were obtained by averaging all z-transformed correlation coefficients across all 

subjects for each scan and each group. The reverse transformation was run on each resulting mean 

correlation coefficient, resulting in the creation of three 1 by 4186 matrices of correlation coefficients for 

each group. Group-averaged correlations for all three scans were then plotted against each other and the 

results exhibited high consistency between any two of them for both groups (Figure 7). 

 

Stability of functional connectivity 

To investigate the stability of RSFC, we measured the consistency of correlations within and between 

subjects using Kendall’s W. More specifically, within each subject the rank order of correlations was 

evaluated across scans and within each scan session the rank order of correlations was evaluated across 

subjects. Within-subject across scans, Kendall’s W measures were variable, ranging from moderate to 

high (Table 7). Between subjects within each scan, the measures were variable and much lower than the 

measures within-subject Kendall’s W (Table 8).  
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Significant versus non-significant RSFC within subjects across scans 

We compared the Kendall’s W for significant and non-significant correlations within each subject across 

all three scans (Figure S6).  The Wilcoxon rank-sum test demonstrated that significant correlations were 

significantly more stable than non-significant correlations for both groups with and without GSR (p-value 

< 0.0001 for all comparisons).  

 

Positive versus negative RSFC within subjects across scans 

The Wilcoxon rank-sum test demonstrated that positive correlations were significantly more stable than 

negative correlations for both groups with GSR (p-value < 0.0001 for all comparisons). No negative 

correlations were observed without GSR.  

 

Age-related differences in stability of RSFC 

Using Wilcoxon rank-sum test, we found no significant difference in stability of significant correlations 

between the two groups (p-value = 0.572 with GSR and p-value = 0.136 without GSR, Figure 8). 

Similarly, no significant differences in positive correlations were found between groups (p-value = 0.794 

with GSR and p-value = 0.115 without GSR). 

 

Global signal regression factor in stability of RSFC 

The Wilcoxon rank-sum test suggested that Kendall’s W within-subject across-scan for significant 

correlations with GSR was significantly greater than without GSR for both groups (p-value < 0.0001; 

Figure 8). For positive correlations, the old group showed significantly higher stability with GSR than 

without GSR (p-value = 0.024) but no significant differences in the young group (p-value = 0.768). 

 

Stability between subjects within scan 
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We found the stability of RSFC for each scan was highly similar between subjects within scan (Figure 9) 

but much lower as compared to the stability of RSFC within subject across scans (Table 7-8). Higher 

stability of RSFC between subjects within scan was observed with GSR than without GSR (Figure 9, S7; 

Table 8).   

 

Discussion 

Growing evidence suggests that human brains undergo dynamic functional reorganizations during the 

lifespan. Resting-state functional connectivity provides insight into this large scale structural interaction 

between brain regions. The goal of the current study was to investigate age-related differences in 

reliability and stability of resting-state functional connectivity across scan sessions. We found that RSFC 

is more reliable for the young group and highly consistent for both groups, and that, consistent with 

previous studies [12, 24, 27, 28], regressing the global signal altered group differences of between-region 

functional connections.  

 

Reliability 

Highest reliability of RSFC in significant correlations 

Multi-scan ICCs for statistically significant and positive significant correlations with GSR across subjects 

in each group exhibited higher degree of test-retest reliability compared with non-significant, and/or 

negative significant correlations. Table S2 and S3 display the significant and reliable functional 

connectivity measures which were observed to be part of the same functional networks, or corresponding 

with task-evoked activations. For example, we observed the most highly reliable (multi-scan ICC = 0.81) 

correlations between regions of left parietal and right precentral gyrus which were part of sensorimotor 

network in the old group without GSR. Correspondingly, correlations between regions of dorsal frontal 

cortex (dFC) and regions of inferior parietal lobe (IPL) as part of the fronto-parietal network were highly 

reliable (multi-scan ICC = 0.76) in the young group without GSR. Regions of the right thalamus and left 
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thalamus which were part of cingulo-opercular network were highly correlated (multi-scan ICC = 0.78) in 

the young group with GSR.  Regions of right angular gyrus and left posterior cingulate cortex, part of 

default-mode network, exhibited highly reliable correlations (multi-scan ICC = 0.79) in the old group 

with GSR. These results are in agreement with task-evoked activations which have been demonstrated in 

previous studies [1, 15, 29-32].  

 

Age-related differences in reliability of RSFC 

Using the Binomial proportion test, we found significantly higher proportion of reliable correlations in the 

young group than in the old group across 92 ROIs. To further examine this difference in each correlation, 

we compared the RSFC within- and between-network and found that pronounced decreases in the 

proportion of reliable correlations between-network in the old group with and without GSR (p-value < 

0.001, Table 5-6). However, the old group also showed pronounced increases in the proportion of reliable 

correlations within-network especially without GSR (p-value < 0.006, Table 5-6)  

These findings suggest between-network connections may be more vulnerable to aging effects than 

within-network connections. This is consistent with our recent work using support vector machines which 

showed that between-network connections best differentiated older adults from younger adults based on 

their resting state functional connectivity [33].  Other studies have shown aging is associated with 

decreased functional connectivity in the DMN involving the superior and middle frontal gyrus, posterior 

cingulate cortices, and the superior parietal region [2, 20, 34-35]. Interestingly, we observed a significant 

increase in reliable connections in the DMN in the old group with GSR, whereas no significant 

differences were found in terms of the proportion of reliable correlations between the young and the old 

group without GSR. This further confirmed that group differences could be altered, or perhaps 

misinterpreted, after GSR [28].      

 

GSR-related differences in reliability of RSFC  

Binomial proportion test showed that the proportion of significant and reliable connections is significantly 
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decreased with GSR in both groups (Figure 1, S2-3; Table 2). Similarly, we observed significantly more 

positive correlations without GSR than with GSR in both group (Figure 2, Table 3). We also found that 

negative correlations were only present with GSR, exhibiting relatively low reliability (mean multi-scan 

ICCs < 0.3) and stability (multi-scan Kendall’s W within subjects < 0.6 and between subjects within scan 

≤ 0.06).These findings not only suggest higher reliability of RSFC without GSR than with GSR but also 

further confirms the observations in previous studies that GSR reduces the sensitivity for detecting true 

correlations [27] as well as negatively biases the correlations [24] and could fundamentally alter inter-

regional correlations [28], especially when examining group differences. 

 

Stability 

Age-related differences in stability of RSFC  

We examined all connections between ROIs across the pre-defined 92 seed regions using Wilcoxon rank-

sum test. A high degree of multi-scan stability of RSFC within subjects was found in both groups and no 

significant difference between groups was observed (p-value = 0.572 with GSR and p-value = 0.136 

without GSR). This suggests that functional connectivity observed from each subject is highly stable or 

consistent from scan to scan and this stability/consistency remains independent of aging effects. We also 

observed relatively lower Kendall’s W scores across all correlations within each scan between subjects 

(Table 8), suggesting high individual variability exists in RSFC. 

 

GSR-related differences in stability of RSFC  

Although GSR significantly reduced the number of reliable connections in both groups (Figure S2-3; 

Table 2-3) especially those between-network connections (Table 4), it elevated the observed stability of 

RSFC both within-subject across scans (Figure 8; Table 7) and between subjects within scan (Figure 9; 

Table 8).  These findings suggest GSR could potentially alter the pattern of RSFC in each observation 

from each subject and each scan and enhance the agreement/stability within subject from scan to scan or 

within scan from subject to subject. Furthermore, our results showed highly stable RSFC within each 
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individual across scan sessions (Age-related differences in stability of RSFC), suggesting highly 

consistent measurements of RSFC independent of aging factor. However, measures between subjects 

within each scan were relatively low, indicating the existence of individual variation. It may imply that 

variations of RSFC between individuals need further examination in order to discriminate from 

neuropathological changes.   

 

Functional brain network with normal aging  

Normal aging is associated with anatomical and functional changes as well as cognitive decline [34, 36]. 

However, the effect of aging on brain functional connectivity remains largely unknown. In the present 

study, we found fewer significant connections between ROIs from 92 pre-defined seed regions in the old 

group than in the young group. This is consistent with the observation made by Wu et al. [19], who 

investigated changes in small-world and modular organization of structural brain network with normal 

aging, demonstrating a notable decrease in the connector ratio and the intermodule connections in the old 

group. 

Conversely, we observed concomitant age-related increases in reliable functional connections within 

sensorimotor and fronto-parietal networks. The old group showed significantly higher proportion of 

reliable connections than the young group without GSR within these two networks (Figure 5; Table 5-6). 

This could be potentially explained by a compensation mechanism that the decline of reliable functional 

connections between regions with aging, especially the long range connections between networks, is 

compensated by increased functional connections within networks.  

In a recent study, Tomasi et al. [37] evaluated age-related effects on functional brain networks based on a 

sample of 913 healthy subjects using functional connectivity density mapping. In their study, global signal 

intensity was normalized across time points. They found that aging was associated with increases in long-

range functional connectivity density in somatosensory and subcortical networks and pronounced 

decreases in the DMN and dorsal attention network. In our study, we also found that aging was associated 

with significant increases in proportion of functional connections in the sensorimotor network, whereas 



24 
 

no significant differences were found in DMN between the two age groups without GSR (Figure 5; Table 

5-6). Interestingly, with GSR, there was increased proportion of reliable connections in DMN but no 

significant difference in the somatosensory network in the old group. This further draws attention to the 

issue of how global signal should be handled in data pre-processing in order to avoid the potential 

misinterpretation of group differences at functional network level. Research has shown an age-related 

reduction in occipital activity coupled with increased frontal activity, which is known as posterior-anterior 

shift in aging (PASA) [38], and age-related increases and correlations with parietal activity. In our study, 

occipital was not covered by the pre-defined seed regions, however, we observed increases in reliable 

connections in fronto-parietal network with aging without GSR (Figure 5; Table 5-6). The frontal-

parietal network is engaged by a wide range of higher level cognitive tasks and is thought to be involved 

in active and adaptive task control [39]. This increase in reliable connections within frontal-parietal 

network might compensate the age-related decline in adaptive task control.    

The cingulo-opercular network is engaged in a variety of tasks and thought to contribute to the flexible 

control of human goal-directed behavior and affect downstream sensorimotor processing through the 

stable task-set maintenance [39]. We observed the least number of reliable connections within cingulo-

opercular network in both groups without age-related differences (Table 5-6), suggesting dynamic 

changes in functional connections within this network throughout adults’ lifespan.  

Additionally, GSR plays a significant role in the observed RSFC. We conclude that GSR reduces the 

overall reliability of RSFC (Figure 1-2; Table 1-3) but increases the stability in both age groups (Figure 

8-9; Table 7-8), and that GSR affects the interpretation of group differences, especially, in each brain 

network presented in this study (Figure 5; Table 4).    

Several alternatives to global signal regression have been proposed such as applying principal 

components analysis (PCA) to resting-state fMRI time-series in order to regress out the component most 

correlated with signal of interest [40-41]. Our future work will determine the test-retest reliability of 

connectivity measures using PCA.        
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Limitations 

The age-related differences between young and old groups, presented in this study, were based on resting-

state functional connectivity among 92 pre-defined seed regions. The axial slice acquisition of the fMRI 

data prevented the inclusion of the occipital and cerebellar networks in our analysis, as several subjects 

included in the ICBM dataset did not have coverage in these regions. The use of ROIs across the whole 

brain would have been ideal in that we would be able to assess the reliability of each correlation drawn 

from an even larger sample, however, the statistical tests presented in our study still showed significant 

age-related differences in RSFC.  

Group differences in head movement have been shown by Van Dijk et al. [42] to significantly affect 

correlations between seed regions. Given our recent work [33], using the same ICBM dataset, showing 

that significantly more motion in the old group, it should be noted that the motion in older subjects was 

fairly constant from time to time point with no large spikes of motion present. Interestingly, after removal 

of motion-sensitive correlations, more than 70% of total correlations were preserved, suggesting that 

motion may account for some of the differences in connectivity observed in this study but the overall 

results should be robust based on Binomial proportion test and Wilcoxon rank-sum test.   

In the present study, we examined how GSR affects RSFC primarily due to the ongoing debate on the use 

of GSR when studying RSFC. We found GSR reduces the overall reliability in young and old groups, 

reduces the magnitude of correlations and could potentially alter group differences. As shown in Figure 

3, 4 and S5, a higher correlation leads to a higher reliability score. Therefore, the reduced reliability score 

(i.e., ICC value) for a functional connection, when global signal is removed, might be confounded by the 

reduced correlations due to GSR. But overall, GSR, as a factor of reducing correlation values, reduces 

ICC measures and thus the reliability of functional connections. Other factors such as the magnitude of 

noise and/or motion which affect correlation values could also potentially have an impact on ICC 

measures.  
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Materials and Methods 

Participants 

Resting-state fMRI data were obtained from 29 younger adults (18-35 years, mean age = 25.8 years; 13 

males/16 females) and 26 older adults (55-85 years, mean age = 64.7 years; 11 males/15 females). All 

participants are right-handed.  

 

fMRI data acquisition 

Three resting-state scans from each subject were acquired using a 3.0 Tesla scanner. Each scan consisted 

of 128 gradient-echo EPI functional volumes (TR = 2.0 seconds; 64 × 64 matrix, 23 axial slices). For 19 

out of the 29 younger adults, two scans were acquired with voxel size 4 × 4 × 5.5 mm
3
 and the third one 

was 4 × 4 × 4 mm
3
, while the other 10 subjects had all three scans with voxel size 4 × 4 × 4 mm

3
. 20 out 

of 26 older adults, two scans were acquired with voxel size 4 × 4 × 5.5 mm
3
 and the third one was 4 × 4 × 

4 mm
3
, while the other 6 subjects had all three scans with voxel size 4 × 4 × 4 mm

3
.  All individuals were 

asked to keep their eyes closed during the scan. As stated earlier, resting-state fMRI data presented in our 

study were obtained from the International Consortium for Brain Mapping (ICBM) dataset which were 

made publically available in the 1000 Functional Connectomes project 

www.nitrc.org/projects/fcon_1000. Each contributor’s respective ethics committee approved submission 

of deidentified data. The institutional review boards of NYU Langone Medical Center and New Jersey 

Medical School approved the receipt and dissemination of the data. 

 

fMRI data preprocessing 

Data were preprocessed using scripts slightly adapted from fcon_1000 using a combination of AFNI 

(version AFNI_2009_12_31_1431, http://afni.nimh.nih.gov/afni) and FSL (version 4.1.4, 

www.fmrib.ox.ac.uk/fsl). Data were first deobliqued and reoriented to RPI orientation for use in FSL. 

AFNI was then used to perform the initial preprocessing steps of 1) slice time correction for interleaved 

http://www.nitrc.org/projects/fcon_1000
http://afni.nimh.nih.gov/afni
http://www.fmrib.ox.ac.uk/fsl
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acquisition using Fourier-space time series phase-shifting, 2) motion correction to the average of the time 

series by aligning each volume to the mean image using Fourier interpolation, 3) skull stripping, and 4) 

selecting the eighth image for subsequent use in co-registration of BOLD images to the high resolution 

anatomic image. Further data preprocessing was carried out using FSL and comprised 5) spatial 

smoothing using a Gaussian kernel with FWHM = 6 mm, and 6) normalizing all volumes by a single 

scaling factor. Band-pass filtering (0.005-0.1 Hz) and detrending to remove linear and quadratic trends for 

each subject were then performed using AFNI. Masks of preprocessed data for each subject were 

generated using FSL. Functional data were then transformed into MNI152 (Montreal Neurological 

Institute 152-brain template; voxel size = 3 × 3 × 3 mm
3
) space using a three-step process: First, a 6 

degree of freedom linear affine transformation was carried out using FLIRT [43-44] to align the 

functional data into structural space. The anatomical image was then aligned to the standard MNI152 

space using a 12 degree of freedom linear affine transformation using FLIRT. The resulting 

transformation was then applied to each subject's functional dataset. 

 

Nuisance signal regression 

Signal associated with nuisance covariates consisting of global signal, white matter (WM), CSF and 6 

motion parameters obtained during the motion correction step were removed from the resulting 

preprocessed fMRI time-course data. WM and CSF masks were created by segmentation of each subject’s 

structural images and then applied to functional images to extract the WM and CSF signals. The global 

signal was calculated by averaging across all voxels in the brain. Following the regression of nuisance 

covariates, the residual signals were demeaned and re-sampled to the standard MNI-152 space (voxel size 

= 3 × 3 × 3 mm
3
). 

One goal of the current study was to examine how global signal regression (GSR) affected the reliability 

and stability of RSFC; therefore we pre-processed the data in two parallel analyses, with and without 

global signal regression (GSR).   
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Resting-state functional connectivity 

Regions of interest  

92 spherical ROIs with radius 5mm (Figure S1; Table S1), derived from several meta-analyses of task-

related fMRI studies previously defined by Dosenbach et al. [45], were selected in our study. Dosenbach 

et al. extracted time series from 160 seed regions covering several networks. Due to axial slice selection, 

not all subjects from ICBM datasets had EPI coverage of the occipital lobe and cerebellum, which 

resulted in 92 seed regions mainly consisting of  default-mode, cingulo-opercular, fronto-parietal and 

sensorimotor networks. Some subjects had no signal in these areas and therefore were not included in our 

study. 

 

Statistical methodology 

Functional connectivity 

Mean time series from each ROI were extracted, imported into MATLAB (R2010a, Mathworks), and 

correlated with that from every other ROI. Pearson correlation coefficients were calculated for each pair 

of regions for each subject and each scan. The resulting correlation coefficients were then z-transformed 

for calculations of multi-scan intraclass correlation coefficient (ICCs), or transformed into a distance 

measure in order to calculate Kendall’s coefficient concordance (Kendall’s W).  

To determine the significance of each correlation, a one-sample t-test was run on the z-transformed 

correlation coefficients for both young and old group. Group-level significance of each correlation was 

defined by a two-sided p-value of 0.05, which was then adjusted for multiple comparisons using false 

discovery rate (FDR) correction (total 4186 correlations). More specifically, a significant correlation 

needs to be significant at the group level for each of the 3 scans with p-value < 0.05 adjusted by FDR 

correction. Within each group, positive correlations were determined by a right-tailed one-sample t-test 

with a p-value of 0.05 adjusted by FDR correction. Similarly, negative correlations were determined by a 

left-tailed one-sample t-test with a p-value of 0.05 adjusted by FDR correction. 
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Reliability of functional connectivity 

We attempted to examine if significant connections observed in a first scan session would be reproducible 

within-subject in the following sessions and any changes between-subject would be due to subject 

difference. Intraclass correlation is defined as a ratio of the variance of interest over the sum of the 

variance of interest plus error [46], and has been frequently used to measure test-retest reliability in fMRI 

data [12-13], [47-48]. We calculated the third ICC values defined by Shrout and Fleiss [46] as follows:  
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,where BMS is between-subjects mean square, EMS is  residual/error mean square, and k is the number of 

scans per subject, which is 3 in our case.  

Theoretically, high ICC values suggest that compared to between-subject variability (i.e., BMS), within 

subject variability (i.e., EMS) across scans is relatively smaller, indicating high consistency or reliability 

of within-subject RSFC.  

 

Given multi-scan ICC for each correlation, we examined the effect of the following factors on the multi-

scan reliability of RSFC. 1) Statistically significance: significant correlations were compared with non-

significant correlations. 2) Patterns: significantly positive correlations were compared with that of 

significantly negative correlations. 3) Age: significant and reliable correlations in the young group were 

compared with those in the old group; 4) GSR: significant correlations obtained with GSR were compared 

with those without GSR within each group.   

 

Stability of functional connectivity 

We used Kendall’s coefficient concordance (Kendall’s W) to estimate if overall connections were 

consistent across subjects and across scans. Kendall’s W is a measure of agreement among raters based on 
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ranks rather than values, and has been used to assess the concordance of time courses within an individual 

using fMRI data [49-50]. We calculated Kendall’s W as follows:  
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where k is the number of scans or number of subjects , n is the number of  correlations, Ri is the sum rank 

of the ith correlation across scans or subjects, R is the mean of Ri’s. Kendall’s W reflects the agreement in 

the rank order of correlations across subjects or across scans. In other words, it indicates how stable 

RSFC is within-subject across scans or within-scan across subjects. As with ICCs, we examined the effect 

of the following factors on the multi-scan stability of RSFC: statistically significance, patterns, age, and 

GSR. 

 

Statistical tests 

With Binomial proportion test, one can test the hypothesis of the equality of two binomial proportions. In 

our study, it was used to test the proportion of significant correlations versus non-significant, positive 

versus negative correlations between the young and the old group. Significant and non-significant 

correlations are treated as binomial measures (i.e., 1’s and 0’s respectively) and we tested the proportion 

of 1’s in one group versus that in the other group (i.e., young vs. old). 

Within each group, we tested the differences between significant and non-significant as well as between 

positive and negative correlations using Wilcoxon rank-sum test, which is a nonparametric test allowing 

to test measures of ICC or Kendall’s W that are not normally distributed. 
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Figure Legends 

Figure 1: Effects of aging and GSR on reliability of RSFC. Frequency plots of multi-scan ICCs for 

significant and reliable correlations (i.e., p-value < 0.05 adjusted by FDR correction, ICC > 0.5) showed 

pronounced decreases in significant and reliable (SigRe) correlations with aging and GSR. (Y—Young, 

O—Old, wGSR—with GSR, woGSR—without GSR)    

 

Figure 2: Effects of aging and GSR on positive correlations. Frequency plots of multi-scan ICCs for 

significant positive correlations showed pronounced decreases in positive (Pos.) correlations with aging 

and GSR.  

 

Figure 3: Reliability of RSFC vs. magnitude of functional connections in the young group. A left shift of 

data points indicates a reduction in the magnitude of functional connections when GSR is applied. The 

Wilcoxon signed-rank test shows reduced ICC values when GSR is applied (p-value < 0.0001). Each data 

point represents a correlation that is significant both with and without GSR. Linear regression fits were 

overlaid on the data.  

 

Figure 4: Reliability of RSFC vs. magnitude of functional connections in the old group. A left shift of 

data points indicates a reduction in the magnitude of functional connections when GSR is applied. The 

Wilcoxon signed-rank test shows reduced ICC values when GSR is applied (p-value < 0.0001). Each data 

point represents a correlation that is significant both with and without GSR. Linear regression fits were 

overlaid on the data.  

 

Figure 5: Effects of aging and GSR on brain functional networks. Pie chart illustrates the proportion of 

significant and reliable functional connections within each network. Binomial proportion tests showed 

aging was associated with significant decreases in reliable connections between-network but increases 

within sensorimotor and fronto-parietal networks. Each percentage number indicates the proportion of 

functional connections within corresponding networks. 

Figure 6: Scatterplot of ICC for connections with vs. without GSR. GSR tends to reduce the reliability of 

connections (i.e., regression lines are under y = x when ICC > 0.3 for the young group and ICC > 0.15 for 

the old group). Each data point indicates a significant connection from each group. Black lines represent 

linear regression fits of the data and red lines represent y=x.    

 

Figure 7: Scan 1 vs. scan 2 vs. scan 3. Group-averaged correlations from each scan session are plotted 

against each other. High consistency of RSFC from scan to scan is observed independent of aging and 

GSR factor. Overlaid blue lines represent linear regression fits of the data points and the r-values of the fit 

represent Pearson correlations of the data points. 

 

Figure 8: Effects of aging and GSR on stability of RSFC within-subject across scans. Frequency plots of 

Kendall’s W across scan sessions for significant correlations showed pronounced decreases in Sig. 

correlations with GSR.  High stability of RSFC from scan to scan remains independent of aging effects. 

 

Figure 9: Effects of aging and GSR on stability of RSFC between-subject within scan. GSR could 

potentially enhance the agreement/stability across scan sessions from subject to subject. Each black dot 

represents Kendall’s W between subjects within each scan. Cross points represent Kendall’s W values 

averaged across three scans.   
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Table Legends 

Table 1: Multi-scan ICC measures. 

Table 2: Effects of aging and GSR on significant and reliable correlations. 

Table 3: Effects of aging and GSR on positive significant correlations. 

Table 4: Effects of GSR on brain functional networks. 

Table 5: Network analysis of significant and reliable correlations. 

Table 6: Effects of aging on brain functional networks. 

Table 7: Kendall’s W within-subject across scans. 

Table 8: Kendall’s W between-subject within scan. 

 

Supporting Information Legends 

Figure S1: Shown are 92 regions of interest (ROIs) used in this study taken from Dosenbach et al. 

(2010). All 92 ROIs are displayed on a surface rendering of the brain (ICBM 152) visualized with the 

BrainNet Viewer (http: //www.nitrc.org/projects/bnv/). Red dots represent the ROIs from the default 

mode network, yellow for fronto-parietal, green for cingulo-opercular and blue for sensorimotor network. 

 

Figure S2: Illustration of the significant and reliable functional connections with GSR in the young group 

(a) and in the old group (b). The young group showed significantly higher test-retest reliability in RSFC 

than the old group with GSR (Fisher’s exact test: p-value = 0.032).  

 

Figure S3: Illustration of the significant and reliable functional connections without GSR in the young 

group (a) and in the old group (b). The young group showed significantly higher test-retest reliability in 

RSFC than the old group without GSR (p-value < 0.001). 

 

Figure S4:  Box plots of multi-scan ICCs for significant and non-significant correlations with GSR (left), 

and without GSR (right) for young (a) versus old group (b), and for positive significant and negative 

significant correlations with GSR (left), and without GSR (right) for young (c) versus old group (d). Red 

lines represent the mean ICCs for those correlations. 

 

Figure S5:  Group-averaged multi-scan correlation coefficients plotted against their corresponding multi-

scan ICCs with GSR (left) and without GSR (right) for the young group (a) and for the old group (b). Rug 

plots are shown on each axis representing the distribution of correlations and multi-scan ICCs. Blue dots 

are multi-scan ICCs and the red lines represent the linear fitting. 

 

Figure S6:  Stability within subjects across scans. Shown are box plots of Kendall’s W for all, 

significant, non-significant, positive significant and negative significant correlations with GSR (left), and 

without GSR (right) for the young (a) versus the old group (b). Red lines represent the mean values of 

Kendall’s W within subjects across scans. 

 

Figure S7:  Stability between-subject within scans. Shown are box plots of Kendall’s W for all, 

significant, non-significant, positive significant and negative significant correlations with GSR (left), and 

without GSR (right) for the young (a) versus the old group (b). Red lines represent the mean values of 

Kendall’s W between-subject within scans. 

 

Table S1: Listed are 92 ROIs with their MNI coordinates and respective functional networks. 19 ROIs 

are from the default-mode network, 23 ROIs from the cingulo-opercular network, 17 ROIs from the 

fronto-parietal network and 33 ROIs from the sensorimotor network.   
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Table S2: Listed are significant and reliable correlations (i.e., p-value < 0.05 adjusted by FDR correction, 

ICC > 0.5) with GSR for young group (a) and old group (b) (only multi-scan ICCs > 0.6 are shown here 

due to the large number of correlations with ICC exceeding 0.5). Mean Rs are group-averaged correlation 

values from each scan.   

 

Table S3: Listed are significant and reliable correlations (i.e., p-value < 0.05 adjusted by FDR correction, 

ICC > 0.5) without GSR for young group (a) and old group (b) (only multi-scan ICCs > 0.6 are shown 

here due to the large number of correlations with ICC exceeding 0.5).  Mean Rs are group-averaged 

correlation values from each scan.  
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Table 1 Multi-scan ICC measures 

Correlations Young Old 

With GSR   

All   0.32  ± 0.14             0.27  ±  0.16 

Significant  0.35  ± 0.15 0.32  ±  0.16 

Non-significant 0.30  ± 0.14 0.26  ±  0.16 

Positive significant 0.38  ± 0.14 0.34  ±  0.16 

Negative significant 0.28  ± 0.13 0.24  ±  0.14 

Without GSR   

All   0.39 ± 0.15             0.37  ±  0.14 

Significant  0.39  ± 0.15 0.38  ±  0.14 

Non-significant 0.39  ± 0.13 0.35  ±  0.14 

Positive significant 0.39  ± 0.15 0.38  ±  0.14 

Negative significant N/A N/A 

Table 1 Listed are the mean and standard deviation of multi-scan ICCs given for all, significant, non-

significant, positive significant or negative significant correlations for each group with and without GSR.  
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Table 2 Effects of aging and GSR on significant and reliable correlations 

 Young Old 

With GSR   

All Significant  1477 1099 

Significant and Reliable            246                 153 

Proportion of Sig. and Rel.           0.167                0.139 

Without GSR   

All Significant   3478   3050 

Significant and Reliable            842                  618 

Proportion of Sig. and Rel.            0.242                 0.203 

Table 2 Binomial proportion tests demonstrated that 1) the young group had statistically more significant 

and reliable correlations (i.e., FDR corrected p-value < 0.05, ICC value > 0.5) than the old group with 

GSR (p-value = 0.028) and without GSR (p-value < 0.001), and 2) higher proportion of significant and 

reliable correlations were found without GSR than with GSR in both groups (p-value < 0.001). 
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Table 3 Effects of aging and GSR on positive significant correlations 

 Young Old 

Total number of correlations 4186 4186 

With GSR   

Positive significant 1070                  884 

Proportion of Positive 

Correlations 

            0.256                 0.211 

Negative Significant 409                  209 

Proportion of Negative 

Correlations 

            0.098                 0.050 

Without GSR   

Positive significant  3648   3304 

Proportion of Positive 

Correlations 

            0.871                 0.789 

Negative Significant                0                     0 

Table 3 Binomial proportion test demonstrated that 1) both groups had higher proportion of positive 

significant correlations than negative significant correlations (p-value < 0.001); 2) both groups had higher 

proportion of positive correlations without GSR than with GSR (p-value < 0.001). 
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Table 4 Effects of GSR on brain functional networks 

Network Young Old 

 Binomial 

ProportionTest 

p-value 

(CI=95%) 

Binomial 

ProportionTest 

p-value 

(CI=95%) 

Default  wGSR > 

woGSR  

0.001 wGSR > woGSR  < 0.001 

Fronto-parietal wGSR > 

woGSR 

< 0.001 wGSR > woGSR 0.008 

Sensorimotor Not equal 0.915 wGSR < woGSR 0.001 

Cingulo-opercular Not equal 0.444 Not equal 0.909 

Between-network  wGSR < 

woGSR 

< 0.001 wGSR < woGSR < 0.001 

Table 4 Binomial proportion test showed the proportion of reliable functional connections was 

significantly affected by GSR both within- and between-network.  
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Table 5 Network analysis of significant and reliable correlations  

Network Young Old 

With GSR   

Total # of Sig. Re. Corr. 246 153 

Default  33 (13.4%) 44 (28.8%) 

Fronto-parietal 32 (13.0%) 20 (13.1%) 

Sensorimotor 83 (33.7%) 42 (27.5%) 

Cingulo-opercular 7 (2.8%) 6 (3.9%) 

Between-network  91 (37.0%) 41 (26.8%) 

Without GSR   

Total # of Sig. Re. Corr. 842 618 

Default  49 (5.8%) 32 (5.2%) 

Fronto-parietal 26 (3.1%) 38 (6.1%) 

Sensorimotor 281 (33.4%) 247 (40.0%) 

Cingulo-opercular 32 (3.8%) 23 (3.7%) 

Between-network  454 (53.9%) 278 (45.0%) 

Table 5 Binomial proportion test demonstrated that 1) the young group had significantly more between-

network correlations than the old group with and without GSR (p-value < 0.015), and 2) both groups had 

significantly higher proportion of between-network correlations without GSR than with GSR (p-value < 

0.001). Listed in parentheses are proportions of significant and reliable correlations observed in each 

network.    
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Table 6 Effects of aging on brain functional networks 

Network Binomial 

ProportionTest 

p-value 

(CI=95%) 

With GSR   

Default  Old > Young < 0.001 

Fronto-parietal Not equal 0.985 

Sensorimotor Not equal 0.181 

Cingulo-opercular Not equal 0.570 

Between-network  Old < Young 0.015 

Without GSR   

Default  Not equal 0.594 

Fronto-parietal Old > Young 0.004 

Sensorimotor Old > Young 0.005 

Cingulo-opercular Not equal 0.938 

Between-network  Old <  Young < 0.001 

Table 6 Binomial proportion test showed the old group had significantly more reliable correlations within 

network than the young group and less reliable correlations between-network.  
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Table 7 Kendall’s W within-subject across scans. 

Functional Connections Young Old 

With GSR   

All 0.67 ± 0.06 0.64 ± 0.06 

Significant 0.77 ± 0.05 0.76 ± 0.04 

Non-significant 0.56 ± 0.07 0.54 ± 0.06 

Positive significant 0.66 ± 0.04 0.66 ± 0.04 

Negative significant 0.52 ± 0.08 0.48 ± 0.07 

Without GSR   

All 0.67 ± 0.06 0.63 ± 0.06 

Significant 0.65 ± 0.06 0.63 ± 0.06 

Non-significant 0.56 ± 0.08 0.50 ± 0.07 

Positive significant 0.65 ± 0.06 0.63 ± 0.06 

Negative significant N/A N/A 

Table 7 Listed are the mean and standard deviation of Kendall’s W within subject across scans for all, 

significant, non-significant, positive significant and negative significant correlations for both groups.  
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Table 8 Kendall’s W between-subject within scan. 

Functional 

Connections 

Young  Old 

With GSR Scan 1 Scan 2 Scan 3 Mean Scan 1 Scan 2 Scan 3 Mean 

All 0.30 0.30 0.32 0.31 0.32 0.29 0.30 0.30 

Significant 0.50 0.49 0.52 0.50 0.51 0.48 0.49 0.49 

Non-significant 0.10 0.10 0.12 0.11 0.13 0.12 0.11 0.12 

Positive significant 0.23 0.23 0.23 0.23 0.26 0.24 0.24 0.25 

Negative significant 0.06 0.06 0.06 0.06 0.05 0.03 0.03 0.04 

Without GSR         

All 0.27 0.28 0.28 0.28 0.29 0.25 0.27 0.27 

Significant 0.24 0.24 0.25 0.24 0.25 0.24 0.24 0.24 

Non-significant 0.08 0.06 0.06 0.06 0.07 0.07 0.05 0.06 

Positive significant 0.24 0.24 0.25 0.25 0.25 0.24 0.24 0.24 

Negative significant N/A N/A N/A N/A N/A N/A N/A N/A 

Table 8 Listed are the mean and standard deviation of Kendall’s W between subjects within scan for all, 

significant, non-significant, positive significant and negative significant correlations.  

 

  



48 
 

Figure 1 
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Figure 2 
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Figure 3 
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Figure 4 
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Figure 5 
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Figure 6 
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Figure 7 
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Figure 8 
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Figure 9 
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Supplementary Materials 

 

Figure S1 Shown are 92 regions of interest (ROIs) used in this study taken from Dosenbach et al. (2010). 
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Figure S2 Illustration of the significant and reliable functional connections with GSR in the young group 

(a) and in the old group (b). 

a) 

 

 

b) 
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Figure S3 Illustration of the significant and reliable functional connections without GSR in the young 

group (a) and in the old group (b). 

a) 

 

b) 
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Figure S4 Box plots of multi-scan ICCs for significant, non-significant, positive and negative correlations 

for both groups. 

a) 

            

  b) 
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 c) 

                

 

d) 
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Figure S5 Group-averaged multi-scan correlation coefficients plotted against their corresponding multi-

scan ICCs. 

 

a) 

   

 

b) 
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Figure S6 Stability within subjects across scans. 

a) 

            

 

b) 
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Figure S7 Stability between-subject within scans. 

a) 

             

 

 b) 
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Table S1 Listed are 92 ROIs with their MNI coordinates and respective functional networks. 

x y z ROI lable Network 

0 51 32 M_mPFC default 

-25 51 27 L_aPFC_2 default 

27 49 26 R_aPFC_2 cingulo-opercular 

-11 45 17 L_vmPFC default 

39 42 16 R_vlPFC fronto-parietal 

9 39 20 R_ACC default 

40 36 29 R_dlPFC_1 fronto-parietal 

23 33 47 R_sup_frontal default 

-2 30 27 M_ACC_1 cingulo-opercular 

-16 29 54 L_sup_frontal default 

-1 28 40 M_ACC_2 fronto-parietal 

46 28 31 R_dlPFC_2 fronto-parietal 

-52 28 17 L_vPFC fronto-parietal 

-44 27 33 L_dlPFC fronto-parietal 

51 23 8 R_vFC_1 cingulo-opercular 

9 20 34 R_dACC cingulo-opercular 

40 17 40 R_dFC_1 fronto-parietal 

-6 17 34 L_basal_ganglia_1 cingulo-opercular 

0 15 45 M_mFC cingulo-opercular 

58 11 14 R_frontal_1 sensorimotor 

-46 10 14 L_vFC_1 cingulo-opercular 

44 8 34 R_dFC_2 fronto-parietal 

60 8 34 R_dFC_3 sensorimotor 

-42 7 36 L_dFC fronto-parietal 

-55 7 23 L_vFC_2 sensorimotor 

-20 6 7 L_basal_ganglia_2 cingulo-opercular 

14 6 7 R_basal_ganglia_1 cingulo-opercular 

10 5 51 R_pre_SMA sensorimotor 

43 1 12 R_vFC_2 sensorimotor 

0 -1 52 M_SMA sensorimotor 

53 -3 32 R_frontal_2 sensorimotor 

58 -3 17 R_precentral_gyrus_1 sensorimotor 

-12 -3 13 L_thalamus_1 cingulo-opercular 

-42 -3 11 L_mid_insula_1 sensorimotor 

-44 -6 49 L_precentral_gyrus_1 sensorimotor 

-26 -8 54 L_parietal_1 sensorimotor 

46 -8 24 R_precentral_gyrus_2 sensorimotor 

-54 -9 23 L_precentral_gyrus_2 sensorimotor 

44 -11 38 R_precentral_gyrus_3 sensorimotor 
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-47 -12 36 L_parietal_2 sensorimotor 

33 -12 16 R_mid_insula_1 sensorimotor 

-36 -12 15 L_mid_insula_2 sensorimotor 

-12 -12 6 L_thalamus_2 cingulo-opercular 

11 -12 6 R_thalamus_1 cingulo-opercular 

32 -12 2 R_mid_insula_2 cingulo-opercular 

59 -13 8 R_temporal_1 sensorimotor 

-30 -14 1 L_mid_insula_3 cingulo-opercular 

-38 -15 59 L_parietal_3 sensorimotor 

-47 -18 50 L_parietal_4 sensorimotor 

46 -20 45 R_parietal_1 sensorimotor 

-55 -22 38 L_parietal_5 sensorimotor 

-54 -22 22 L_precentral_gyrus_3 sensorimotor 

-54 -22 9 L_temporal_1 sensorimotor 

41 -23 55 R_parietal_2 sensorimotor 

42 -24 17 R_post_insula sensorimotor 

11 -24 2 R_basal_ganglia_2 cingulo-opercular 

1 -26 31 M_post_cingulate default 

18 -27 62 R_parietal_3 sensorimotor 

-38 -27 60 L_parietal_6 sensorimotor 

-30 -28 9 L_post_insula cingulo-opercular 

-24 -30 64 L_parietal_7 sensorimotor 

51 -30 5 R_temporal_2 cingulo-opercular 

-41 -31 48 L_post_parietal_1 sensorimotor 

-41 -37 16 L_temporal_2 sensorimotor 

-53 -37 13 L_temporal_3 sensorimotor 

-3 -38 45 L_precuneus_1 default 

34 -39 65 R_sup_parietal sensorimotor 

8 -40 50 R_precuneus_1 cingulo-opercular 

-41 -40 42 L_IPL_1 fronto-parietal 

58 -41 20 R_parietal_4 cingulo-opercular 

-5 -43 25 L_post_cingulate_1 default 

9 -43 25 R_precuneus_2 default 

43 -43 8 R_temporal_3 cingulo-opercular 

54 -44 43 R_IPL_1 fronto-parietal 

-55 -44 30 L_parietal_8 cingulo-opercular 

-35 -46 48 L_post_parietal_2 fronto-parietal 

42 -46 21 R_sup_temporal cingulo-opercular 

-48 -47 49 L_IPL_2 fronto-parietal 

-41 -47 29 L_angular_gyrus_1 cingulo-opercular 

-53 -50 39 L_IPL_3 fronto-parietal 

5 -50 33 R_precuneus_3 default 

44 -52 47 R_IPL_2 fronto-parietal 
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-5 -52 17 L_post_cingulate_2 default 

10 -55 17 R_post_cingulate default 

-6 -56 29 L_precuneus_2 default 

-32 -58 46 L_IPS_1 fronto-parietal 

-11 -58 17 L_post_cingulate_3 default 

32 -59 41 R_IPS fronto-parietal 

51 -59 34 R_angular_gyrus default 

-48 -63 35 L_angular_gyrus_2 default 

11 -68 42 R_precuneus_4 default 

-36 -69 40 L_IPS_2 default 
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Table S2 Listed are significant and reliable correlations (i.e., p-value < 0.05 adjusted by FDR correction, 

ICC > 0.5) with GSR for both groups. 

a) 

Young Group 

Correlation ICC Mean R 

scan 1 

Mean 

R scan 

2 

Mean 

R scan 

3 

Networks 

R_thalamus_1 - 

L_thalamus_2 

0.78 0.63 0.61 0.61 cingulo-opercular - 

cingulo-opercular 

R_IPL_2 - R_dFC_2 0.77 0.30 0.23 0.23 fronto-parietal - fronto-

parietal 

M_ACC_2 - M_ACC_1 0.75 0.52 0.48 0.43 fronto-parietal - cingulo-

opercular 

L_precuneus_2 - 

L_post_cingulate_2 

0.72 0.71 0.72 0.69 default - default 

L_precuneus_2 - L_IPL_3 0.70 0.16 0.18 0.17 default - fronto-parietal 

L_mid_insula_2 - 

R_precentral_gyrus_2 

0.70 0.33 0.29 0.35 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

L_post_cingulate_2 

0.70 0.71 0.70 0.72 default - default 

R_angular_gyrus - 

L_precuneus_1 

0.70 0.25 0.19 0.18 default - default 

L_post_cingulate_3 - 

L_precuneus_2 

0.70 0.62 0.61 0.59 default - default 

L_precuneus_2 - R_IPL_1 0.68 -0.17 -0.18 -0.17 default - fronto-parietal 

L_IPL_2 - L_sup_frontal 0.67 0.15 0.16 0.16 fronto-parietal - default 

L_precuneus_2 - 

L_post_cingulate_1 

0.66 0.54 0.62 0.58 default - default 

L_precentral_gyrus_3 - 

L_mid_insula_2 

0.66 0.40 0.43 0.42 sensorimotor - 

sensorimotor 

L_post_cingulate_1 - 

M_post_cingulate 

0.66 0.60 0.61 0.62 default - default 

R_precentral_gyrus_3 - 

L_precentral_gyrus_2 

0.66 0.50 0.45 0.45 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

R_mid_insula_1 

0.66 0.36 0.35 0.29 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

R_precentral_gyrus_2 

0.65 0.29 0.32 0.33 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - L_IPL_2 0.65 0.17 0.23 0.23 default - fronto-parietal 
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R_IPL_1 - R_dlPFC_1 0.65 0.39 0.39 0.45 fronto-parietal - fronto-

parietal 

L_parietal_5 - 

L_precentral_gyrus_2 

0.65 0.27 0.34 0.37 sensorimotor - 

sensorimotor 

R_IPL_1 - M_mFC 0.65 0.18 0.22 0.21 fronto-parietal - cingulo-

opercular 

L_IPL_3 - L_sup_frontal 0.64 0.31 0.34 0.33 fronto-parietal - default 

R_angular_gyrus - L_IPL_3 0.64 0.32 0.38 0.37 default - fronto-parietal 

L_parietal_4 - R_frontal_2 0.64 0.25 0.31 0.35 sensorimotor - 

sensorimotor 

L_IPL_2 - L_parietal_8 0.64 0.17 0.22 0.22 fronto-parietal - cingulo-

opercular 

R_dFC_2 - 

L_basal_ganglia_1 

0.63 0.14 0.16 0.15 fronto-parietal - cingulo-

opercular 

L_precuneus_1 - 

M_post_cingulate 

0.63 0.32 0.33 0.36 default - default 

L_parietal_8 - L_dFC 0.63 0.14 0.13 0.13 cingulo-opercular - fronto-

parietal 

R_IPL_1 - R_vlPFC 0.63 0.33 0.37 0.34 fronto-parietal - fronto-

parietal 

R_frontal_2 - R_dFC_2 0.63 0.18 0.21 0.22 sensorimotor - fronto-

parietal 

R_temporal_1 - 

R_precentral_gyrus_2 

0.63 0.28 0.28 0.30 sensorimotor - 

sensorimotor 

L_IPL_3 - L_aPFC_2 0.63 0.21 0.15 0.18 fronto-parietal - default 

L_parietal_2 - 

R_precentral_gyrus_1 

0.63 0.48 0.46 0.44 sensorimotor - 

sensorimotor 

R_IPL_2 - R_dlPFC_2 0.63 0.45 0.44 0.41 fronto-parietal - fronto-

parietal 

L_IPL_2 - R_IPL_1 0.62 0.32 0.38 0.42 fronto-parietal - fronto-

parietal 

R_IPL_2 - R_dlPFC_1 0.62 0.32 0.34 0.38 fronto-parietal - fronto-

parietal 

R_precentral_gyrus_3 - 

R_frontal_2 

0.61 0.60 0.56 0.58 sensorimotor - 

sensorimotor 

L_aPFC_2 - M_mPFC 0.61 0.29 0.23 0.32 default - default 

R_precuneus_3 - 

R_precuneus_2 

0.61 0.56 0.57 0.52 default - default 

L_IPL_3 - L_post_cingulate_1 0.61 0.12 0.15 0.14 fronto-parietal - default 

L_post_cingulate_1 - 

L_vmPFC 

0.61 0.20 0.22 0.29 default - default 

L_IPS_2 - L_IPS_1 0.61 0.28 0.36 0.41 default - fronto-parietal 

L_parietal_4 - 

R_precentral_gyrus_3 

0.61 0.34 0.39 0.39 sensorimotor - 

sensorimotor 
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L_dlPFC - R_dlPFC_1 0.61 0.36 0.31 0.31 fronto-parietal - fronto-

parietal 

L_IPL_3 - R_sup_frontal 0.61 0.18 0.20 0.15 fronto-parietal - default 

L_IPL_2 - L_dFC 0.61 0.32 0.36 0.24 fronto-parietal - fronto-

parietal 

M_SMA - R_dFC_3 0.61 0.23 0.24 0.19 sensorimotor - 

sensorimotor 

R_angular_gyrus - R_dFC_3 0.61 -0.19 -0.19 -0.20 default - sensorimotor 

L_IPL_3 - L_parietal_8 0.60 0.39 0.43 0.46 fronto-parietal - cingulo-

opercular 

L_parietal_7 - R_parietal_1 0.60 0.23 0.30 0.32 sensorimotor - 

sensorimotor 

L_vFC_2 - L_vPFC 0.60 0.32 0.32 0.33 sensorimotor - fronto-

parietal 

R_IPL_2 - R_dFC_1 0.60 0.41 0.39 0.42 fronto-parietal - fronto-

parietal 

L_post_cingulate_2 - 

R_precuneus_3 

0.60 0.55 0.56 0.54 default - default 

L_post_cingulate_3 - 

L_post_cingulate_1 

0.60 0.37 0.43 0.40 default - default 

R_IPL_2 - R_vlPFC 0.60 0.31 0.34 0.30 fronto-parietal - fronto-

parietal 

 
 
 

b) 

Old Group 

Correlation ICC Mean 

R 

scan 1 

Mean 

R 

scan 2 

Mean 

R 

scan 3 

Networks 

R_angular_gyrus - 

L_post_cingulate_3 

0.79 0.35 0.24 0.31 default - default 

R_angular_gyrus - 

R_sup_frontal 

0.73 0.39 0.33 0.34 default - default 

R_dFC_2 - R_dlPFC_1 0.72 0.27 0.26 0.30 fronto-parietal - fronto-

parietal 

R_angular_gyrus - 

R_post_cingulate 

0.72 0.43 0.32 0.37 default - default 

R_angular_gyrus - 

L_post_cingulate_2 

0.71 0.41 0.33 0.36 default - default 
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L_parietal_4 - L_parietal_3 0.70 0.59 0.55 0.58 sensorimotor - 

sensorimotor 

L_parietal_3 - 

R_precentral_gyrus_3 

0.68 0.17 0.29 0.21 sensorimotor - 

sensorimotor 

R_dFC_2 - M_ACC_2 0.68 0.27 0.21 0.28 fronto-parietal - fronto-

parietal 

L_IPS_1 - L_post_parietal_2 0.68 0.52 0.53 0.53 fronto-parietal - fronto-

parietal 

R_dlPFC_2 - R_aPFC_2 0.68 0.26 0.28 0.23 fronto-parietal - cingulo-

opercular 

R_dlPFC_1 - L_aPFC_2 0.67 0.24 0.35 0.24 fronto-parietal - default 

R_dFC_2 - R_dlPFC_2 0.67 0.40 0.40 0.41 fronto-parietal - fronto-

parietal 

R_IPL_2 - L_post_parietal_2 0.66 0.17 0.22 0.22 fronto-parietal - fronto-

parietal 

L_parietal_8 - R_parietal_4 0.66 0.29 0.24 0.35 cingulo-opercular - 

cingulo-opercular 

R_precentral_gyrus_3 - 

L_vFC_2 

0.66 0.32 0.25 0.28 sensorimotor - 

sensorimotor 

L_aPFC_2 - M_mPFC 0.65 0.41 0.39 0.39 default - default 

L_precuneus_2 - 

R_post_cingulate 

0.65 0.64 0.58 0.63 default - default 

M_ACC_1 - R_dlPFC_1 0.65 0.30 0.32 0.33 cingulo-opercular - fronto-

parietal 

L_parietal_6 - L_parietal_4 0.65 0.62 0.62 0.59 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - 

R_sup_frontal 

0.65 0.23 0.21 0.22 default - default 

L_precentral_gyrus_1 - 

L_vFC_2 

0.65 0.13 0.19 0.21 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - 

L_sup_frontal 

0.65 0.39 0.29 0.31 default - default 

R_precuneus_3 - 

R_sup_temporal 

0.65 0.22 0.19 0.20 default - cingulo-opercular 

R_post_cingulate - 

R_sup_frontal 

0.64 0.29 0.21 0.22 default - default 

L_post_cingulate_2 - 

R_precuneus_2 

0.64 0.48 0.45 0.52 default - default 

R_IPL_2 - L_IPL_1 0.63 0.23 0.21 0.23 fronto-parietal - fronto-

parietal 

M_ACC_2 - L_aPFC_2 0.63 0.32 0.32 0.26 fronto-parietal - default 

R_dFC_1 - M_ACC_2 0.63 0.51 0.41 0.45 fronto-parietal - fronto-

parietal 

R_precuneus_3 - 0.63 0.36 0.30 0.28 default - default 
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R_sup_frontal 

L_post_cingulate_2 - 

R_precuneus_3 

0.63 0.55 0.54 0.51 default - default 

R_dFC_2 - R_dFC_1 0.62 0.32 0.33 0.37 fronto-parietal - fronto-

parietal 

L_sup_frontal - L_vmPFC 0.62 0.21 0.16 0.25 default - default 

L_parietal_6 - 

L_precentral_gyrus_2 

0.62 0.18 0.16 0.21 sensorimotor - 

sensorimotor 

R_post_cingulate - 

R_precuneus_3 

0.62 0.59 0.52 0.55 default - default 

L_angular_gyrus_2 - 

L_post_cingulate_3 

0.62 0.30 0.24 0.24 default - default 

R_aPFC_2 - L_aPFC_2 0.62 0.55 0.56 0.52 cingulo-opercular - default 

L_post_cingulate_3 - 

R_sup_frontal 

0.61 0.28 0.22 0.18 default - default 

L_precuneus_2 - 

L_post_cingulate_2 

0.61 0.70 0.66 0.66 default - default 

L_parietal_6 - L_parietal_2 0.61 0.23 0.18 0.22 sensorimotor - 

sensorimotor 

L_IPS_2 - L_post_cingulate_2 0.61 0.36 0.33 0.30 default - default 

L_precuneus_1 - L_parietal_5 0.60 0.16 0.14 0.25 default - sensorimotor 

M_ACC_2 - M_ACC_1 0.60 0.49 0.47 0.45 fronto-parietal - cingulo-

opercular 

L_parietal_4 - 

L_precentral_gyrus_1 

0.60 0.47 0.46 0.51 sensorimotor - 

sensorimotor 

R_angular_gyrus - R_IPS 0.60 0.19 0.25 0.18 default - fronto-parietal 

 
 
Table S3 Listed are significant and reliable correlations (i.e., p-value < 0.05 adjusted by FDR correction, 

ICC > 0.5) without GSR for both groups. 

a) 

Young Group 

Correlation ICC Mean 

R scan 

1 

Mean 

R scan 

2 

Mean 

R scan 

3 

Networks 

R_IPL_2 - R_dFC_2 0.76 0.45 0.37 0.37 fronto-parietal - fronto-

parietal 

L_IPL_1 - L_parietal_5 0.76 0.55 0.46 0.49 fronto-parietal - 

sensorimotor 
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L_parietal_4 - 

R_precentral_gyrus_1 

0.75 0.42 0.46 0.42 sensorimotor - 

sensorimotor 

L_parietal_5 - 

R_precentral_gyrus_2 

0.74 0.35 0.31 0.36 sensorimotor - 

sensorimotor 

R_thalamus_1 - L_thalamus_2 0.74 0.71 0.69 0.68 cingulo-opercular - 

cingulo-opercular 

L_parietal_4 - R_temporal_1 0.74 0.51 0.49 0.47 sensorimotor - 

sensorimotor 

L_temporal_3 - L_parietal_4 0.73 0.39 0.37 0.45 sensorimotor - 

sensorimotor 

R_parietal_3 - L_parietal_3 0.73 0.47 0.44 0.49 sensorimotor - 

sensorimotor 

R_angular_gyrus - 

L_precuneus_1 

0.73 0.43 0.37 0.40 default - default 

L_parietal_5 - 

L_precentral_gyrus_2 

0.73 0.45 0.46 0.52 sensorimotor - 

sensorimotor 

R_angular_gyrus - 

R_sup_temporal 

0.72 0.34 0.24 0.38 default - cingulo-opercular 

L_precuneus_2 - L_IPL_3 0.72 0.31 0.28 0.32 default - fronto-parietal 

R_precentral_gyrus_3 - 

L_precentral_gyrus_2 

0.72 0.62 0.54 0.57 sensorimotor - 

sensorimotor 

L_parietal_8 - L_temporal_1 0.72 0.35 0.29 0.25 cingulo-opercular - 

sensorimotor 

L_precentral_gyrus_3 - 

R_precentral_gyrus_2 

0.71 0.43 0.42 0.46 sensorimotor - 

sensorimotor 

R_temporal_1 - 

R_precentral_gyrus_3 

0.71 0.54 0.51 0.51 sensorimotor - 

sensorimotor 

R_precuneus_3 - 

R_sup_temporal 

0.71 0.35 0.27 0.37 default - cingulo-opercular 

L_mid_insula_2 - 

R_precentral_gyrus_2 

0.71 0.45 0.40 0.45 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

L_mid_insula_2 

0.71 0.56 0.56 0.55 sensorimotor - 

sensorimotor 

R_parietal_1 - 

R_precentral_gyrus_1 

0.71 0.43 0.46 0.40 sensorimotor - 

sensorimotor 

L_parietal_2 - 

R_precentral_gyrus_3 

0.71 0.70 0.66 0.68 sensorimotor - 

sensorimotor 

L_temporal_1 - L_parietal_4 0.70 0.45 0.43 0.42 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

R_mid_insula_1 

0.70 0.54 0.50 0.47 sensorimotor - 

sensorimotor 

R_temporal_2 - R_parietal_3 0.70 0.31 0.27 0.29 cingulo-opercular - 

sensorimotor 

R_parietal_4 - L_parietal_4 0.70 0.28 0.34 0.32 cingulo-opercular - 
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sensorimotor 

R_sup_parietal - 

R_temporal_1 

0.70 0.41 0.45 0.42 sensorimotor - 

sensorimotor 

R_parietal_1 - L_mid_insula_2 0.70 0.40 0.33 0.39 sensorimotor - 

sensorimotor 

L_IPL_1 - R_sup_parietal 0.70 0.37 0.38 0.39 fronto-parietal - 

sensorimotor 

L_precentral_gyrus_3 - 

L_parietal_5 

0.70 0.56 0.56 0.53 sensorimotor - 

sensorimotor 

L_IPL_1 - L_parietal_3 0.70 0.33 0.29 0.31 fronto-parietal - 

sensorimotor 

L_precuneus_2 - 

L_post_cingulate_1 

0.69 0.63 0.66 0.65 default - default 

R_sup_parietal - 

L_mid_insula_2 

0.69 0.31 0.30 0.35 sensorimotor - 

sensorimotor 

R_IPL_1 - L_vmPFC 0.69 0.12 0.15 0.10 fronto-parietal - default 

L_IPL_1 - R_parietal_2 0.69 0.39 0.31 0.37 fronto-parietal - 

sensorimotor 

L_post_parietal_1 - 

R_temporal_1 

0.69 0.46 0.47 0.39 sensorimotor - 

sensorimotor 

L_IPL_3 - L_sup_frontal 0.69 0.42 0.41 0.43 fronto-parietal - default 

R_parietal_3 - L_parietal_4 0.69 0.46 0.42 0.50 sensorimotor - 

sensorimotor 

R_parietal_1 - 

R_precentral_gyrus_2 

0.69 0.35 0.33 0.34 sensorimotor - 

sensorimotor 

R_post_cingulate - 

R_sup_temporal 

0.68 0.35 0.31 0.33 default - cingulo-opercular 

L_IPL_1 - R_parietal_1 0.68 0.43 0.38 0.43 fronto-parietal - 

sensorimotor 

L_parietal_6 - R_parietal_3 0.68 0.49 0.45 0.55 sensorimotor - 

sensorimotor 

R_parietal_2 - 

R_precentral_gyrus_2 

0.68 0.29 0.28 0.33 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

R_precuneus_1 

0.68 0.32 0.23 0.28 default - cingulo-opercular 

R_temporal_1 - 

R_precentral_gyrus_2 

0.68 0.46 0.42 0.44 sensorimotor - 

sensorimotor 

L_temporal_3 - R_parietal_1 0.68 0.41 0.39 0.44 sensorimotor - 

sensorimotor 

R_precentral_gyrus_3 - 

R_frontal_2 

0.68 0.68 0.65 0.68 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

R_precentral_gyrus_1 

0.68 0.48 0.56 0.51 sensorimotor - 

sensorimotor 

L_IPL_1 - L_parietal_4 0.68 0.37 0.32 0.34 fronto-parietal - 
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sensorimotor 

R_temporal_3 - R_temporal_2 0.68 0.51 0.48 0.51 cingulo-opercular - 

cingulo-opercular 

R_parietal_3 - R_parietal_1 0.68 0.43 0.45 0.49 sensorimotor - 

sensorimotor 

R_sup_temporal - 

R_sup_frontal 

0.68 0.22 0.16 0.23 cingulo-opercular - default 

R_temporal_2 - L_parietal_4 0.68 0.43 0.40 0.39 cingulo-opercular - 

sensorimotor 

L_temporal_2 - R_parietal_1 0.67 0.39 0.42 0.40 sensorimotor - 

sensorimotor 

R_mid_insula_1 - 

R_precentral_gyrus_3 

0.67 0.41 0.36 0.38 sensorimotor - 

sensorimotor 

L_parietal_4 - L_mid_insula_2 0.67 0.37 0.35 0.39 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

L_parietal_5 

0.67 0.58 0.62 0.55 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

R_precentral_gyrus_2 

0.67 0.26 0.26 0.29 sensorimotor - 

sensorimotor 

L_parietal_4 - R_frontal_2 0.67 0.42 0.44 0.50 sensorimotor - 

sensorimotor 

L_temporal_3 - R_parietal_2 0.67 0.34 0.32 0.38 sensorimotor - 

sensorimotor 

L_temporal_3 - L_temporal_2 0.67 0.65 0.65 0.66 sensorimotor - 

sensorimotor 

R_IPL_2 - R_frontal_1 0.67 0.26 0.31 0.31 fronto-parietal - 

sensorimotor 

L_post_cingulate_3 - 

R_temporal_2 

0.67 0.26 0.22 0.22 default - cingulo-opercular 

L_parietal_7 - R_parietal_1 0.67 0.45 0.49 0.52 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

R_precentral_gyrus_1 

0.67 0.34 0.41 0.32 sensorimotor - 

sensorimotor 

L_parietal_5 - R_parietal_1 0.67 0.58 0.54 0.58 sensorimotor - 

sensorimotor 

R_temporal_2 - L_parietal_7 0.67 0.33 0.32 0.34 cingulo-opercular - 

sensorimotor 

R_sup_parietal - 

L_post_parietal_1 

0.67 0.54 0.54 0.53 sensorimotor - 

sensorimotor 

R_precentral_gyrus_3 - 

R_precentral_gyrus_1 

0.67 0.59 0.55 0.53 sensorimotor - 

sensorimotor 

L_parietal_3 - 

R_precentral_gyrus_1 

0.66 0.34 0.39 0.34 sensorimotor - 

sensorimotor 

L_precuneus_2 - 0.66 0.32 0.22 0.28 default - cingulo-opercular 
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R_sup_temporal 

R_parietal_1 - R_frontal_2 0.66 0.44 0.47 0.49 sensorimotor - 

sensorimotor 

R_sup_temporal - L_parietal_4 0.66 0.18 0.20 0.16 cingulo-opercular - 

sensorimotor 

L_parietal_5 - L_mid_insula_2 0.66 0.42 0.41 0.41 sensorimotor - 

sensorimotor 

L_IPS_1 - 

L_precentral_gyrus_1 

0.66 0.32 0.25 0.28 fronto-parietal - 

sensorimotor 

R_parietal_1 - L_parietal_2 0.66 0.48 0.49 0.55 sensorimotor - 

sensorimotor 

L_IPS_1 - L_parietal_3 0.66 0.25 0.22 0.22 fronto-parietal - 

sensorimotor 

L_parietal_8 - M_mPFC 0.66 0.27 0.26 0.25 cingulo-opercular - default 

R_parietal_4 - L_temporal_3 0.66 0.52 0.44 0.47 cingulo-opercular - 

sensorimotor 

R_parietal_1 - R_temporal_1 0.66 0.53 0.51 0.49 sensorimotor - 

sensorimotor 

R_parietal_3 - 

R_precentral_gyrus_1 

0.66 0.30 0.34 0.37 sensorimotor - 

sensorimotor 

L_parietal_5 - R_frontal_2 0.66 0.45 0.46 0.54 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

R_precuneus_2 

0.66 0.46 0.46 0.42 default - default 

L_parietal_5 - R_mid_insula_1 0.66 0.40 0.37 0.38 sensorimotor - 

sensorimotor 

L_post_cingulate_2 - 

R_precuneus_2 

0.66 0.55 0.54 0.54 default - default 

L_post_cingulate_3 - 

L_post_parietal_2 

0.66 0.11 0.12 0.15 default - fronto-parietal 

R_IPL_1 - L_post_cingulate_1 0.66 0.17 0.14 0.12 fronto-parietal - default 

L_post_cingulate_2 - L_IPL_3 0.66 0.27 0.24 0.24 default - fronto-parietal 

L_precentral_gyrus_1 - 

R_frontal_2 

0.66 0.34 0.37 0.41 sensorimotor - 

sensorimotor 

L_parietal_3 - 

L_precentral_gyrus_2 

0.66 0.33 0.37 0.38 sensorimotor - 

sensorimotor 

L_parietal_7 - R_temporal_1 0.66 0.39 0.43 0.44 sensorimotor - 

sensorimotor 

L_temporal_2 - R_parietal_3 0.66 0.31 0.32 0.32 sensorimotor - 

sensorimotor 

L_parietal_6 - L_parietal_5 0.65 0.46 0.41 0.52 sensorimotor - 

sensorimotor 

L_parietal_5 - L_dFC 0.65 0.20 0.23 0.24 sensorimotor - fronto-

parietal 
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R_parietal_4 - L_parietal_6 0.65 0.31 0.28 0.28 cingulo-opercular - 

sensorimotor 

L_parietal_5 - 

R_precentral_gyrus_1 

0.65 0.41 0.48 0.46 sensorimotor - 

sensorimotor 

L_parietal_4 - L_parietal_2 0.65 0.51 0.53 0.59 sensorimotor - 

sensorimotor 

L_parietal_4 - 

R_precentral_gyrus_3 

0.65 0.53 0.54 0.56 sensorimotor - 

sensorimotor 

L_precuneus_1 - 

R_sup_frontal 

0.65 0.44 0.39 0.37 default - default 

L_temporal_2 - 

L_mid_insula_2 

0.65 0.52 0.49 0.51 sensorimotor - 

sensorimotor 

L_parietal_7 - R_post_insula 0.65 0.41 0.41 0.45 sensorimotor - 

sensorimotor 

L_temporal_3 - L_parietal_3 0.65 0.33 0.28 0.38 sensorimotor - 

sensorimotor 

L_IPL_1 - L_parietal_2 0.65 0.30 0.27 0.33 fronto-parietal - 

sensorimotor 

R_sup_parietal - 

R_mid_insula_1 

0.65 0.35 0.34 0.33 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

R_temporal_3 

0.65 0.24 0.20 0.20 default - cingulo-opercular 

L_parietal_2 - 

R_precentral_gyrus_2 

0.65 0.48 0.40 0.42 sensorimotor - 

sensorimotor 

R_parietal_1 - 

L_precentral_gyrus_2 

0.65 0.46 0.43 0.47 sensorimotor - 

sensorimotor 

R_precentral_gyrus_2 - 

L_precentral_gyrus_1 

0.65 0.25 0.24 0.23 sensorimotor - 

sensorimotor 

L_parietal_8 - L_temporal_2 0.65 0.30 0.28 0.20 cingulo-opercular - 

sensorimotor 

L_parietal_4 - 

R_precentral_gyrus_2 

0.65 0.30 0.29 0.34 sensorimotor - 

sensorimotor 

L_parietal_5 - M_ACC_2 0.65 0.25 0.22 0.19 sensorimotor - fronto-

parietal 

L_precuneus_2 - R_IPL_2 0.65 0.17 0.18 0.14 default - fronto-parietal 

L_post_cingulate_3 - 

L_post_parietal_1 

0.65 0.19 0.15 0.17 default - sensorimotor 

L_angular_gyrus_1 - M_mPFC 0.65 0.30 0.27 0.25 cingulo-opercular - default 

L_parietal_7 - L_parietal_5 0.65 0.44 0.43 0.46 sensorimotor - 

sensorimotor 

R_parietal_2 - M_ACC_2 0.65 0.24 0.18 0.12 sensorimotor - fronto-

parietal 

R_temporal_2 - L_thalamus_2 0.65 0.27 0.30 0.23 cingulo-opercular - 

cingulo-opercular 
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L_parietal_7 - L_mid_insula_2 0.65 0.36 0.33 0.35 sensorimotor - 

sensorimotor 

R_parietal_3 - R_parietal_2 0.64 0.46 0.44 0.46 sensorimotor - 

sensorimotor 

L_mid_insula_2 - 

R_precentral_gyrus_3 

0.64 0.42 0.39 0.41 sensorimotor - 

sensorimotor 

R_precentral_gyrus_3 - 

R_precentral_gyrus_2 

0.64 0.51 0.44 0.43 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

R_parietal_1 

0.64 0.46 0.45 0.45 sensorimotor - 

sensorimotor 

R_parietal_3 - R_temporal_1 0.64 0.37 0.38 0.42 sensorimotor - 

sensorimotor 

R_sup_parietal - R_parietal_2 0.64 0.61 0.60 0.59 sensorimotor - 

sensorimotor 

L_parietal_7 - 

L_precentral_gyrus_1 

0.64 0.39 0.39 0.42 sensorimotor - 

sensorimotor 

L_parietal_2 - 

R_precentral_gyrus_1 

0.64 0.60 0.56 0.56 sensorimotor - 

sensorimotor 

R_temporal_2 - L_parietal_3 0.64 0.35 0.30 0.36 cingulo-opercular - 

sensorimotor 

L_parietal_7 - 

R_precentral_gyrus_1 

0.64 0.31 0.38 0.37 sensorimotor - 

sensorimotor 

R_angular_gyrus - 

L_post_cingulate_3 

0.64 0.48 0.41 0.45 default - default 

R_sup_parietal - 

R_precentral_gyrus_2 

0.64 0.24 0.27 0.33 sensorimotor - 

sensorimotor 

R_angular_gyrus - 

R_post_cingulate 

0.64 0.56 0.48 0.55 default - default 

R_frontal_2 - L_dFC 0.64 0.25 0.24 0.25 sensorimotor - fronto-

parietal 

L_post_cingulate_3 - 

L_parietal_7 

0.64 0.25 0.20 0.20 default - sensorimotor 

L_temporal_3 - R_temporal_1 0.64 0.58 0.55 0.59 sensorimotor - 

sensorimotor 

R_temporal_1 - L_dFC 0.64 0.25 0.22 0.16 sensorimotor - fronto-

parietal 

R_temporal_3 - L_parietal_4 0.64 0.23 0.28 0.24 cingulo-opercular - 

sensorimotor 

L_basal_ganglia_2 - R_dFC_3 0.64 0.23 0.20 0.19 cingulo-opercular - 

sensorimotor 

L_parietal_6 - R_temporal_1 0.64 0.44 0.42 0.43 sensorimotor - 

sensorimotor 

R_precuneus_4 - 

R_angular_gyrus 

0.64 0.22 0.27 0.26 default - default 
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R_parietal_3 - L_temporal_1 0.64 0.35 0.33 0.34 sensorimotor - 

sensorimotor 

R_precuneus_1 - 

L_temporal_2 

0.64 0.38 0.36 0.32 cingulo-opercular - 

sensorimotor 

R_parietal_1 - R_mid_insula_1 0.64 0.39 0.33 0.38 sensorimotor - 

sensorimotor 

R_parietal_3 - R_mid_insula_1 0.64 0.31 0.28 0.35 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

L_parietal_7 

0.64 0.48 0.49 0.48 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

L_post_cingulate_1 

0.64 0.51 0.52 0.52 default - default 

L_parietal_5 - R_temporal_1 0.64 0.51 0.52 0.47 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

R_parietal_3 

0.64 0.41 0.36 0.42 sensorimotor - 

sensorimotor 

R_parietal_4 - L_temporal_2 0.63 0.44 0.42 0.40 cingulo-opercular - 

sensorimotor 

L_post_cingulate_3 - 

R_basal_ganglia_2 

0.63 0.26 0.26 0.26 default - cingulo-opercular 

R_precuneus_3 - L_IPL_3 0.63 0.39 0.33 0.34 default - fronto-parietal 

R_dFC_2 - L_vPFC 0.63 0.41 0.45 0.41 fronto-parietal - fronto-

parietal 

R_angular_gyrus - 

L_post_cingulate_2 

0.63 0.55 0.52 0.53 default - default 

R_sup_parietal - 

R_temporal_2 

0.63 0.35 0.34 0.33 sensorimotor - cingulo-

opercular 

R_basal_ganglia_1 - R_dFC_3 0.63 0.27 0.26 0.20 cingulo-opercular - 

sensorimotor 

R_IPL_2 - R_precuneus_3 0.63 0.31 0.30 0.28 fronto-parietal - default 

R_sup_parietal - L_parietal_7 0.63 0.63 0.59 0.62 sensorimotor - 

sensorimotor 

L_parietal_6 - 

R_precentral_gyrus_1 

0.63 0.33 0.35 0.32 sensorimotor - 

sensorimotor 

R_temporal_2 - L_parietal_5 0.63 0.38 0.34 0.38 cingulo-opercular - 

sensorimotor 

L_temporal_1 - 

R_precentral_gyrus_2 

0.63 0.39 0.35 0.37 sensorimotor - 

sensorimotor 

R_IPL_1 - M_mPFC 0.63 0.21 0.18 0.17 fronto-parietal - default 

R_parietal_1 - M_ACC_2 0.63 0.25 0.21 0.18 sensorimotor - fronto-

parietal 

R_parietal_2 - L_mid_insula_2 0.63 0.37 0.32 0.36 sensorimotor - 

sensorimotor 

R_precuneus_3 - 0.63 0.61 0.61 0.56 default - default 
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R_precuneus_2 

L_IPL_3 - L_temporal_3 0.63 0.21 0.13 0.15 fronto-parietal - 

sensorimotor 

R_temporal_3 - 

L_precentral_gyrus_1 

0.63 0.28 0.30 0.28 cingulo-opercular - 

sensorimotor 

R_sup_temporal - R_dFC_2 0.63 0.29 0.24 0.22 cingulo-opercular - fronto-

parietal 

L_IPL_1 - 

L_precentral_gyrus_2 

0.63 0.27 0.22 0.27 fronto-parietal - 

sensorimotor 

R_parietal_3 - R_post_insula 0.63 0.39 0.34 0.41 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

L_temporal_3 

0.63 0.27 0.28 0.27 default - sensorimotor 

R_mid_insula_1 - 

R_precentral_gyrus_2 

0.63 0.40 0.42 0.44 sensorimotor - 

sensorimotor 

L_post_cingulate_3 - 

R_sup_temporal 

0.63 0.30 0.25 0.28 default - cingulo-opercular 

L_post_parietal_1 - 

R_parietal_2 

0.63 0.62 0.55 0.58 sensorimotor - 

sensorimotor 

R_post_cingulate - 

R_precuneus_2 

0.63 0.54 0.52 0.49 default - default 

R_temporal_3 - 

R_sup_parietal 

0.63 0.21 0.25 0.22 cingulo-opercular - 

sensorimotor 

R_parietal_3 - 

L_precentral_gyrus_1 

0.63 0.33 0.33 0.37 sensorimotor - 

sensorimotor 

R_parietal_2 - 

L_precentral_gyrus_3 

0.63 0.39 0.40 0.40 sensorimotor - 

sensorimotor 

L_parietal_6 - L_parietal_3 0.63 0.67 0.69 0.72 sensorimotor - 

sensorimotor 

L_post_cingulate_1 - 

L_temporal_1 

0.62 0.26 0.23 0.24 default - sensorimotor 

R_sup_parietal - 

L_precentral_gyrus_3 

0.62 0.40 0.43 0.40 sensorimotor - 

sensorimotor 

L_IPL_1 - R_mid_insula_1 0.62 0.21 0.19 0.19 fronto-parietal - 

sensorimotor 

R_IPL_2 - L_IPL_3 0.62 0.41 0.47 0.51 fronto-parietal - fronto-

parietal 

L_angular_gyrus_2 - 

L_aPFC_2 

0.62 0.35 0.25 0.36 default - default 

L_temporal_2 - 

R_precentral_gyrus_2 

0.62 0.36 0.34 0.36 sensorimotor - 

sensorimotor 

L_parietal_4 - 

L_precentral_gyrus_2 

0.62 0.47 0.44 0.49 sensorimotor - 

sensorimotor 

R_parietal_4 - L_parietal_7 0.62 0.30 0.30 0.31 cingulo-opercular - 
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sensorimotor 

L_IPL_2 - L_post_parietal_1 0.62 0.25 0.19 0.19 fronto-parietal - 

sensorimotor 

R_parietal_3 - 

R_precentral_gyrus_2 

0.62 0.19 0.26 0.32 sensorimotor - 

sensorimotor 

R_parietal_1 - L_dFC 0.62 0.24 0.18 0.18 sensorimotor - fronto-

parietal 

L_temporal_2 - 

L_post_parietal_1 

0.62 0.37 0.41 0.32 sensorimotor - 

sensorimotor 

R_sup_parietal - 

R_precentral_gyrus_1 

0.62 0.34 0.41 0.36 sensorimotor - 

sensorimotor 

L_IPL_1 - L_parietal_7 0.62 0.31 0.30 0.30 fronto-parietal - 

sensorimotor 

R_precentral_gyrus_2 - 

R_frontal_2 

0.62 0.55 0.51 0.51 sensorimotor - 

sensorimotor 

L_IPL_1 - 

R_precentral_gyrus_2 

0.62 0.20 0.14 0.22 fronto-parietal - 

sensorimotor 

L_parietal_5 - L_parietal_3 0.62 0.47 0.41 0.51 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - 

R_sup_temporal 

0.62 0.23 0.12 0.25 default - cingulo-opercular 

L_IPL_2 - L_sup_frontal 0.62 0.29 0.27 0.29 fronto-parietal - default 

R_parietal_2 - R_temporal_1 0.62 0.48 0.45 0.44 sensorimotor - 

sensorimotor 

L_parietal_8 - L_parietal_2 0.62 0.24 0.22 0.19 cingulo-opercular - 

sensorimotor 

L_post_cingulate_3 - 

L_angular_gyrus_1 

0.62 0.25 0.23 0.22 default - cingulo-opercular 

R_angular_gyrus - R_IPL_1 0.62 0.26 0.31 0.31 default - fronto-parietal 

R_parietal_1 - L_parietal_4 0.62 0.61 0.60 0.64 sensorimotor - 

sensorimotor 

L_temporal_2 - 

R_precentral_gyrus_1 

0.62 0.42 0.46 0.46 sensorimotor - 

sensorimotor 

R_IPS - R_sup_temporal 0.62 0.25 0.17 0.22 fronto-parietal - cingulo-

opercular 

L_post_parietal_1 - 

R_frontal_2 

0.62 0.33 0.37 0.37 sensorimotor - 

sensorimotor 

L_vFC_2 - L_vPFC 0.62 0.46 0.44 0.46 sensorimotor - fronto-

parietal 

L_post_parietal_2 - 

L_parietal_5 

0.62 0.49 0.45 0.46 fronto-parietal - 

sensorimotor 

R_sup_temporal - L_parietal_7 0.62 0.18 0.20 0.14 cingulo-opercular - 

sensorimotor 

R_temporal_3 - L_parietal_7 0.62 0.23 0.20 0.19 cingulo-opercular - 
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sensorimotor 

R_post_cingulate - 

L_parietal_7 

0.62 0.27 0.20 0.21 default - sensorimotor 

L_precentral_gyrus_2 - 

R_precentral_gyrus_2 

0.62 0.58 0.54 0.56 sensorimotor - 

sensorimotor 

R_sup_parietal - R_parietal_3 0.62 0.57 0.55 0.58 sensorimotor - 

sensorimotor 

L_post_cingulate_2 - 

L_post_cingulate_1 

0.62 0.72 0.69 0.71 default - default 

R_parietal_4 - R_sup_parietal 0.62 0.25 0.31 0.33 cingulo-opercular - 

sensorimotor 

L_IPL_1 - L_temporal_2 0.61 0.28 0.28 0.24 fronto-parietal - 

sensorimotor 

L_parietal_2 - 

L_precentral_gyrus_2 

0.61 0.66 0.60 0.63 sensorimotor - 

sensorimotor 

L_IPL_1 - L_dFC 0.61 0.34 0.35 0.37 fronto-parietal - fronto-

parietal 

L_IPS_2 - L_IPS_1 0.61 0.45 0.50 0.56 default - fronto-parietal 

R_post_cingulate - 

R_precuneus_1 

0.61 0.35 0.24 0.31 default - cingulo-opercular 

L_IPS_1 - R_mid_insula_1 0.61 0.13 0.12 0.18 fronto-parietal - 

sensorimotor 

L_precentral_gyrus_1 - 

L_vPFC 

0.61 0.34 0.27 0.30 sensorimotor - fronto-

parietal 

L_parietal_6 - 

R_precentral_gyrus_2 

0.61 0.21 0.22 0.30 sensorimotor - 

sensorimotor 

R_parietal_2 - M_mFC 0.61 0.31 0.23 0.21 sensorimotor - cingulo-

opercular 

R_ACC - M_mPFC 0.61 0.38 0.36 0.36 default - default 

L_IPL_2 - L_IPL_1 0.61 0.45 0.45 0.43 fronto-parietal - fronto-

parietal 

L_post_cingulate_3 - 

R_post_insula 

0.61 0.29 0.29 0.31 default - sensorimotor 

L_temporal_2 - R_post_insula 0.61 0.61 0.61 0.63 sensorimotor - 

sensorimotor 

L_parietal_8 - 

L_precentral_gyrus_1 

0.61 0.27 0.25 0.27 cingulo-opercular - 

sensorimotor 

L_thalamus_2 - 

R_mid_insula_1 

0.61 0.30 0.31 0.25 cingulo-opercular - 

sensorimotor 

L_parietal_1 - 

L_precentral_gyrus_1 

0.61 0.40 0.35 0.43 sensorimotor - 

sensorimotor 

L_IPL_2 - L_parietal_4 0.61 0.20 0.12 0.13 fronto-parietal - 

sensorimotor 

L_angular_gyrus_1 - L_dlPFC 0.61 0.26 0.29 0.30 cingulo-opercular - fronto-
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parietal 

L_temporal_2 - L_parietal_7 0.61 0.35 0.37 0.35 sensorimotor - 

sensorimotor 

R_precuneus_2 - 

L_temporal_1 

0.61 0.17 0.22 0.18 default - sensorimotor 

R_parietal_4 - R_parietal_2 0.61 0.28 0.26 0.30 cingulo-opercular - 

sensorimotor 

R_IPL_2 - L_post_cingulate_1 0.61 0.29 0.27 0.22 fronto-parietal - default 

R_parietal_2 - 

L_precentral_gyrus_2 

0.61 0.38 0.38 0.40 sensorimotor - 

sensorimotor 

L_mid_insula_2 - 

R_mid_insula_1 

0.61 0.62 0.59 0.58 sensorimotor - 

sensorimotor 

L_IPL_1 - R_temporal_1 0.61 0.35 0.30 0.29 fronto-parietal - 

sensorimotor 

L_post_parietal_2 - 

R_mid_insula_1 

0.61 0.20 0.22 0.24 fronto-parietal - 

sensorimotor 

R_sup_temporal - 

R_parietal_4 

0.61 0.56 0.57 0.55 cingulo-opercular - 

cingulo-opercular 

L_IPL_2 - L_post_parietal_2 0.61 0.51 0.51 0.47 fronto-parietal - fronto-

parietal 

L_temporal_3 - L_parietal_6 0.61 0.35 0.30 0.38 sensorimotor - 

sensorimotor 

L_angular_gyrus_1 - 

L_sup_frontal 

0.61 0.29 0.28 0.32 cingulo-opercular - default 

L_parietal_8 - L_sup_frontal 0.61 0.21 0.22 0.28 cingulo-opercular - default 

R_sup_parietal - 

R_post_insula 

0.61 0.44 0.44 0.45 sensorimotor - 

sensorimotor 

L_parietal_4 - R_mid_insula_1 0.61 0.34 0.38 0.38 sensorimotor - 

sensorimotor 

L_parietal_3 - L_mid_insula_2 0.61 0.36 0.29 0.30 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

R_mid_insula_1 

0.61 0.34 0.35 0.29 sensorimotor - 

sensorimotor 

R_temporal_2 - 

L_precentral_gyrus_1 

0.61 0.44 0.38 0.42 cingulo-opercular - 

sensorimotor 

R_parietal_2 - L_parietal_4 0.61 0.60 0.60 0.66 sensorimotor - 

sensorimotor 

L_temporal_1 - L_thalamus_2 0.61 0.38 0.32 0.23 sensorimotor - cingulo-

opercular 

L_post_cingulate_2 - 

L_post_parietal_1 

0.61 0.19 0.18 0.17 default - sensorimotor 

R_precuneus_2 - R_parietal_4 0.61 0.23 0.25 0.19 default - cingulo-opercular 

L_temporal_2 - R_temporal_1 0.61 0.60 0.58 0.61 sensorimotor - 

sensorimotor 
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L_parietal_8 - L_vmPFC 0.61 0.27 0.28 0.23 cingulo-opercular - default 

L_angular_gyrus_1 - 

L_temporal_3 

0.60 0.24 0.23 0.22 cingulo-opercular - 

sensorimotor 

L_temporal_2 - L_parietal_4 0.60 0.37 0.38 0.39 sensorimotor - 

sensorimotor 

L_parietal_7 - L_parietal_6 0.60 0.61 0.60 0.65 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - R_IPL_2 0.60 0.32 0.34 0.34 default - fronto-parietal 

L_angular_gyrus_2 - 

L_parietal_8 

0.60 0.27 0.21 0.29 default - cingulo-opercular 

R_mid_insula_1 - 

L_precentral_gyrus_2 

0.60 0.46 0.45 0.45 sensorimotor - 

sensorimotor 

R_precuneus_3 - L_parietal_8 0.60 0.20 0.15 0.17 default - cingulo-opercular 

R_angular_gyrus - 

R_precuneus_2 

0.60 0.44 0.48 0.43 default - default 

L_parietal_7 - 

R_precentral_gyrus_2 

0.60 0.22 0.27 0.31 sensorimotor - 

sensorimotor 

L_temporal_3 - 

R_mid_insula_1 

0.60 0.43 0.41 0.47 sensorimotor - 

sensorimotor 

R_temporal_3 - L_vPFC 0.60 0.20 0.13 0.22 cingulo-opercular - fronto-

parietal 

L_parietal_5 - 

R_precentral_gyrus_3 

0.60 0.52 0.56 0.58 sensorimotor - 

sensorimotor 

L_precentral_gyrus_1 - 

R_precentral_gyrus_1 

0.60 0.36 0.33 0.35 sensorimotor - 

sensorimotor 

R_precuneus_3 - R_parietal_4 0.60 0.26 0.26 0.26 default - cingulo-opercular 

L_temporal_2 - R_parietal_2 0.60 0.35 0.35 0.36 sensorimotor - 

sensorimotor 

L_parietal_6 - L_parietal_4 0.60 0.64 0.59 0.67 sensorimotor - 

sensorimotor 

L_IPS_2 - L_post_parietal_2 0.60 0.25 0.24 0.28 default - fronto-parietal 

R_dFC_2 - R_ACC 0.60 0.29 0.22 0.20 fronto-parietal - default 

R_parietal_2 - L_parietal_5 0.60 0.47 0.45 0.49 sensorimotor - 

sensorimotor 

R_temporal_2 - R_parietal_1 0.60 0.41 0.35 0.40 cingulo-opercular - 

sensorimotor 

L_post_parietal_2 - 

L_precentral_gyrus_1 

0.60 0.36 0.36 0.42 fronto-parietal - 

sensorimotor 

R_sup_parietal - L_temporal_3 0.60 0.34 0.35 0.36 sensorimotor - 

sensorimotor 

R_mid_insula_2 - 

L_thalamus_2 

0.60 0.42 0.41 0.38 cingulo-opercular - 

cingulo-opercular 

R_parietal_3 - L_mid_insula_2 0.60 0.29 0.29 0.34 sensorimotor - 

sensorimotor 
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R_parietal_4 - R_dFC_1 0.60 0.25 0.25 0.21 cingulo-opercular - fronto-

parietal 

R_IPS - M_post_cingulate 0.60 0.30 0.30 0.23 fronto-parietal - default 

R_parietal_3 - L_parietal_2 0.60 0.33 0.34 0.37 sensorimotor - 

sensorimotor 

L_mid_insula_2 - 

R_basal_ganglia_1 

0.60 0.28 0.21 0.15 sensorimotor - cingulo-

opercular 

L_IPL_1 - M_ACC_2 0.60 0.27 0.33 0.27 fronto-parietal - fronto-

parietal 

R_parietal_4 - 

L_precentral_gyrus_3 

0.60 0.43 0.41 0.38 cingulo-opercular - 

sensorimotor 

R_IPL_2 - R_dFC_3 0.60 0.22 0.18 0.22 fronto-parietal - 

sensorimotor 

R_temporal_3 - 

R_precentral_gyrus_3 

0.60 0.27 0.26 0.22 cingulo-opercular - 

sensorimotor 

L_post_cingulate_3 - 

R_sup_parietal 

0.60 0.19 0.13 0.19 default - sensorimotor 

L_parietal_8 - R_temporal_1 0.60 0.34 0.29 0.24 cingulo-opercular - 

sensorimotor 

L_IPL_3 - L_precuneus_1 0.60 0.39 0.40 0.38 fronto-parietal - default 

L_parietal_8 - L_temporal_3 0.60 0.40 0.33 0.26 cingulo-opercular - 

sensorimotor 

 
 

b) 

Old Group 

Correlations ICC Mean 

R 

scan 1 

Mean 

R 

scan 2 

Mean 

R scan 

3 

Networks 

L_parietal_3 - 

R_precentral_gyrus_3 

0.81 0.40 0.51 0.41 sensorimotor - 

sensorimotor 

L_precuneus_1 - 

L_temporal_3 

0.78 0.21 0.30 0.20 default - sensorimotor 

L_parietal_4 - L_parietal_3 0.75 0.72 0.71 0.70 sensorimotor - 

sensorimotor 

R_IPL_2 - L_post_parietal_2 0.72 0.35 0.42 0.35 fronto-parietal - fronto-

parietal 

R_precuneus_3 - L_parietal_8 0.72 0.28 0.23 0.25 default - cingulo-opercular 

L_precuneus_2 - L_parietal_8 0.72 0.21 0.20 0.24 default - cingulo-opercular 

R_precentral_gyrus_2 - 

R_precentral_gyrus_1 

0.72 0.66 0.61 0.57 sensorimotor - 

sensorimotor 
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R_temporal_1 - 

R_precentral_gyrus_2 

0.72 0.49 0.42 0.42 sensorimotor - 

sensorimotor 

L_precentral_gyrus_3 - 

L_precentral_gyrus_1 

0.72 0.26 0.30 0.19 sensorimotor - 

sensorimotor 

R_precuneus_3 - R_parietal_4 0.71 0.25 0.31 0.31 default - cingulo-opercular 

L_mid_insula_2 - 

R_precentral_gyrus_3 

0.71 0.27 0.25 0.19 sensorimotor - 

sensorimotor 

R_parietal_1 - L_mid_insula_2 0.71 0.24 0.19 0.14 sensorimotor - 

sensorimotor 

L_parietal_3 - 

R_precentral_gyrus_2 

0.70 0.29 0.26 0.24 sensorimotor - 

sensorimotor 

R_precentral_gyrus_1 - 

L_vFC_2 

0.70 0.49 0.43 0.45 sensorimotor - 

sensorimotor 

R_precuneus_1 - 

R_precentral_gyrus_2 

0.70 0.26 0.22 0.21 cingulo-opercular - 

sensorimotor 

L_precuneus_1 - R_dFC_3 0.70 0.30 0.34 0.27 default - sensorimotor 

L_temporal_1 - R_temporal_1 0.70 0.68 0.64 0.66 sensorimotor - 

sensorimotor 

L_precuneus_1 - R_frontal_2 0.69 0.32 0.36 0.33 default - sensorimotor 

L_temporal_3 - L_parietal_4 0.69 0.32 0.39 0.29 sensorimotor - 

sensorimotor 

L_parietal_8 - R_parietal_4 0.69 0.45 0.40 0.44 cingulo-opercular - 

cingulo-opercular 

R_dFC_2 - R_dlPFC_2 0.69 0.52 0.55 0.49 fronto-parietal - fronto-

parietal 

L_temporal_2 - L_temporal_1 0.69 0.58 0.54 0.62 sensorimotor - 

sensorimotor 

L_temporal_2 - R_temporal_1 0.69 0.51 0.46 0.50 sensorimotor - 

sensorimotor 

R_dFC_2 - M_ACC_2 0.69 0.43 0.40 0.39 fronto-parietal - fronto-

parietal 

R_dFC_2 - R_dFC_1 0.69 0.46 0.49 0.45 fronto-parietal - fronto-

parietal 

L_parietal_4 - L_mid_insula_2 0.69 0.26 0.23 0.20 sensorimotor - 

sensorimotor 

R_IPL_1 - M_ACC_2 0.69 0.42 0.42 0.31 fronto-parietal - fronto-

parietal 

R_precentral_gyrus_3 - 

L_vFC_2 

0.69 0.45 0.39 0.39 sensorimotor - 

sensorimotor 

R_precuneus_3 - 

R_sup_temporal 

0.68 0.34 0.37 0.28 default - cingulo-opercular 

R_precuneus_1 - 

R_mid_insula_1 

0.68 0.23 0.23 0.18 cingulo-opercular - 

sensorimotor 

L_parietal_6 - 0.68 0.28 0.27 0.28 sensorimotor - 
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R_precentral_gyrus_2 sensorimotor 

R_precentral_gyrus_3 - 

R_precentral_gyrus_1 

0.68 0.47 0.46 0.44 sensorimotor - 

sensorimotor 

L_IPS_1 - L_post_parietal_2 0.68 0.65 0.68 0.64 fronto-parietal - fronto-

parietal 

L_aPFC_2 - M_mPFC 0.68 0.52 0.49 0.48 default - default 

L_temporal_2 - L_parietal_4 0.68 0.30 0.25 0.21 sensorimotor - 

sensorimotor 

R_frontal_2 - L_vFC_2 0.68 0.51 0.48 0.49 sensorimotor - 

sensorimotor 

R_dlPFC_2 - L_aPFC_2 0.68 0.36 0.37 0.28 fronto-parietal - default 

R_sup_frontal - R_dlPFC_1 0.68 0.30 0.30 0.25 default - fronto-parietal 

R_temporal_2 - 

L_mid_insula_2 

0.68 0.35 0.28 0.27 cingulo-opercular - 

sensorimotor 

R_dlPFC_2 - R_ACC 0.68 0.23 0.31 0.22 fronto-parietal - default 

R_precuneus_1 - 

L_temporal_1 

0.67 0.36 0.43 0.34 cingulo-opercular - 

sensorimotor 

L_temporal_1 - L_parietal_2 0.67 0.36 0.37 0.32 sensorimotor - 

sensorimotor 

R_parietal_3 - L_parietal_4 0.67 0.57 0.55 0.51 sensorimotor - 

sensorimotor 

R_parietal_2 - L_mid_insula_2 0.67 0.26 0.24 0.18 sensorimotor - 

sensorimotor 

R_parietal_1 - R_vFC_2 0.67 0.24 0.26 0.19 sensorimotor - 

sensorimotor 

R_basal_ganglia_2 - M_mPFC 0.67 0.21 0.15 0.16 cingulo-opercular - default 

L_angular_gyrus_2 - 

L_sup_frontal 

0.67 0.45 0.40 0.38 default - default 

R_post_insula - L_temporal_1 0.67 0.52 0.52 0.51 sensorimotor - 

sensorimotor 

R_dlPFC_1 - L_aPFC_2 0.67 0.37 0.45 0.35 fronto-parietal - default 

R_angular_gyrus - 

L_post_cingulate_3 

0.67 0.44 0.42 0.42 default - default 

L_parietal_6 - L_parietal_2 0.66 0.44 0.42 0.40 sensorimotor - 

sensorimotor 

L_parietal_4 - 

R_precentral_gyrus_3 

0.66 0.54 0.61 0.55 sensorimotor - 

sensorimotor 

R_IPS - R_dFC_2 0.66 0.32 0.35 0.25 fronto-parietal - fronto-

parietal 

R_parietal_1 - R_frontal_1 0.66 0.23 0.27 0.12 sensorimotor - 

sensorimotor 

R_precuneus_1 - 

L_mid_insula_2 

0.66 0.22 0.23 0.14 cingulo-opercular - 

sensorimotor 



88 
 

R_angular_gyrus - R_dlPFC_1 0.66 0.18 0.19 0.14 default - fronto-parietal 

R_precentral_gyrus_3 - 

L_precentral_gyrus_2 

0.66 0.54 0.52 0.52 sensorimotor - 

sensorimotor 

L_temporal_3 - 

L_precentral_gyrus_1 

0.66 0.26 0.37 0.19 sensorimotor - 

sensorimotor 

R_dFC_2 - R_dlPFC_1 0.65 0.43 0.40 0.40 fronto-parietal - fronto-

parietal 

R_precuneus_4 - L_IPS_1 0.65 0.44 0.42 0.47 default - fronto-parietal 

R_temporal_1 - 

L_precentral_gyrus_2 

0.65 0.56 0.51 0.49 sensorimotor - 

sensorimotor 

L_parietal_4 - 

R_precentral_gyrus_2 

0.65 0.30 0.28 0.27 sensorimotor - 

sensorimotor 

L_precuneus_1 - L_aPFC_2 0.65 0.19 0.24 0.18 default - default 

R_precuneus_1 - 

R_temporal_1 

0.65 0.39 0.40 0.30 cingulo-opercular - 

sensorimotor 

L_parietal_5 - R_pre_SMA 0.65 0.29 0.32 0.28 sensorimotor - 

sensorimotor 

L_parietal_4 - R_mid_insula_1 0.65 0.26 0.25 0.15 sensorimotor - 

sensorimotor 

L_parietal_4 - 

R_precentral_gyrus_1 

0.65 0.39 0.41 0.37 sensorimotor - 

sensorimotor 

L_parietal_6 - L_temporal_1 0.65 0.41 0.40 0.41 sensorimotor - 

sensorimotor 

L_parietal_3 - 

L_precentral_gyrus_2 

0.65 0.37 0.36 0.33 sensorimotor - 

sensorimotor 

R_parietal_3 - 

R_precentral_gyrus_2 

0.65 0.22 0.23 0.22 sensorimotor - 

sensorimotor 

L_mid_insula_2 - R_frontal_2 0.65 0.34 0.31 0.24 sensorimotor - 

sensorimotor 

R_parietal_2 - R_mid_insula_1 0.65 0.28 0.26 0.19 sensorimotor - 

sensorimotor 

R_temporal_1 - R_frontal_2 0.65 0.49 0.45 0.40 sensorimotor - 

sensorimotor 

R_dlPFC_2 - R_aPFC_2 0.65 0.41 0.39 0.35 fronto-parietal - cingulo-

opercular 

R_parietal_2 - R_frontal_1 0.65 0.21 0.21 0.15 sensorimotor - 

sensorimotor 

L_precuneus_1 - 

R_temporal_1 

0.65 0.23 0.32 0.21 default - sensorimotor 

L_precentral_gyrus_2 - 

L_mid_insula_1 

0.65 0.41 0.43 0.39 sensorimotor - 

sensorimotor 

L_temporal_3 - 

L_precentral_gyrus_2 

0.65 0.43 0.38 0.40 sensorimotor - 

sensorimotor 

L_precentral_gyrus_2 - 0.65 0.29 0.29 0.23 sensorimotor - 
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L_precentral_gyrus_1 sensorimotor 

L_parietal_6 - 

R_precentral_gyrus_1 

0.65 0.39 0.37 0.34 sensorimotor - 

sensorimotor 

R_aPFC_2 - L_aPFC_2 0.64 0.63 0.62 0.60 cingulo-opercular - default 

R_sup_parietal - 

L_precuneus_1 

0.64 0.30 0.34 0.29 sensorimotor - default 

L_parietal_8 - 

L_post_cingulate_1 

0.64 0.25 0.20 0.12 cingulo-opercular - default 

L_IPS_2 - L_vmPFC 0.64 0.32 0.28 0.32 default - default 

L_precuneus_1 - 

L_precentral_gyrus_2 

0.64 0.16 0.27 0.23 default - sensorimotor 

L_precuneus_1 - L_parietal_5 0.64 0.38 0.40 0.42 default - sensorimotor 

L_temporal_1 - 

R_precentral_gyrus_3 

0.64 0.34 0.36 0.31 sensorimotor - 

sensorimotor 

R_angular_gyrus - 

L_post_cingulate_2 

0.64 0.49 0.49 0.49 default - default 

R_sup_parietal - 

R_temporal_1 

0.64 0.39 0.37 0.27 sensorimotor - 

sensorimotor 

R_angular_gyrus - 

L_parietal_8 

0.64 0.30 0.24 0.30 default - cingulo-opercular 

M_mFC - L_sup_frontal 0.64 0.25 0.30 0.17 cingulo-opercular - default 

L_parietal_6 - L_mid_insula_2 0.64 0.28 0.18 0.26 sensorimotor - 

sensorimotor 

L_parietal_2 - 

R_precentral_gyrus_3 

0.64 0.70 0.69 0.66 sensorimotor - 

sensorimotor 

L_dFC - L_vPFC 0.64 0.40 0.43 0.33 fronto-parietal - fronto-

parietal 

R_IPL_1 - R_dlPFC_2 0.64 0.43 0.41 0.32 fronto-parietal - fronto-

parietal 

R_parietal_1 - 

R_precentral_gyrus_2 

0.64 0.31 0.34 0.27 sensorimotor - 

sensorimotor 

L_precuneus_1 - 

L_temporal_2 

0.64 0.19 0.25 0.14 default - sensorimotor 

L_post_cingulate_1 - 

L_mid_insula_3 

0.64 0.19 0.23 0.20 default - cingulo-opercular 

R_temporal_2 - 

L_precentral_gyrus_2 

0.64 0.38 0.33 0.28 cingulo-opercular - 

sensorimotor 

L_parietal_6 - L_parietal_4 0.64 0.74 0.75 0.71 sensorimotor - 

sensorimotor 

L_mid_insula_2 - L_parietal_2 0.64 0.32 0.26 0.28 sensorimotor - 

sensorimotor 

R_temporal_2 - 

R_precentral_gyrus_2 

0.64 0.36 0.19 0.23 cingulo-opercular - 

sensorimotor 

L_temporal_3 - R_temporal_1 0.63 0.60 0.49 0.53 sensorimotor - 
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sensorimotor 

R_IPL_2 - L_parietal_7 0.63 0.22 0.21 0.10 fronto-parietal - 

sensorimotor 

R_precuneus_1 - 

L_temporal_3 

0.63 0.32 0.40 0.28 cingulo-opercular - 

sensorimotor 

L_temporal_3 - R_frontal_2 0.63 0.35 0.34 0.32 sensorimotor - 

sensorimotor 

R_mid_insula_1 - 

R_precentral_gyrus_3 

0.63 0.26 0.25 0.15 sensorimotor - 

sensorimotor 

R_precentral_gyrus_1 - 

R_frontal_2 

0.63 0.59 0.58 0.54 sensorimotor - 

sensorimotor 

L_parietal_6 - 

R_precentral_gyrus_3 

0.63 0.43 0.48 0.41 sensorimotor - 

sensorimotor 

L_precentral_gyrus_2 - 

L_parietal_1 

0.63 0.19 0.16 0.14 sensorimotor - 

sensorimotor 

L_parietal_3 - R_temporal_1 0.63 0.41 0.39 0.37 sensorimotor - 

sensorimotor 

R_precentral_gyrus_3 - 

R_precentral_gyrus_2 

0.63 0.46 0.44 0.41 sensorimotor - 

sensorimotor 

R_frontal_2 - R_vFC_1 0.63 0.24 0.25 0.16 sensorimotor - cingulo-

opercular 

L_parietal_2 - 

R_precentral_gyrus_1 

0.63 0.48 0.50 0.42 sensorimotor - 

sensorimotor 

L_precuneus_1 - 

L_temporal_1 

0.63 0.22 0.32 0.23 default - sensorimotor 

M_post_cingulate - 

R_post_insula 

0.63 0.17 0.17 0.14 default - sensorimotor 

L_post_cingulate_2 - 

L_angular_gyrus_1 

0.63 0.12 0.19 0.18 default - cingulo-opercular 

R_parietal_4 - R_vFC_1 0.63 0.37 0.42 0.34 cingulo-opercular - 

cingulo-opercular 

L_mid_insula_1 - R_vFC_2 0.63 0.57 0.65 0.59 sensorimotor - 

sensorimotor 

L_angular_gyrus_1 - 

L_post_cingulate_1 

0.63 0.18 0.21 0.17 cingulo-opercular - default 

R_dlPFC_1 - M_mPFC 0.63 0.26 0.34 0.27 fronto-parietal - default 

R_angular_gyrus - 

R_post_cingulate 

0.63 0.52 0.50 0.48 default - default 

R_parietal_3 - 

R_precentral_gyrus_3 

0.63 0.43 0.46 0.38 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - 

L_post_cingulate_3 

0.62 0.40 0.39 0.36 default - default 

L_IPS_2 - R_IPL_1 0.62 0.17 0.23 0.15 default - fronto-parietal 

L_post_cingulate_1 - 0.62 0.38 0.37 0.36 default - cingulo-opercular 
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R_thalamus_1 

R_mid_insula_1 - 

R_precentral_gyrus_1 

0.62 0.53 0.50 0.47 sensorimotor - 

sensorimotor 

L_temporal_3 - L_parietal_3 0.62 0.33 0.33 0.30 sensorimotor - 

sensorimotor 

L_parietal_2 - R_vFC_2 0.62 0.20 0.26 0.19 sensorimotor - 

sensorimotor 

R_parietal_1 - 

R_precentral_gyrus_1 

0.62 0.38 0.40 0.33 sensorimotor - 

sensorimotor 

R_precuneus_1 - R_ACC 0.62 0.14 0.20 0.13 cingulo-opercular - default 

L_precentral_gyrus_1 - 

L_vFC_2 

0.62 0.31 0.34 0.33 sensorimotor - 

sensorimotor 

L_vFC_1 - R_vFC_1 0.62 0.40 0.36 0.39 cingulo-opercular - 

cingulo-opercular 

L_parietal_7 - 

R_precentral_gyrus_2 

0.62 0.23 0.24 0.23 sensorimotor - 

sensorimotor 

L_precuneus_1 - 

L_precentral_gyrus_3 

0.62 0.19 0.24 0.16 default - sensorimotor 

R_basal_ganglia_2 - 

R_post_insula 

0.62 0.25 0.18 0.15 cingulo-opercular - 

sensorimotor 

L_parietal_4 - R_vFC_2 0.62 0.26 0.25 0.20 sensorimotor - 

sensorimotor 

L_parietal_8 - 

M_post_cingulate 

0.62 0.24 0.25 0.14 cingulo-opercular - default 

L_parietal_3 - 

R_precentral_gyrus_1 

0.62 0.38 0.35 0.33 sensorimotor - 

sensorimotor 

L_parietal_2 - L_vPFC 0.62 0.23 0.29 0.28 sensorimotor - fronto-

parietal 

R_precentral_gyrus_3 - 

L_mid_insula_1 

0.62 0.17 0.20 0.14 sensorimotor - 

sensorimotor 

R_parietal_2 - 

R_precentral_gyrus_2 

0.62 0.29 0.29 0.27 sensorimotor - 

sensorimotor 

L_temporal_1 - R_frontal_2 0.62 0.39 0.40 0.34 sensorimotor - 

sensorimotor 

R_temporal_2 - R_temporal_1 0.62 0.56 0.49 0.53 cingulo-opercular - 

sensorimotor 

R_vlPFC - L_vmPFC 0.62 0.17 0.26 0.19 fronto-parietal - default 

R_dlPFC_2 - R_sup_frontal 0.62 0.36 0.36 0.31 fronto-parietal - default 

L_parietal_4 - L_vFC_2 0.61 0.31 0.31 0.30 sensorimotor - 

sensorimotor 

R_sup_parietal - 

L_mid_insula_2 

0.61 0.24 0.24 0.18 sensorimotor - 

sensorimotor 

L_parietal_2 - 

L_precentral_gyrus_2 

0.61 0.63 0.63 0.63 sensorimotor - 

sensorimotor 
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L_temporal_1 - 

R_mid_insula_1 

0.61 0.47 0.43 0.43 sensorimotor - 

sensorimotor 

L_temporal_3 - L_parietal_2 0.61 0.32 0.35 0.26 sensorimotor - 

sensorimotor 

R_post_insula - 

R_mid_insula_1 

0.61 0.50 0.55 0.48 sensorimotor - 

sensorimotor 

L_parietal_6 - L_vFC_2 0.61 0.26 0.23 0.22 sensorimotor - 

sensorimotor 

L_parietal_5 - 

L_precentral_gyrus_2 

0.61 0.50 0.49 0.50 sensorimotor - 

sensorimotor 

R_precentral_gyrus_3 - 

L_vPFC 

0.61 0.22 0.23 0.25 sensorimotor - fronto-

parietal 

R_temporal_1 - L_vFC_2 0.61 0.43 0.32 0.32 sensorimotor - 

sensorimotor 

L_temporal_2 - 

R_precentral_gyrus_3 

0.61 0.26 0.23 0.20 sensorimotor - 

sensorimotor 

R_precentral_gyrus_3 - 

R_vFC_2 

0.60 0.21 0.27 0.19 sensorimotor - 

sensorimotor 

L_parietal_6 - 

L_precentral_gyrus_2 

0.60 0.37 0.36 0.39 sensorimotor - 

sensorimotor 

L_precentral_gyrus_2 - 

L_vFC_2 

0.60 0.54 0.57 0.57 sensorimotor - 

sensorimotor 

R_precuneus_3 - 

R_temporal_2 

0.60 0.17 0.29 0.16 default - cingulo-opercular 

R_IPS - L_post_parietal_2 0.60 0.39 0.45 0.37 fronto-parietal - fronto-

parietal 

L_IPS_2 - R_dlPFC_1 0.60 0.17 0.21 0.13 default - fronto-parietal 

L_temporal_3 - L_vFC_2 0.60 0.36 0.31 0.26 sensorimotor - 

sensorimotor 

L_temporal_3 - 

R_precentral_gyrus_3 

0.60 0.28 0.32 0.27 sensorimotor - 

sensorimotor 

L_parietal_8 - M_mPFC 0.60 0.15 0.18 0.17 cingulo-opercular - default 

L_temporal_3 - 

R_mid_insula_1 

0.60 0.39 0.35 0.34 sensorimotor - 

sensorimotor 

L_temporal_3 - R_parietal_2 0.60 0.28 0.36 0.32 sensorimotor - 

sensorimotor 

L_IPL_3 - L_sup_frontal 0.60 0.27 0.25 0.31 fronto-parietal - default 

L_mid_insula_2 - 

L_precentral_gyrus_2 

0.60 0.49 0.45 0.45 sensorimotor - 

sensorimotor 

L_temporal_3 - 

L_mid_insula_2 

0.60 0.41 0.35 0.33 sensorimotor - 

sensorimotor 

R_precuneus_4 - R_parietal_2 0.60 0.25 0.27 0.21 default - sensorimotor 

L_temporal_2 - 

L_precentral_gyrus_1 

0.60 0.21 0.24 0.14 sensorimotor - 

sensorimotor 
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M_post_cingulate - R_dFC_2 0.60 0.13 0.23 0.12 default - fronto-parietal 

L_post_cingulate_1 - 

L_aPFC_2 

0.60 0.23 0.21 0.14 default - default 

R_parietal_1 - L_parietal_3 0.60 0.50 0.57 0.49 sensorimotor - 

sensorimotor 

R_post_insula - R_parietal_1 0.60 0.34 0.33 0.23 sensorimotor - 

sensorimotor 

L_angular_gyrus_2 - 

L_vmPFC 

0.60 0.36 0.35 0.39 default - default 

L_parietal_6 - R_parietal_1 0.60 0.57 0.59 0.53 sensorimotor - 

sensorimotor 

L_post_parietal_1 - 

R_precentral_gyrus_2 

0.60 0.23 0.22 0.17 sensorimotor - 

sensorimotor 

R_parietal_3 - L_mid_insula_2 0.60 0.20 0.20 0.17 sensorimotor - 

sensorimotor 

R_dlPFC_2 - M_mPFC 0.60 0.33 0.35 0.30 fronto-parietal - default 

R_dFC_2 - L_vPFC 0.60 0.32 0.35 0.25 fronto-parietal - fronto-

parietal 

L_precentral_gyrus_3 - 

L_parietal_4 

0.60 0.35 0.37 0.26 sensorimotor - 

sensorimotor 
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Abstract 

The human brain undergoes both morphological and functional modifications across the human 

lifespan. It is important to understand the aspects of brain reorganization that are critical in normal aging. 

To address this question, one approach is to investigate age-related topological changes of the brain. In 

this study, we developed a brain network model using graph theory methods applied to the resting-state 

functional MRI (fMRI) data acquired from two groups of normal healthy adults classified by age. We 

found that brain functional networks demonstrated modular organization in both groups with modularity 

decreased with aging, suggesting less distinct functional divisions across whole brain networks. Local 

efficiency was also decreased with aging but not global efficiency. Besides these brain-wide observations, 

we also observed consistent alterations of network properties at regional level in the elderly, particularly, 

in two major functional networks--the default mode and the sensorimotor network. Specifically, we found 

that measures of regional strength, local and global efficiency of functional connectivity were increased in 

the sensorimotor network while decreased in the default mode network with aging. These results indicate 

that global reorganization of brain functional networks may reflect overall topological changes with aging 

and that aging likely alters  individual brain networks differently depending on the functional properties. 

Moreover, these findings highly correspond to the observation of decline in cognitive functions but 

maintenance of primary information processing in normal healthy aging, implying an underlying 

compensation mechanism evolving with aging to support higher level cognitive functioning.   

 

Keywords: Resting-state functional connectivity, brain networks, aging, graph theory, modularity, 

efficiency, sensorimotor network, default mode network 
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Acronyms:  

fMRI = functional MRI 

RSFC = resting-state functional connectivity  

DMN = default mode network   

ACC = anterior cingulate cortex 

AG = angular gyrus 

PCG = precentral gyrus 
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Introduction 

The topological aspects of human brain functional networks have drawn much attention 

in recent years. By modeling a large-scale brain network as a graph consisting of nodes (i.e., 

cortical and subcortical brain regions) and links (i.e., functional or anatomical connections 

among brain regions) (Rubinov and Sporns 2010), it is possible to construct a systematic, 

topological examination of brain functional or anatomical organization.  This concept highlights 

the idea of understanding the complex brain system from information about how individual 

voxels or brain regions interact via functional or structural connections. Furthermore, rather than 

ascribing significant group differences or effects to particular voxels, as is historically done in 

functional neuroimaging, this concept also helps us to better understand how the brain network 

as a whole is organized in different populations.  

Graph-theory based complex network analysis approach provides a powerful way of 

understanding the dynamic interactions of different brain regions and how these interactions 

produce complex behaviors. Graph metrics such as modularity, local efficiency, global efficiency 

and strength measures are often used to characterize brain network properties especially for 

group comparison. Modularity, in particular, is a ubiquitous property of complex, large-scale 

functional brain networks. Modules consist of densely intra-connected brain regions that are 

sparsely inter-connected with regions in other modules (Newman and Girvan 2004). Modular 

organization may represent stable subcomponents of the brain that facilitate the construction of a 

complex system from simple building blocks, and can be theoretically linked to network 

development (Alexander-Bloch et al. 2010), which has provided insights into abnormal brain 

development, neuropsychological conditions (Alexander-Bloch et al. 2014, Peng et al. 2014, Xu 

et al. 2013), and age-related neurodegenerative diseases (Gottlich et al. 2013, Kikuchi et al. 
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2013). Therefore, in the current study, we hypothesize that the brain functional modular structure 

can be affected by aging and that age-related changes in modularity can be revealed by graph 

theory analysis.  

Previous studies on human brain aging have shown shrinkage of the adult brain as it ages, with a 

reported non-uniform pattern of changes in grey and white matter (Raz et al. 2005). These 

structural changes provide a fundamental basis for the hypothesized functional brain 

reorganization in relation to normal aging. Furthermore, previous graph theoretical analysis 

showed a substantial correspondence between structural connectivity and RSFC measured in the 

same subjects based on fMRI and diffusion spectrum imaging data (Hagmann et al. 2008). Here 

we test the hypothesis that the normal modular structure of functional brain networks might be 

altered with aging along with potential changes in functional connectivity measures such as local 

efficiency, global efficiency and strength. We further assessed these metrics at the local regional 

level for group comparison, which provides a finer-grained analysis of changes in network 

properties associated with aging.  

 

Materials and Methods 

Data acquisition  

Participants were 26 younger adults (age 24.6 ± 3.3 years, 11 females) and 24 older adults (age 

58.0 ± 6.1 years, 12 females) with no history of neurological or psychological disorders. Ten-

minute resting-state fMRI scans were acquired from each subject as they rested with their eyes 

fixated on a cross projected to the center of a MR-safe screen. Imaging data was obtained on a 

3.0 Tesla whole-body MRI scanner (DISCOVERY MR750, General Electric Medical Systems, 

Waukesha, WI, USA) with an 8-channel receive-only RF head coil array. This study was 
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approved by the University of Wisconsin-Madison Health Sciences Institutional Review Board. 

Written informed consent was provided by each participant.  

T1-weighted structural images with 1 mm isotropic voxels were acquired axially with an 

MPRAGE sequence (TR = 8.132 ms, TE = 3.18 ms, TI = 450 ms, flip angle = 12º, field of view 

= 256 × 256 mm
2
, matrix size = = 256 × 256, slice thickness = 1mm, number of slices = 156). 

BOLD EPI time series were collected in the sagittal plane with the following parameters: TR = 

2.6 sec, TE = 22 ms, flip angle = 60º, field of view = 224 × 224 mm
2
, matrix size = 64 × 64, slice 

thickness = 3.5mm, number of slices = 40 slices, 231 volumes.   

 

Data processing 

Resting-state fMRI data was processed in AFNI (Cox 1996) including the following initial 

preprocessing steps: 1) despiking to remove extreme outliers in the signal intensity time courses, 

2) correcting for motion and slice-timing, 3) removing first three time points of the scan (total 

231 time points). T1-weighted structural images were warped to standard MNI-space using a 12-

parameter affine transformation. This transformation was combined with the T1-to-EPI 

alignment and used to map the functional EPI scans to MNI space with a resampling of 3mm 

resolution. The resulting structural images were later skull stripped and segmented into gray 

matter, white matter (WM) and cerebrospinal fluid (CSF) masks using FSL (Smith et al. 2004). 

The average signal time course from the WM and CSF masks and the 6 rigid body motion 

parameters were normalized and regressed out. The residuals from the functional data were 

spatially smoothed with a 4mm
2
 full width half maximum isotropic Gaussian kernel in AFNI and 

then temporally filtered with a band-pass from 0.01 to 0.1 Hz.  



100 
 

Head motion has been shown to significantly affect the RSFC measures (Van Dijk, Sabuncu, and 

Buckner 2012, Saad et al. 2009, Satterthwaite et al. 2012). Therefore, a secondary motion 

correction was performed to exclude certain time frames with motion above a more stringent 

threshold. A score of motion measurement corresponding to each time frame of fMRI scan  was 

calculated as the square root of the sum of squares of the derivatives (SSD) of the six time 

courses of the motion parameters (Jones et al. 2010, Meier et al. 2012, Birn et al. 2013). In this 

study, any time frame associated with a score of SSD greater than 0.2 mm was censored and later 

excluded using the –censor option provided in the AFNI program, 3dDeconvolve. This option 

essentially performed zero-filling to maintain the same sampling rate and the same length of time 

series for each subject. To further eliminate group differences in motion contaminating 

functional connectivity assessments, we matched subjects from the two age groups with their 

average motion SSD across all these time points. This process resulted in two sub-groups with 16 

subjects in each sub-group. Several younger subjects with small average motion SSD and several 

older subjects with relatively greater average motion SSD had to be removed in order to match 

the average motion for the two sub-groups. The younger sub-group had average motion SSD of 

0.055 ± 0.018 mm, and the older sub-group had average motion SSD of 0.058 ± 0.019 mm. 

There was no significant group difference in terms of the average motion SSD (two-sample t-

test, p-values = 0.39). The younger sub-group (ages 24.6 ± 3.5 years, 5 females) and older sub-

group (ages 56.5 ± 5.3 years, 8 females) showed significant age differences (two-sample t-test, p-

value < 0.00001), but no significant differences in gender (the Chi-square test, p-value = 0.47). 

Our findings presented here were based on data from these two sub-groups.  

 

Resting-state functional connectivity (RSFC) 
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The RSFC was computed from 187 different brain regions defined within the sensorimotor, 

cingulo-opercular task control, fronto-parietal task control, dorsal/ventral attention, default 

mode, salience and subcortical/cerebellar networks (Power et al. 2011). In each of these brain 

regions, signals resulting from the processed functional data were extracted and averaged over a 

spherical region of interest (ROI) with a radius of 4mm. Pearson correlation coefficient (rij) was 

calculated for the ith and jth ROI. This generated a 187 × 187 adjacency matrix, M, for each 

subject, which served as the RSFC matrix for each subject within each group.  

 

Thresholding brain networks  

Thresholding a RSFC matrix is critical for obtaining a sparse adjacency matrix in that it should 

be optimal and contain not too little functional connections for detecting group differences but 

not too many functional connections that it may dilute group differences. The most commonly 

used approach for thresholding is to globally threshold the RSFC matrix at a fixed threshold, ρ, 

for any rij between -1 to 1. If rij ≥ ρ, the corresponding element of the adjacency matrix, Mij, is 

kept for the actual value of rij for a weighted adjacency matrix or is set to be 1 for a binary 

adjacency matrix. If rij < ρ, then Mij is set to be 1 for both weighted and binary matrices. Note: 

except for strength, measures of modularity, local and global efficiency were computed using the 

binary adjacency matrix.  One potential problem with this global thresholding method is that 

once thresholded, the sparse matrices are not fully connected from node to node (Alexander-

Bloch et al. 2010). This disconnectedness of the resulting graphs may ultimately change the 

properties of the original global and local functional connectivity, which may bias the 

comparisons of graph-theoretic metrics between different groups of subjects. In this study, we 

anticipated that this might be a factor affecting our observations in age-related differences in 
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RSFC, and used a minimum spanning tree (MST) method in order to preserve fully connected 

brain graphs(Alexander-Bloch et al. 2010, Achard et al. 2012). In this present study, each MST 

per subject is a spanning tree of a weighted sub-graph that is fully connected with all nodes 

having maximum total weight of all links. Although the MST sparsely represents a “skeleton 

structure” of the brain graph, it does not form clusters or loops at regional level that keeps it from 

a biologically meaningful sparse representation (Alexander-Bloch et al. 2010). To obtain a 

sparse, fully connected and biologically meaningful graph, we added extra links to the MST from 

the remaining adjacency matrix. To do so, for each final sparse adjacency matrix, we added top 

2% - 40% of the remaining links to the MST, respectively, to include the highest proportion of 

remaining functional connectivity. This ensured that each final graph per subject had equal 

number of links, and thus observations on age-related group differences were independent of 

number of functional connections. Several values of threshold were tested in order to examine 

the effect of different proportional thresholding on aging-related group differences. Thresholds 

from 2% to 40% were chosen based on the reasons that 1) the network measures are relatively 

constant over this range (Alexander-Bloch et al. 2010); 2) graphs become more random above a 

threshold level of 50% (Humphries, Gurney, and Prescott 2006). Current findings are based on 

thresholds from 2% to 8% at 2% intervals; results obtained from thresholds of 10% to 40% at 

10% intervals can be found in the Supplementary Materials, appendix.   

 

Measures of graph metrics 

Graphs metrics including modularity, local and global efficiency and strength, were estimated 

using the Brain Connectivity Toolbox (Rubinov and Sporns 2010) with adaptation made for 

nodal or regional level calculation. Previous studies have reported age related changes in 
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connectivity and network measures on a global or brain-wide level (Geerligs et al. 2014, 

Alexander-Bloch et al. 2010, Meunier, Achard, et al. 2009) . In the current study, network 

measures were estimated at global and regional level, thus allowing an examination of age-

related changes in functional connectivity at a brain-wide level and at regional level for a finer-

grained analysis. Global level graph metrics were estimated by averaging each measure across all 

nodal regions and across all subjects in each group; regional level measures, except for 

modularity, were estimated for each node averaging across all subjects within each group. 

Statistical group comparison was conducted for each graph metric at each threshold using the 

Wilcoxon rank sum test.    

Modularity is a global measure of how well a network can be decomposed into a set of sparsely 

interconnected but densely intra-connected modules (Newman 2004) and can be a valuable tool 

in identifying the functional blocks within the brain network. The optimal modular structure for a 

given network is typically estimated with optimization algorithms rather than computed exactly 

(Danon et al. 2005, Rubinov and Sporns 2010). In this study, network modularity was estimated 

via a 2-step approach to achieve an optimal module division, similar to the one applied in other 

studies (Rubinov and Sporns 2011, Geerligs et al. 2014). Modularity was first estimated using 

the algorithm by Newman-Girvan algorithm (Newman 2006a, b). Each module is extracted as a 

group of non-overlapping nodes by maximizing the number of within-module links and 

minimizing the number of between-module links among those nodes. As the optimal community 

structure and maximized modularity may vary from run to run due to heuristics in the algorithm 

(Rubinov and Sporns 2010), this step was repeated 500 times. In the second step, all previously 

detected community structures were refined using a fine-tuning algorithm (Rubinov and Sporns 

2010, Sun et al. 2009) with maximum 500 times’ iteration. Once an optimal modular structure of 
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the network has been identified, it is possible to assign topological roles to each node based on 

its density of intra- and inter-modular connections (Guimera et al. 2005). Therefore, intra-

modular connectivity of each node was measured by the normalized intra-modular degree, that 

is, the within-module degree z-score (Rubinov and Sporns 2010). The within-module degree z-

score is large for a node that has a large number of intra-modular connections relative to other 

nodes in the same module. We used the measure of within-module degree z-score to identify 

those “hub” nodes with high intra-modular connectivity and examined the age-related changes in 

these functionally important regions. 

Local efficiency is a measure of information transfer in the immediate neighborhood of each 

node, indicating to what extent connections are being segregated into sub-networks (Achard et 

al. 2012), while global efficiency is a measure of information propagating in the whole network, 

indicating to what extent connections are being integrated into a whole brain-wide network 

(Rubinov and Sporns 2010). These two measures are both based on a pre-estimation of the 

minimum path length. For the local efficiency, the minimum path length is estimated as the 

shortest path length from node i to its nearest neighbor node j in the sub-graph they both belong 

to. For the global efficiency, the minimum path length is estimated as the shortest path length 

from node i to all other nodes j in the whole graph. 

The strength of functional connectivity of each node is measured as the mean value of weights 

(i.e., cross-correlation coefficients) of all functional connections linking to the node. It provides 

an estimation of the functional importance of each node.  

 

Measures of alteration of graph metrics 
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Age-related topological changes are different across brain locations and networks. These patterns 

of changes cannot be truly reflected with a solely brain-wide examination. However, it might be 

visualized by plotting, for a given graph metric, the mean value at each node in the younger 

group versus the difference between the older and younger groups at each node. This approach 

was originally reported and used for detecting functional network changes in comatose patients, 

and the gradient of a straight line fitted to the data was referred as a hub disruption index, κ 

(Achard et al. 2012). In this present study, the hub disruption index for a given graph metric, e.g., 

strength, was constructed by subtracting the younger group mean nodal strength from the mean 

strength of the corresponding node in the older group and plotting this group mean difference 

against the younger group mean. This transformation improves visualization of the age-related 

differences in profile of regional network properties.   

 

Results 

Altered modularity with aging   

The functional networks representing patterns of cross-correlations between fMRI BOLD signals 

are illustrated using their adjacency matrices (Figure 1). Rows and columns in these matrices 

denote the 187 nodes, while elements of each matrix denote links or the cross-correlations 

between the corresponding nodes. Major functional networks from the younger (top panel) and 

older (bottom panel) groups are represented along the main diagonal of adjacency matrices. 

From the top left to the bottom right along the main diagonal in Figure 1, the square blocks 

represent the functional network of the sensorimotor, cingulo-opercular task control, fronto-

parietal task control, dorsal/ventral attention, default mode, salience and subcortical/cerebellar 

networks.  
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At the global level, we observed that the mean modularity was reduced in the older group 

compared with the younger group over a range of different connection densities (Figure 2a). The 

older group showed higher variance of modularity across subjects compared with the younger 

group. Besides age-related differences in modularity between groups, both groups had mean 

values of modularity greater than 0.3 which were indicative of non-random community structure 

(Newman and Girvan 2004). This further suggested the presence of modular structure of 

functional brain networks across the adult life span. For both groups, modularity declined 

monotonically as a function of increasing connection density (Figure 2a). 

At nodal level, a negative hub disruption index was observed for the measure of within-module 

degree z score consistently across different connection densities (Figure 3). Nodes that had dense 

intra-modular connections in the younger group (i.e., left ACC and left AG) were sparsely 

connected to other nodes within the same module in the older group, whereas nodes that had 

fewer intra-modular connections in the younger group (i.e., right PCG) were densely connected 

to other nodes within the same module in the older group.  

 

Altered efficiency of functional connectivity with aging 

At the whole-brain level, global efficiency was not significantly different between the two 

groups (Figure 2b) with hub disruption indices close to zero (Figure 4), while local efficiency 

was significantly reduced in the older group over a range of different connection densities 

(Figure 2c). The older group also showed higher variance of local efficiency compared with the 

younger group. Besides age-related differences in efficiency measures between the two groups, 

we observed that efficiency increased monotonically as a function of increasing connection 

density (Figures 2b, 2c) for both groups. 
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At nodal level, we observed markedly different patterns of age-related changes in network 

efficiency depending on the functional properties of individual brain regions. Both global and 

local efficiency was decreased in the DMN but increased in the sensorimotor network (Figures 4, 

5, S3, S4). Our results also showed a negative hub disruption index for the measure of local 

efficiency (Figure 5), suggesting a potential age-induced exchange of a hub region with a nonhub 

region or vice versa.  

 

Altered functional connectivity strength with aging 

At the global level, the older group showed higher functional connectivity strength but not 

significantly different from the younger groups (Figures 2d, 6). At the global level, the hub 

disruption index of strength was 0.03, 0.11, 0.16 and 0.19 for thresholds of connection density at 

2%, 4%, 6%, and 8% respectively (Figure 7). Small positive values of the hub disruption indices 

correspond to the slightly higher functional connectivity strength observed in Figures 2d and 6. 

At the regional level, we observed prominent group differences in the DMN and the 

sensorimotor network (Figure 7). Within the DMN, we found decreased within-network strength 

(Figure 8a) and a negative hub disruption index (Figure 9) with aging. In contrast, we found 

increased strength within the sensorimotor network (Figures 8b and 10a) and an overall increase 

in functional connectivity strength between the sensorimotor network and all other networks 

(Figure 8b), particularly, between the sensorimotor and attention networks (Figure 10b).  

 

Age-related reorganizational changes in functional brain networks 

Brain reorganization with aging undergoes dynamic changes across different functional brain 

networks. We further conducted a secondary analysis to quantify the changes in each brain 
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network using strength and degree (Figures S1, S2). Degree is a binary measure of functional 

connectivity and is estimated as the number of functional connections which survived 

thresholding. These two measures provide complementary aspects of network organization. 

Proportional tests were used to compare the proportions of strength and degree of each network 

to the total strength and degree in whole-brain networks, respectively. FDR correction was 

applied for multiple comparisons (Benjamini and Hochberg 1995).  

We again observed distinct patterns of age-related reorganization in the DMN and the 

sensorimotor network (Figures S1, S2; Table 1). Within the DMN (i.e., elements within the 

square block of the RSFC matrices representing the DMN), both the strength (adjusted p-value = 

0.024; Figure S1a) and degree (adjusted p-value = 0.0005; Figure S2a) significantly decreased 

with aging. In contrast, within the sensorimotor network, both the strength (adjusted p-value = 

0.024; Figure S1a) and degree (adjusted p-value = 0.005; Figure S2a) significantly increased 

with aging. Between networks (i.e., the off-diagonal elements of the RSFC matrices), no 

significant age-related changes were observed in functional strength of between-network 

connections. However, the number of functional connections between the sensorimotor and all 

other networks significantly increased with aging (adjusted p-value < 0.00001; Figure S2 b-c). 

We also observed significantly increased between-network connections in the subcortical 

network (adjusted p-value = 0.005) in the older group (Figure S2 b-c). The older group showed 

significantly decreased proportion of between-network connections in both the frontal-parietal 

and salience networks (adjusted p-value < 0.01; Figure S2 b-c).  

 

Table 1 Age-related network reorganization in the sensorimotor and DMN   

Network Measures Within-network Between-network 

 DMN Sensorimotor DMN  Sensorimotor 
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Strength ↓ ↑ → → 

Degree ↓ ↑ → ↑ 

Arrows indicate directional changes of network measures with aging.  

 

Discussion 

In the present study, we used the correlations derived from the resting-state fMRI BOLD signals 

to develop a network model of the brain in two representative groups of healthy individuals. 

Graph-theory based network analysis was applied to examine age-related brain network 

reorganization. We found that similar to other studies (Meunier, Achard, et al. 2009, Bassett et 

al. 2010, Meunier, Lambiotte, et al. 2009, Geerligs et al. 2014), the functional brain networks of 

both groups exhibited modular organization (Figure 1). Graph theoretical work has shown that 

human brain consists of modular structures (Meunier, Lambiotte, et al. 2009, Bassett et al. 2010) 

which are altered in different clinical conditions such as Schizophrenia (Alexander-Bloch et al. 

2010), Alzheimer’s Disease (AD) (Brier et al. 2014) and in normal aging (Meunier, Achard, et 

al. 2009, Geerligs et al. 2014). This present study was partly motivated by recent work exploring 

brain network topology in comatose patients (Achard et al. 2012) based on graph metrics 

estimated from each individual brain region in the network. We adopted similar approach to 

conduct a finer-grained analysis of changes in brain functional reorganization associated with 

aging along with a systematic brain-wide network analysis. These findings are summarized in 

Table 2.  

 

Table 2 Age-related network reorganization   

Network Measures Effect of aging 

Modularity ↓ 

Local efficiency ↓ 

Global efficiency → 

Strength → 
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Arrows indicate directional changes of network measures with aging.  

 

Thresholding effect on brain network analysis 

Several levels of threshold were tested in order to examine the effect of different proportional 

network thresholding on aging-related group differences. One way to control the thresholding 

effect is by evaluating the modularity measure. We observed both groups showing minimal 

values of modularity greater than 0.3 by the threshold level of 8% with total 187 brain regions, 

which were indicative of non-random community structure (Newman and Girvan 2004). In 

addition, modularity and local efficiency were significantly different between the two groups at 

threshold level of 2% to 4%. Therefore in this present study, with 187 brain regions and the 

minimum spanning tree method, a threshold level of top 2% to 4% of connections with highest 

functional strength provided a clear picture of network differences between the young and old 

groups.   

 

Modularity decreases with healthy aging 

The modular organization of human brain has been discussed in previous and recent studies 

(Szentagothai 1975, Eccles 1981, Gomez-Robles, Hopkins, and Sherwood 2014). Several studies 

have reported that the modular organization could be affected under neuropsychological 

conditions and disorders including depression (Peng et al. 2014), Schizophrenia (Alexander-

Bloch et al. 2014), epilepsy (Xu et al. 2013) and age-related neurodegenerative diseases such as 

Parkinson’s disease (Gottlich et al. 2013) and Alzheimer’s disease (Kikuchi et al. 2013). One 

study also observed age-related alterations in the modular organization using cortical thickness 

analysis (Chen et al. 2011). Therefore, in our study we hypothesized that the brain functional 



111 
 

modular structure can be affected by aging. We further observed reduced modularity in the older 

group (Figure 2a). This age-related decline in modularity indicates less differentiated functional 

modular structure associated with aging.  This alteration could be due to two main factors—an 

increase in inter-modular connections or decrease in intra-modular connections or a mix of the 

two factors. To further test this, we used the measure of hub disruption index to quantify the 

within-module functional connectivity at regional level. We found a consistent regional 

alteration of modularity in the older group over a range of different thresholds (Figure 3). Brain 

regions, such as left ACC and left AG as part of the DMN, which had dense within-module 

connections in the younger brain networks, had fewer within-module connections in the older 

group, whereas regions, such as right PCG, part of the sensorimotor network, which were 

sparsely connected to other regions within a module in the younger group, were densely 

connected in the older group. This regional alteration can be explained as the exchange of high-

degree hub regions to low-degree non-hub regions or vice versa due to the effect of aging. This 

alteration of the order of importance of specific cortical regions within the same module 

indicates that although the whole-brain network could be equally well decomposed into a set of 

modules in both groups especially at higher thresholds (i.e., modularity was not significantly 

different between the two groups at threshold > 6%), functional identity of individual brain 

regions comprising specific modules might have markedly changed due to the effect of aging.  

Interestingly, although we observed an overall reduction of within-module functional 

connections in the older group, the total strength of functional connectivity seems increased in 

the older group (Figure 6) although not reaching statistical significance. To further explore this, 

we constructed a group-level whole-brain network by averaging each individual network across 

all subjects within each group and then calculated the strength and the number of within-network 
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connections and between-network connections. Results presented here are based on threshold 

level of top 2%. We found that the older group had fewer connections within-network but more 

connections between-network compared with the younger group (Table 3). This suggests a 

whole-brain level increased functional connectivity between networks and might be related to the 

over-activations in the elderly caused by less efficient use of neural resources (Geerligs et al. 

2014, Morcom, Li, and Rugg 2007, Rypma, Eldreth, and Rebbechi 2007). A detailed group 

comparison of strength and degree for each individual network can be found in the 

Supplementary Materials (Figures S1, S2). 

 

Table 3 Group-comparisons of strength and degree from whole-brain network analysis   

 Strength Total Degree Total 

 Within-

network 

Between-

network 

 Within-

network 

Between-

network 

 

Young 234.34 118.07 352.41 1822 1781 3603 

Older 211.58↓ 146.32↑ 357.90↑ 1642↓ 2186↑ 3828↑ 

Arrows indicate directional changes of network measures with aging.  

 

Reduced local efficiency but stable global efficiency with aging 

Local efficiency was decreased in the older group (Figure 2c), while global efficiency was not 

affected by aging (Figure 2b). Local efficiency is a measure of local information processing. As 

discussed above, the whole brain-wide reduction of within-module connections in the elderly 

might lead to an over-recruitment of brain regions in order to process the seemingly 

overwhelming incoming information, which leads to less efficiency (Rypma, Eldreth, and 

Rebbechi 2007, Morcom, Li, and Rugg 2007). However, global efficiency is statistically stable 

between the two groups. This might be due to the equivalent amount of shortest path length for 

long-distance information processing in both groups (aided by the counterbalance of less within-
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network connections but more between-network connections in the older group). This 

observation has some bearing on the neural bases for the pervasive age-related slowing effects on 

cognitive performance based on the processing-speed theory (Salthouse 1996). This theory 

suggests that cognitive performance is degraded when processing is slow because relevant 

operations cannot be successfully executed in limited time. This might be reflected by age-

related reduction in local efficiency, which constrains the efficiency or effectiveness of specific 

processes of local information transfer. However, some relevant limitations may be partially 

overcome by experience as one view of expertise is that it serves to circumvent processing 

constraints or limitations (Salthouse 1991), which can be associated with the stable measurement 

of global efficiency observed in both age-groups. At regional level, local efficiency tends to 

decrease with a negative hub disruption index (Figure 5) which is consistent with the brain-wide 

decreased local efficiency. Global efficiency examined at regional level doesn’t show significant 

group differences (Figure 4). However, both regional measures demonstrate distinct patterns of 

alteration in two important functional networks—the DMN and the sensorimotor network, which 

highlights the importance of examining brain reorganization at regional level as brain regions 

making up the different functional modules undergo different changes that may not be observed 

at the brain-wide level. Measures of local efficiency and global efficiency are decreased in the 

DMN but increased in the sensorimotor network (Figures 4-5, S3-S4).  

The DMN is a nonhuman-specific intrinsic functional network, active all over the life from birth 

until aging where it is progressively modified, sensitive to different pathologies including AD, 

multiple sclerosis and mild cognitive impairment (MCI) and is known for its role in supporting 

high level cognitive functions (Mevel et al. 2010, Gili et al. 2011). The reduced efficiency in 

both local and global information processing in the DMN in relation to aging directly reflects a 
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decreased functional connectivity as observed in previous studies (Hafkemeijer, van der Grond, 

and Rombouts 2012, Damoiseaux et al. 2008) and in our study (Figure 8a). The decrease in 

functional connectivity leading to a decreased local and global efficiency may lead to the 

commonly observed age-related cognitive decline in patients with MCI and in the early stages of 

AD, two clinical conditions in which DMN shows decreased functional connectivity(Greicius et 

al. 2004, Sorg et al. 2007). The sensorimotor network, associated with primary information 

processing, showed increased local and global efficiency. This finding is consistent with the 

hypothesis that cognitive systems must compensate in aging for the general decline in 

sensorimotor abilities (Li and Lindenberger 2002, Seidler et al. 2010) as well as decreased 

functional connectivity and efficiency in DMN. 

 

Altered functional connectivity in the default mode and the sensorimotor networks 

The measure of strength of functional connectivity is highly consistent with all observations we 

have discussed. This is not surprising as we also found that the regional strength of functional 

connectivity was significantly decreased in the DMN and increased in the sensorimotor network 

(Table 1; Figures 7, 8). With the same number of functional connections, although brain-wide 

strength of RSFC seems to be higher in the older group (Figure 6), it is not significantly different 

between groups (Figure 2d). At the regional level, strength of functional connectivity showed 

similar pattern of changes in the DMN and sensorimotor networks as observed in the measures 

of local and global efficiency (Figure 7). The negative hub disruption index observed in the 

DMN indicates an exchange of hub to non-hub regions (Figure 9). This regional reorganization 

reveals a shift of functional importance of individual regions with aging and within the same 

functional module, which may not be easily observed in a brain-wide network analysis.  We 



115 
 

observed that left ACC, left AG and right precuneus as part of the DMN switched from a hub 

region to a non-hub region with aging. These regions are associated with cognitive function 

(Pardo et al. 2007, Seghier 2013) and have shown decreased functional connectivity in AD 

patients (Hafkemeijer, van der Grond, and Rombouts 2012). 

One previous study used test-retest reliability approach to examine age-related differences in 

RSFC and demonstrated increased reliable functional connections within the sensorimotor 

network in the older group (Song et al. 2012). Here, we observed an overall increase in 

functional connectivity across all regions belonging to the sensorimotor network (Figure 10a). 

Given that another previous study also observed an increase in functional connectivity between 

the sensorimotor and task-control networks (Meier et al. 2012), we further examined the 

connections between sensorimotor and all other networks in this study. We found a positive hub 

disruption index indicating increased connections between the sensorimotor network and other 

networks in the older group, particularly, between the sensorimotor and attention networks. This 

was further confirmed by the observation of increased number of connections and strength 

between these two networks (Table S1). This finding suggests that the attention network and the 

sensorimotor network have become less differentiated in normal aging, contributing to the 

reduced modularity, possibly due to the greater functional inter-dependence of these networks in 

the elderly.   

This study does have limitations. The number of subjects is not large, with 16 subjects in each 

group. It is possible that the lack of significance for group comparison in brain-wide network 

analysis may be due to inadequate statistical power. However, we were able to uncover group 

differences at regional level. As we mentioned in the beginning, adult brain has shown shrinkage 

as it ages. The structural changes may have an impact on the results of functional connectivity 
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and network analysis. For future studies, examination of the regional network measures 

combined with local gray matter volume and subject’s performance on cognitive tests may 

provide better understanding of age-related brain functional reorganization.   

  

Conclusion 

In the current study we have shown that human brain undergoes functional reorganization with 

aging at a whole brain-wide level and a regional level. The brain-wide network analysis showed 

reduced modularity and local efficiency in the older group possibly related to decreased intra-

modular connections. We also conducted regional level network analysis for a finer-grained 

examination of age-related brain reorganization. We have shown that individual brain regions 

underwent distinct patterns of reorganization in terms of their functional properties. Brain 

regions in the DMN showed reduced local and global efficiency as well as regional functional 

connectivity, indicating a decline in high level cognitive functioning with aging, while an 

increase in these measures were observed in the sensorimotor network in the older group 

possibly indicating an underlying compensation mechanism for declined sensorimotor and 

cognitive abilities. Regional alteration also revealed a switch of functional importance of 

individual brain regions from a hub region to a non-hub region or vice versa. Our results suggest 

that brain-wide topological properties, such as modularity, are able to provide insights of brain 

network reorganization, but with a finer-grained analysis at regional level, more specific details 

of how individual brain regions with different functional properties evolve with aging are able to 

provide a better understanding of the aging brain.   
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Figure 1 Adjacency Matrices shown at threshold of 8% (Young—upper panel, Older—

bottom panel) 
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Functional networks are illustrated using adjacency matrices. Rows and columns denote the 187 

nodes and each element of the matrix denotes a link between the corresponding nodes. Square 

blocks from the top left to the bottom right along the main diagonal represent the sensorimotor 

(red; 35 regions), cingulo-opercular task control (orange; 14 regions), fronto-parietal task control 

(gold; 25 regions), dorsal/ventral attention (magenta, 20 regions), default mode (medium blue, 58 

regions), salience (royal blue; 18 regions) and subcortical/cerebellar (green; 19 regions) 

networks. Elements within each block represent within-network functional connections and 

elements outside of blocks represent between-network connections.  
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Figure 2  

a) Modularity (Young—red; Older—blue) 

  

b) Global efficiency (Young—red; Older—blue) 
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c) Local efficiency (Young—red; Older—blue) 
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d) Strength (Young—red; Older—blue) 

p = 0.0007 
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p = 0.0002 

p = 0.003 
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The older group (blue lines) showed decreased modularity and local efficiency compared with 

the young group (red lines) across a range of thresholds (i.e., connection density). Group 

comparison was tested using the Wilcoxon rank sum test with p-value of significance shown at 

each threshold. No significant group difference was observed in the global efficiency and the 

strength of functional connectivity.   
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Figure 3 Hub disruption index of within-module functional connectivity 

 

The hub disruption index of within-module functional connectivity is plotted at each threshold of 

connection density. Each data point is color-coded representing a node belonging to a particular 

functional network (i.e., red dots represent nodes belonging to the sensorimotor network and blue 

dots represent nodes belong to the default mode network). The mean value of within-module 

degree z-score of each node in the younger group <Young> (x-axis) is plotted against the 

difference between groups in mean value of within-module degree z-score of each node <Older> 

- <Young> (y-axis). A node with high number of connections within a module (i.e., measured as 

within-module degree z-score) in the younger group showed an abnormal reduction of 

connections in the older group, e.g., the left anterior cingulate cortex (ACC) and left anterior 

cingulate from the default mode network, whereas a node with few number of within-module 
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connections in the young group showed an abnormal increase of connections in the older group, 

e.g., the right precentral gyrus from the sensorimotor network. The solid black line represents a 

linear regression fitting to the data and the slope of the line is defined as the hub disruption 

index, κ (Achard et al. 2012). The negative hub disruption index across different levels of 

thresholding suggested an overall disruption of global modularity in the older group.  

 

 

Reference:  

Achard, S., C. Delon-Martin, P. E. Vertes, F. Renard, M. Schenck, F. Schneider, C. Heinrich, S. 

Kremer, and E. T. Bullmore. 2012. "Hubs of brain functional networks are radically 

reorganized in comatose patients." Proc Natl Acad Sci U S A no. 109 (50):20608-13. doi: 

10.1073/pnas.1208933109. 
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Figure 4 Hub disruption index of global efficiency 

 

In the figure, each black horizontal line represents equivalent global efficiency for the older 

group vs. the younger group. The hub disruption index of global efficiency was close to zero. 

However, nodes belonging to the sensorimotor network (red) showed increased global efficiency 

consistently while nodes belonging to the default mode network (medium blue) showed 

decreased global efficiency consistently.  
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Figure 5 Hub disruption index of local efficiency 

 

The hub disruption index of local efficiency is plotted at each threshold of connection density. 

The mean value of local efficiency of each node in the younger group <Young> (x-axis) is 

plotted against the difference between groups in mean local efficiency of each node <Older> - 

<Young> (y-axis). The hub disruption index of local efficiency was estimated as the gradient of 

the solid black line fitted to the scatterplots. Negative hub disruption indices were observed 

across different thresholds, indicating an overall disruption of local efficiency in the older group. 

The sensorimotor network (red dots) and the default mode network (blue dots) are the two most 

distinguishable networks showing consistent disruption.  
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Figure 6 Distribution of functional connectivity strength (Young—red; Older—blue) 

 

The figure illustrates the distribution of functional connectivity strength compared between the 

two groups (histogram with a gamma distribution fit; older group—blue lines; young group—red 

lines).  
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Figure 7 Hub disruption index of strength 

 

In the figure, each black horizontal line represents equivalent function connectivity strength 

estimated for the older group vs. the younger group. However, nodes belonging to the 

sensorimotor network (red) showed increased strength consistently while nodes belonging to the 

default mode network (medium blue) showed decreased strength.  
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Figure 8 Age-related changes in functional connectivity strength  

a) within the default mode network (DMN) (Young—red; Older—blue) 

 

 

b) within the sensorimotor network (Young—red; Older—blue) 
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Differences of functional connectivity strength within the default mode network (a) and the 

sensorimotor network (b) between the older (blue lines) and younger group (red lines) are plotted 

across different thresholds of connection density. Significantly decreased strength within the 

DMN (p-value ≤ 0.0001) and increased strength within the sensorimotor network (p-value < 

0.01) was observed in the older group (Wilcoxon rank sum test).  
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Figure 9 Hub disruption index of strength – DMN 

 

For all nodes belonging to the DMN, the mean value of strength of each of these nodes in the 

younger group <Young> (x-axis) is plotted against the difference between groups in mean 

strength of each node <Older> - <Young> (y-axis). The hub disruption index of strength was 

estimated as the gradient of the solid black line fitted to the scatterplots. The left angular gyrus 

(AG), left anterior cingulate cortex (ACC) and the right precuneus strongly connected to all other 

nodes within the DMN in the younger group, showed abnormal reduction of strength in the older 

group. 
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Figure 10 Changes in Functional strength in the sensorimotor network  

a) within the sensorimotor network 

 

The red horizontal line represents equivalent strength within the sensorimotor network estimated 

for the older group vs. the younger group. The majority of sensorimotor regions showed 

increased strength in the older group (i.e., above the horizontal zero line) such as the precentral 

gyrus (PCG), showing strengthened connections in the older group. 
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b) Between the sensorimotor network and all other networks  

 

Group differences of functional connectivity strength between the sensorimotor network and all 

other networks are plotted across different thresholds of connection density (older group-blue 

line, younger group-red line). Significantly increased strength between the sensorimotor and all 

other networks (p-value < 0.01) was observed in the older group (Wilcoxon rank sum test).  
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c) Hub-disruption between the sensorimotor network and all other networks  

 

 

The figure shows age-related regional changes in functional connectivity strength between the 

sensorimotor and all other networks. Positive hub disruption indices are indicated by the slope of 

the solid black line fitted to each scatter plot. The dorsal/ventral attention network (magenta) 

showed strengthened connections to the sensorimotor network.  
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Supplementary Materials  

 

Figure S1 Effects of aging on strength of functional connections between networks 

(threshold level of top 2% functional connections). 

a)  

b)  

 

Bar chart provides direct group comparison of functional strength associated with each network. 

a) Within-network connections. Binomial proportion tests followed by multiple comparisons 
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correction showed aging was associated with significant increases within the sensorimotor 

network (corrected p-value = 0.024) and decreases in the DMN (corrected p-value = 0.024). b) 

Between-network analyses revealed no significant group differences in functional strength for 

between-network connections.  
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Figure S2 Effects of aging on number of functional connections within each functional 

network (threshold level of top 2% functional connections). 

a)  

b)  
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c)  

 

Bar charts (a-b) and a pie chart (c) provided direct group comparisons of number of 

functional connections belonging to each network at threshold level of top 2% functional 

connections. a) Within-network connections. Binomial proportion tests followed by multiple 

comparisons correction showed aging was associated with significant increases within the 

sensorimotor network (corrected p-value = 0.005) and decreases in the DMN (corrected p-

value = 0.0005). b-c) Between-network connections. The older group showed significantly 

increased between-network functional connections in the sensorimotor (corrected p-value < 

0.00001) and subcortical (corrected p-value = 0.005) networks.  The older group also showed 

significantly decreased proportion of between-network connections in the frontal-parietal 

(corrected p-value = 0.006) and salience (corrected p-value < 0.00001) networks (relative to 

the total number of between-network connections). 
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Figure S3 Age-related changes in local efficiency   

b) within the default mode network (DMN) (Young—red; Older—blue) 

 

 

b) within the sensorimotor network (Young—red; Older—blue) 
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Age-related differences of local efficiency in the default mode network (a) and the sensorimotor 

network (b) between the older (blue line) and younger group (red line) are plotted across 

different thresholds of connection density. Significant reduction of local efficiency was observed 

within the DMN (Wilcoxon rank sum test, p-value < 0.00001).  Local efficacy was increased 

within the sensorimotor network in the older group at threshold of top 2% and 6% connections 

(Wilcoxon rank sum test, p-values < 0.02).   
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Figure S4 Age-related changes in global efficiency   

a) within the default mode network (DMN) (Young—red; Older—blue) 

 

 

b) within the sensorimotor network (Young—red; Older—blue) 
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Age-related differences of global efficiency in the default mode network (a) and the 

sensorimotor network (b) between the older (blue lines) and younger group (red lines) are plotted 

across different thresholds of connection density. Global efficiency was significantly decreased 

in the DMN (Wilcoxon rank sum test, p-value < 0.00001) but increased in the sensorimotor 

network (Wilcoxon rank sum test, p-value < 0.0001).   
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Table S1 Group comparison of strength and degree between the sensorimotor and 

attention network (threshold level of top 2% functional connections) 

 

 Strength Degree 

Young 10.69 149 

Older 24.56↑ 297↑ 

 

The older group showed significantly increased number of functional connections (Binomial 

proportion tests, p-value < 0.00001) as well as the strength (Binomial proportion tests, p-value < 

0.05) between the sensorimotor and attention networks. Arrows indicate directional changes of 

network measures with aging. 
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Appendix: Network measures and findings are made at connection-density threshold of 

10%, 20%, 30% and 40%.  

 

Figure S5: Adjacency matrices at threshold of 20% 
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Shown are adjacency matrices of two representative subjects from each group with connection-

density threshold of 20%. Rows and columns denote 187 nodes and each element of the matrix 

denotes a link between the corresponding nodes. 
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Figure S6: Modularity (Young—red; Older—blue) 

 

Modularity consistently decreases with increased connection density for both groups (older 

group—blue line, young group—red line). The measure of modularity is significantly greater in 

the young group at threshold of 30%. However, group mean values of modularity decreased 

below 0.3 above the threshold or connection density of 0.1, which were indicative of random 

community structure (Newman and Girvan 2004). 
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Figure S7: Hub disruption index of within-module functional connectivity 

 

The hub disruption index of within-module degree z score is plotted at each threshold of 

connection density. Each data point is color-coded representing a node belonging to a particular 

functional network (i.e., red dots represent nodes belonging to the sensorimotor network and blue 

dots represent nodes belong to the default mode network). The mean value of within-module 

degree z-score of each node in the younger group <Young> (x-axis) is plotted against the 

difference between groups in mean value of within-module degree z-score of each node <Older> 

- <Young> (y-axis). 
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Figure S8 Global efficiency (Young—red; Older—blue) 

 

Global efficiency was compared between the two groups (older group—blue line, young 

group—red line) across different thresholds. No significant group difference was observed.   
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Figure S9 Hub disruption index of global efficiency 

 

In Figure S9, the black horizontal line represents equivalent global efficiency for the older group 

vs. the younger group. Nodes belonging to the sensorimotor network (red) showed increased 

global efficiency while nodes belonging to the default mode network (medium blue), salience 

network (royal blue) and subcortical/cerebellar network (green) showed decreased global 

efficiency.  
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Figure S10 Local efficiency (Young—red; Older—blue) 

 

Differences in local efficiency between the older (blue line) and younger group (red line) are 

plotted across different thresholds of connection density. Significant group differences (i.e., local 

efficiency, younger > older) were only observed at connection-density threshold of 10% 

(Wilcoxon rank sum test, p-value = 0.015).  
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Figure S11 Hub disruption index of local efficiency 

 

The hub disruption index of local efficiency is plotted at each threshold of connection density. 

The mean value of local efficiency of each node in the younger group <Young> (x-axis) is 

plotted against the difference between groups in mean local efficiency of each node <Older> - 

<Young> (y-axis). The hub disruption index of local efficiency was estimated as the gradient of 

the solid black lines fitted to the scatterplots. Negative hub disruption indices were observed 

across different thresholds, indicating regional disruption of local efficiency in the older group.  
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Figure S12: Strength (Young—red; Older—blue) 

  
 

The strength of functional connectivity was compared between the two groups across different 

thresholds (older group—blue line, young group—red line). Significant group difference was 

observed at threshold of 40% (Wilcoxon rank sum test, p-value = 0.008).    
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Figure S13 Distribution of functional connectivity strength (Young—red; Older—blue) 

 

The figure illustrates the distribution of functional connectivity strength compared between the 

two groups (histogram with a gamma distribution fit; older group—blue lines, young group—red 

lines).  
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Figure S14 Hub disruption index of strength 

 

The mean value of strength of each node in the younger group <Young> (x-axis) is plotted 

against the difference between groups in mean strength of each node <Older> - <Young> (y-

axis). The hub disruption index of strength was estimated as the gradient of the solid black lines 

fitted to the scatterplots. Positive hub disruption indices indicate regional increases in the 

strength of functional connectivity with aging.  
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Abstract 

Objective: The human brain is a rather complex and dynamic system that can be modeled as a 

large-scale brain network in order to better understand the reorganizational changes secondary to 

epilepsy.  In this study, we developed a brain functional network model using graph theory 

methods applied to the resting-state fMRI data acquired from a group of epilepsy patients and 

age-matched healthy controls.  

Methods: Brain functional network model was constructed based on resting-state functional 

connectivity. A minimum spanning tree combined with proportional thresholding approach was 

used to obtain sparse connectivity matrices for each subject, which formed the basis of brain 

networks. We examined the brain reorganizational changes in epilepsy thoroughly at the level of 

the whole brain, the functional network and individual brain regions.  

Results: At the whole brain level, local efficiency was significantly decreased in epilepsy 

patients compared with the healthy controls. However, global efficiency was significantly 

increased in epilepsy due to increased number of functional connections between networks (yet 

weakly connected). At the functional network level, there were significant proportion of newly-

formed connections between the default mode network and other networks, and between 

subcortical network and other networks, whereas a significant proportion of decreasing 

connections between the cingulo-opercular task-control network and other networks. Individual 

brain regions from different functional networks, however, showed distinct pattern of 

reorganizational changes in epilepsy.  

Significance: These findings suggest that epilepsy disrupts brain efficiency in a consistent 

pattern at the whole brain level yet alters brain functional networks and individual brain regions 

differently.  
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Key Words: epilepsy, functional networks, graph theory, network analysis 

 

Introduction 

The human brain is a complex structure that can be modeled as a network or a graph 

represented by a collection of nodes (i.e., cortical and subcortical brain regions) and links (i.e., 

associations between nodes) (Sporns et al., 2005). This approach is based on graph theory which 

provides a powerful way of examining the dynamic interactions among multiple brain regions 

and how these interactions together produce complex behaviors in human beings. This approach 

has provided insights into many neurological disorders including epilepsy, and has the potential 

as useful biomarkers for diagnostic and prognostic purposes (Haneef & Chiang, 2014). In the 

present study, we developed a network model based on resting-state functional connectivity 

using graph theory in order to examine the epileptic reorganizational changes in brain functional 

networks. Higher-order graph theoretic measures such as local efficiency and global efficiency 

along with lower-order measures such as strength and degree are estimated to quantify brain 

network organization and to compare the epileptic brain with age-matched healthy controls. By 

definition, an epileptic seizure is a transient occurrence of signs and/or symptoms due to 

abnormal excessive or synchronous neuronal activity in the brain (Fisher et al., 2005). This 

regional abnormal neuronal activity could potentially disrupt the connectivity basis of individual 

brain regions as well as brain networks. Therefore, in the current study, we hypothesize that the 

local and global efficiency can be affected by epilepsy and that epileptic disruptions may display 

distinct pattern across brain regions and networks.  

Previous studies on epilepsy have shown topological changes of whole brain functional networks 

in temporal lobe epilepsy (Wang et al., 2014) and in idiopathic generalized epilepsy (Zhang et 
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al., 2011). Here, we examined brain functional network reorganization at the level of whole 

brain, individual functional networks and individual brain regions in order to better understand 

the underlying mechanism of these reorganizational changes.      

We observed significantly decreased local efficiency but increased global efficiency in the 

epilepsy patient group. Although functional strength was similar for both groups, we found that 

between-network connections were increased, especially in the default mode and subcortical 

networks. Brain regions such as medial temporal lobe showed consistent disruptions similarly as 

observed brain-wide, whereas some regions such as the posterior cingulate cortex and postcentral 

gyrus displayed opposite direction of alterations. These findings suggest that epilepsy disrupts 

information processing in local network and brain-wide distributed networks by forming weak 

connections between networks. Epileptic disruptions at individual brain regions can have distinct 

pattern of alterations, suggesting that individual regions displaying abnormal network properties 

may be important in understanding the pathogenesis of epilepsy.   

 

Materials and Methods 

Subjects 

Current findings are based on data acquired from 9 epilepsy patients (33.8 ± 9.4 years, 6 F/3 M) 

and 9 age-matched healthy control subjects (33 ± 10.4 years, 6 F/3 M) (Table 1). Five patients 

were identified with temporal lobe epilepsy and 4 patients were idiopathic with unidentifiable 

seizure origins. No significant age or gender differences were found between the two groups. 

This study was approved by the University of Wisconsin-Madison’s Health Sciences 

Institutional Review Board. All subjects provided written informed consent. Subject profiles are 

shown in Table S1. 
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Neuroimaging data acquisition 

Each epilepsy patient received a 5-minute resting-state fMRI scan as part of the clinical 

examination from a 3.0 Tesla whole-body MRI scanner (DISCOVERY MR750, General Electric 

Medical Systems, Waukesha, WI, USA) with an 8-channel head coil. MR imaging parameters 

are: single shot EPI sequence, axial plane, TR = 2000 ms, TE = 30 ms, flip angle = 75°, slice 

thickness = 5 mm, number of slice = 28, acquisition matrix = 64 × 64, FOV = 240 × 240 mm
2
, 

voxel size = 3.75 × 3.75 × 5 mm
3
, NEX = 1. T1-weighted structural images were acquired 

axially (TR = 8.688 ms, TE = 3.468 ms, TI = 450 ms, flip angle = 12º, FOV = 240 × 240 mm
2
, 

voxel size = 0.47 × 0.47 × 1.2 mm
3
, number of slices = 136). 

Each age-matched healthy control subject received a 10-minute resting-state fMRI scan from the 

same scanner. MR imaging parameters are: single shot EPI sequence, sagittal plane, TR = 2600 

ms, TE = 22 ms, flip angle = 60°, slice thickness = 3.5 mm, number of slice = 40, acquisition 

matrix = 64 × 64, FOV = 224 × 224 mm
2
, voxel size = 3.5 × 3.5 × 3.5 mm

3
, NEX = 1. T1-

weighted structural images with 1 mm isotropic voxels were acquired axially (TR = 8.132 ms, 

TE = 3.18 ms, TI = 450 ms, flip angle = 12º, FOV = 256 × 256 mm
2
, number of slices = 156). 

 

Imaging data pre-processing 

Resting-state fMRI data was processed in AFNI (Cox, 1996) following the processing pipeline 

(Jo et al., 2013) for controlling head motion. Head motion has been shown to significantly affect 

the resting-state functional connectivity measures (Saad et al., 2009; Satterthwaite et al., 2012; 

Van Dijk et al., 2012). In current study, a secondary motion correction was performed to exclude 

fMRI volumes (i.e., time frames/points) with motion above a threshold. A score of motion 
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measurement corresponding to each volume was calculated as the square root of the sum of 

squares of the derivatives (SSD) of the six time courses of the motion parameters (Birn et al., 

2013; Jones et al., 2010; Meier et al., 2012). A stringent threshold of SSD was set at 0.2 mm; in 

other words, any time frame associated with a score of SSD greater than 0.2 mm was censored 

and later excluded using the –censor option provided in the AFNI program, 3dDeconvolve. This 

option essentially performed zero-filling to maintain the same sampling rate for each subject. 

Besides controlling motion effect, to avoid potential confounding effect due to different time 

length of rs-fMRI scan (i.e., 5-minute for epilepsy patients while 10-minute for healthy controls), 

we only used the first 5-minute scan from each age-matched healthy control subject.  

 

Brain network construction 

Brain networks were constructed based on resting-state functional connectivity (RSFC). Total 

187 brain regions of interest (ROIs) were predefined within the sensorimotor, cingulo-opercular 

task control, fronto-parietal task control, dorsal/ventral attention, default mode, salience and 

subcortical/cerebellar networks (Power et al., 2011). An averaged time series signal resulting 

from the pre-processed rs-fMRI data was extracted from each of these 187 regions with a radius 

of 4mm. Pearson correlation coefficient (rij) was calculated for the ith and jth ROI. This process 

generated a 187 × 187 connectivity matrix for each subject within each group. We then 

thresholded each of these connectivity matrix using a minimum spanning tree (MST) approach in 

order to obtain a sparse connectivity matrix with optimal functional connections for detecting 

epileptic disruptions on the brain networks. Each MST per subject was a spanning tree of a 

weighted sub-graph that is fully connected with all nodes containing maximum total weights of 

all links, which can be considered as the “skeleton structure” of the brain network for each 



167 
 

subject. However, these MSTs do not form clusters or loops among individual brain regions 

which keeps it from a biologically meaningful sparse representation of brain networks 

(Alexander-Bloch et al., 2010). In order to obtain a sparse yet biologically meaningful 

connectivity matrix, extra connections were added to the MST to form clusters or loops among 

brain regions. To do so, the top 2%, 4%, 6% and 8% of the remaining connections from the 

MST-extracted connectivity matrix were added to the MST, respectively. This resulted in 4 

sparse connectivity matrix with 4-level of highest proportion of functional connections from the 

original connectivity matrix for each subject. This approach ensured that 1) each sparse 

connectivity matrix for each epilepsy patient and healthy control subject contained equal number 

of functional connections, and that 2) a range of different proportional thresholds was examined 

to examine the effect of thresholding on group comparsions.  

   

Network analysis 

Graph theoretic analyses were applied to the sparse connectivity matrices. Graph metrics, 

including local efficiency, global efficiency and strength, were estimated using the Brain 

Connectivity Toolbox (Rubinov & Sporns, 2010) with adaptation made for calculating these 

metrics for individual brain regions.  

Local efficiency is a measure of information transmission among locally connected regions, such 

as in a module or a sub-network, whereas global efficiency is a measure of system-wide (i.e., 

over the whole brain) information transmission. Local efficiency implies that to what extent 

connections are being segregated into local clusters or sub-networks (Achard et al., 2012), 

whereas global efficiency indicates that to what extent connections are being integrated into a 

system-wide network (Rubinov & Sporns, 2010). Strength and degree are two lower-level graph 
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metrics that measure how strongly connections are formed over the whole brain or at individual 

brain regions. Strength is estimated as the mean value of weights (i.e., Pearson’s cross-

correlation coefficients) of all functional connections linking to a particular brain region or 

across multiple brain regions. Degree, a binary measure of functional strength, is estimated as the 

number of functional connections linking to a particular brain region and that survived 

thresholding.  

 

Estimating brain networks disruptions in epilepsy 

Epilepsy may disrupt brain network organization differently across regional locations and 

functional networks. We adopted a similar approach that was originally used for detecting 

functional network changes in comatose patients and referred as the hub disruption index, κ 

(Achard et al., 2012). The hub disruption index for a given graph metric, e.g., strength, was 

constructed by subtracting the mean regional strength of the healthy control group from the mean 

strength of the corresponding brain region in the epilepsy group and plotting this group mean 

difference against the healthy control group mean. The gradient of a straight line fitted to the 

data was referred as a hub disruption index, κ. This approach essentially provided a form of 

visualization as well as estimation for examining network and brain regional disruptions all 

together from a single plot.   

 

Statistical analysis 

Group comparison was conducted for each graph metric at each threshold level using the 

Wilcoxon rank sum test. Binomial proportion tests were later used to compare the proportions of 

strength and degree of each network to the total strength and degree in whole-brain networks, 
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respectively between the two groups (Song et al., 2012). FDR correction was applied for 

multiple comparisons.  

    

Results 

Disrupted local efficiency in epilepsy 

At the brain-wide level, we found that local efficiency was significantly decreased in epilepsy 

across a range of thresholds (Figure 1). Group-mean local efficiency increased monotonically as 

a function of increasing connection density (i.e., proportional thresholds). The measure of local 

efficiency estimated for individual brain regions on average over all subjects in each group also 

showed decrease in regions such as the medial temporal lobe of the default mode network 

(DMN) and postcentral gyrus (PCG) of the sensorimotor network. However, increased local 

efficiency was observed in some regions such as the posterior cingulate cortex (PCC) and 

angular gyrus from the DMN, thalamus from the subcortical network, and cerebellar vermis from 

the cerebellar network. A negative hub disruption index (κ < -0.6) was observed across all 

thresholds (Figure 2). In other words, brain regions with high information processing efficiency 

in healthy control subjects showed great reduction in epilepsy patients (i.e., medial temporal 

lobe), whereas brain regions with normal information processing efficiency in healthy controls 

showed abnormal increase in patients (i.e., PCC and PCG).  

 

 Disrupted global efficiency in epilepsy 

At the brain-wide level, global efficiency was significantly increased in epilepsy across a range 

of thresholds (Figure 3). Group-mean global efficiency increased monotonically as a function of 

increasing connection density. A negative hub disruption index of global efficiency (κ < -0.4) 
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was observed across all thresholds (Figure S1). Similar to what we have seen in local efficiency, 

we observed distinct pattern of changes in global efficiency across different brain regions. The 

medial temporal lobe and PCG continued to show decreased global efficiency, whereas the PCC, 

angular gyrus, thalamus and cerebellar vermis continued to show increased global efficiency.  

 

Increased between-network functional connections yet weakly connected 

At the brain-wide level, both groups had similar functional connection strength that increased   

monotonically as a function of increasing connection density (Figure 4). A negative hub 

disruption index of functional strength (κ < -0.4) was observed across all thresholds (Figure S2). 

To further examine the reorganizational changes for each functional network, we conducted a 

second-level analysis based on two basic graph metrics—the strength and degree. We found that 

within each functional network, the number and strength of connections were statistically similar 

between the two groups (Binomial proportional tests, p-value > 0.05; Figure S3). However, there 

was increased number of between-network connections in the epilepsy patients (Figure 5). Three 

functional networks showed significant group differences (Table 1). Epilepsy patients had 

significantly decreased proportion of between-network connections in cingulo-opercular task 

control network (Binomial proportional tests, corrected p-value < 0.001) and significantly 

increased proportion of between-network connections in the DMN and subcortical network 

(Binomial proportional tests, corrected p-values < 0.001). However, the corresponding functional 

strength of these newly-formed between-network connections was not significantly different 

between the two groups (Table S2), suggesting that these connections were weakly connected.  
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Discussion 

Previous studies have examined brain efficiency in both functional and anatomical white matter 

networks in epilepsy (Bernhardt et al., 2011; Liu et al., 2014; Vlooswijk et al., 2011; Wang et al., 

2014; Zhang et al., 2011). However, the findings have remained conflicting potentially due to the 

data processing approach. In our study, we matched each epilepsy patient with an age-matched 

healthy control subject and have taken stringent steps to safeguard againat head motion artifact 

following the recommended data processing pipeline (Jo et al., 2013). Furthermore, graph-theory 

metrics were assessed following consideration of different thresholds upon network calculations. 

Besides these traditional graph metrics, a “hub-disruption” index was calculated for these metrics 

to better visualize the epileptic disruptions across different networks and brain regions.      

 

Disrupted network efficiency  

Consist with a previous study based on 41 epilepsy patients and 23 healthy controls (Vlooswijk 

et al., 2011), we observed a whole-brain disruption of both local and global efficiency. Local 

efficiency was significantly decreased in patients with epilepsy (Figure 1), suggesting impaired 

regional information transmission and a disruption of network segregation (Rubinov & Sporns, 

2010). On the contrary, global efficiency was significantly increased in epilepsy (Figure 3), 

suggesting more efficiency for global information transmission, which may be a marker of 

abnormal transmission such as seizure propagation (Rubinov & Sporns, 2010). When examined 

at functional network level, both local and global efficiency tends to decline with a negative hub-

disruption index compared with healthy controls (Figures 2 and S1), indicating an exchange of 

brain hub to non-hub regions. In addition, this regional reorganization reveals an alteration of 
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functional importance of individual regions within the same functional network due to epilepsy, 

which may not be easily observed from a brain-wide network analysis.    

We observed that the medial temporal lobe from the DMN and postcentral gyrus from the 

sensorimotor network showed consistently decreased efficiency, whereas the PCC and angular 

gyrus from the DMN, thalamus from the subcortical network, and cerebellar vermis from the 

cerebellar network showed increased efficiency. These regions are critical areas in corresponding 

functional networks. To further examine if these changes are adaptive or maladaptive, we 

conducted secondary network analyses for each functional network.   

 

Abnormally increased weak connections between networks 

A finer-grained network analysis was performed to examine the changes in the number and 

strength of connections within and between networks. Besides similar whole-brain functional 

strength for both groups (Figure 4), within each functional network, we observed statistically 

similar number and strength of connections (Figure S3). However, there was markedly increased 

number of between-network connections (Figure 5) in epilepsy group. Further statistical analysis 

demonstrated that the DMN and subcortical networks had significantly increased number of 

connections to all other networks (Table 1). There was also a small yet significant amount of 

connections that disappeared between cingulo-opercular network and other networks. Overall 

there was an increase in between-network connections in epilepsy group. Nevertheless, these 

newly-formed connections between networks were shown to be weakly connected as the 

functional strength of between-network connections was statistically similar between the 

epilepsy and healthy control subjects (Table S2). This finding further supports the observation of 
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increased global efficiency which is potentially elevated by the increased amount of shortest path 

length for long-distance information processing (Rubinov & Sporns, 2010).  

 

Conclusion 

In the current study, graph theoretic analysis was applied to resting-state functional connectivity 

to examine the brain functional network reorganization at the presence of epilepsy. It provided 

direct evidence of large-scale network disruption in epilepsy patients. Compared with age-

matched healthy control subjects, these patients demonstrated impaired local efficiency and 

increased global efficiency at brain-wide level. When examined at functional network level, 

these patients showed increased number of connections between networks that are weakly 

connected, supporting the observations of abnormally high global efficiency. At individual brain 

regional level, however, epileptic effect led to distinct pattern of alterations.  Our findings 

suggest that brain-wide network efficiency is affected at the presence of epilepsy. With a finer-

grained network analysis at network and individual brain regional level, epileptic disruption on 

functional properties can be better understood.   

 

Limitations 

This study does have limitations. The small sample size (n = 9) and the heterogeneity of seizure 

location were the primary limitations of this study. Five of nine patients were identified with 

medial temporal epilepsy while the other four patients had no specific seizure location identified 

from their clinical reports. Next step of this study is to examine brain functional reorganization in 

temporal lobe epilepsy and evaluate the potential relationship between graph theoretic and 

clinical measures.   
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Figure/Table Legends 

Figure 1 Decreased local efficiency in epilepsy  

 

Figure 2 Hub disruption index of local efficiency 

Figure 3 Increased global efficiency in epilepsy 

Figure 4 Similar functional strength for both groups 

Figure 5 Increased number of between-network functional connections in epilepsy 

Table 1 Degree of functional connections between networks 

 

Supporting Information: 

Figure S1 Hub disruption index of global efficiency 

Figure S2 Hub disruption index of strength 

Figure S3 Strength and degree of within-network functional connections 

Table S1 Characteristics of epilepsy patients and healthy control subjects 

Table S2 Strength of functional connections between networks 
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Figure 1 Decreased local efficiency in epilepsy  

 

 
 

Shown are group comparison based on the Wilcoxon rank sum tests. Epilepsy patients show 

significantly decreased local efficiency across a range of thresholds/connection density   

(Epilepsy-blue line, Healthy control-red line). 
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Figure 2 Hub disruption index of local efficiency  

 

 
 

The hub disruption index of local efficiency is plotted at each threshold of connection density. 

The mean value of local efficiency of each node in the healthy control group <Healthy Control> 

(x-axis) is plotted against the difference between groups in mean local efficiency of each node 

<Epilepsy> - <Healthy Control> (y-axis). The hub disruption index of local efficiency is then 

estimated as the gradient of the solid black line fitted to the scatterplots. Negative hub disruption 

indices are observed across different thresholds, indicating an overall disruption of local 

efficiency in the epilepsy group. Compared to the healthy control group, epilepsy patients show 

distinct pattern of regional changes in local efficiency. The posterior cingulate cortex (PCC) has 

increased local efficiency, whereas the medial temporal lobe shows decreased local efficiency.  
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Figure 3 Increased global efficiency in epilepsy  

 

 
 

Global efficiency is significantly increased in the epilepsy group (Wilcoxon rank sum tests, p-

value < 0.001 with multiple comparison correction) (Epilepsy-blue line, Healthy control-red 

line). 

 

 

 

 

 

 

 

p-values  < 0.001 
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Figure 4 Similar functional strength for both groups  

 

 
 

Functional strength is similar for both groups (Wilcoxon rank sum tests, p-values  > 0.05) 

(Epilepsy-blue line, Healthy control-red line). 
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Figure 5 Increased number of between-network functional connections in epilepsy  

 

 
 

There is increased number of functional connections between networks in epilepsy patients.  
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Table 1 Degree of functional connections between networks  

 

Functional 

Network  

Healthy 

Control 
Epilepsy 

corrected 

p-value 

Directional 

change 

sensorimotor 0.179 0.179 
 

 

cingulo-opercular 0.132 0.093 <0.001  

fronto-parietal 0.153 0.148 
 

 

dorsal/ventral 

attention 
0.167 0.150 0.06 

 

default mode 0.190 0.235 <0.001  

salience 0.130 0.122 
 

 

subcortical 0.037 0.055 <0.001  

cerebellar 0.012 0.018 0.07  

 

Binomial proportional test was used to compare the proportion of between-network for each 

functional network followed by multiple comparison correction. The cingulo-opercular network 

showed significantly decreased between-network connections (p-value < 0.001), whereas the 

default mode and subcortical network showed significantly increased between-network 

connections (p-value < 0.001).  

 

 

 

 

 

 

 

 

 

 
 

 

 



184 
 

Supplementary Materials 

 

 

Figure S1 Hub disruption index of global efficiency  

 

 

The hub disruption index of global efficiency is plotted at each threshold of connection density. 

The mean value of global efficiency of each node in the healthy control group <Healthy 

Control> (x-axis) is plotted against the difference between groups in mean global efficiency of 

each node <Epilepsy> - <Healthy Control> (y-axis). The hub disruption index of global 

efficiency is estimated as the gradient of the solid black line fitted to the scatterplots. Negative 

hub disruption indices are observed across different thresholds, indicating an overall disruption 

of global efficiency in the epilepsy group.  
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Figure S2 Hub disruption index of strength 
 

 
 

The hub disruption index of strength is plotted at each threshold of connection density. The mean 

value of nodal strength in the healthy control group <healthy Control> (x-axis) is plotted against 

the difference between groups in the mean nodal strength <Epilepsy> - <Healthy Control> (y-

axis). The hub disruption index of strength is estimated as the gradient of the solid black line 

fitted to the scatterplots. Negative hub disruption indices are observed across different 

thresholds, indicating an overall disruption of strength in the epilepsy group.  
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Figure S3 Strength and degree of within-network functional connections 

 

 
 

 

 
 

Within each functional network, both groups had statistically similar strength and degree of 

connections (Binomial proportion test, p-values > 0.05 after multiple comparison correction).  
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Table S1: Characteristics of epilepsy patients and healthy control subjects 

Epilepsy 

Patient ID 

Age 

(years) 

Gender Epilepsy origin location 

Healthy 

Control ID 

Age 

(years) 

Gender 

638AF 25 F Not specified 026 25 M 

593LW 26 F Not specified 005 25 F 

500HM 27 F Not specified 009 27 F 

522EC 28 F mesial temporal sclerosis 023 28 M 

595AM 31 F Not specified 019 29 F 

551SK 33 M Not specified 014 29 F 

518AF 37 F right mesial temporal lobe 028 32 M 

539RS 44 M 

post left temporal 

cavernoma resection; 

partial temporal 

lobectomy 

030 50 F 

484KF 53 M mesial temporal sclerosis 054 52 F 

 
33.8 ± 

9.4 
6F/3M 5 known temporal lobe  

33 ± 

10.4 
6F/3M 

 

 

Table S2 Strength of functional connections between networks  

 

Functional Network 
Proportion of strength 

in each network 

 

Healthy 

Control 
Epilepsy 

sensorimotor 0.185 0.176 

cingulo-opercular 0.150 0.102 

fronto-parietal 0.142 0.149 

dorsal/ventral 

attention 
0.181 0.159 

default mode 0.168 0.230 

salience 0.138 0.128 

subcortical 0.029 0.043 

cerebellar 0.008 0.013 

 

Shown here are the proportions of between-network connection strength in each individual 

network relative to the total between-network connection strength across all networks in each 

group. Both groups had similar between-network connection strength (Binomial proportion test, 

corrected p-values > 0.05). 
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Conclusion of the thesis 

The human brain undergoes changes which reshape its own structure and function through 

thoughts and activities in the course of individual lives. This type of changes is known as 

neuroplasticity and is explained with clarity and thoroughness in the book of ‘the brain that 

changes itself’(Doidge 2007). The work presented in this thesis is intended to probe one small 

piece of neuroplasticity accompanied by normal healthy aging. It describes the application of 

statistical and mathematical approaches combined with functional magnetic resonance imaging 

(fMRI) data to understanding brain functional reorganization with aging and under the presence 

of epilepsy. 

Previous studies had shown aging plays a significant role in brain reorganization in the form of 

age-related neural decline, such as cerebral atrophy and synaptic loss, but it remained unclear 

how these structural changes ultimately affect the brain functions. In addition, numerous studies 

had used resting-state fMRI (rs-fMRI) to study brain functions. However, questions remained 

unclear whether these measures were reliable across different individuals and across time. 

Furthermore, how aging might affect this reliability was largely unknown. This work was able to 

advance the understanding of how normal healthy aging interfaces with the brain functional 

reorganization measured via rs-fMRI. First, this work verifies that rs-fMRI is a stable 

measurement that can be used to assess the brain functional connectivity across different scan 

sessions. Second, the effect of aging on the reliability of rs-fMRI measures is investigated the 

first time with findings suggesting that these measures are stable yet their reliability is affected 

by aging. Furthermore, the brain functional reorganization is elucidated by examining the brain 

as a network model using graph theory, and identifies how brain reorganizes itself globally and 

regionally with aging. Finally, it identifies two important brain functional networks showing 
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distinct patterns of reorganizational changes. Based on the work investigating brain changes with 

aging, this brain network model is further applied to a group of epilepsy patients and measures 

how brain networks are modified under the influences of seizures. By comparing these brain 

connectivity measures to those from age-matched healthy controls, this thesis shows how 

epilepsy induced brain changes may produce abnormally increased functional connections 

among brain networks and these newly-formed weak connections may ultimately lead to a 

decreased efficiency for brain processing information effectively within each functional division. 

Many studies have utilized brain imaging to understand the brain functional changes with aging 

and with other neurological and neurodegenerative diseases, including stroke (Di Carlo 2009), 

Alzheimer’s disease (AD), Parkinson’s disease (PD) ,amyotrophic lateral sclerosis (ALS), and 

fontotemporal dementia (Risacher and Saykin 2013). In chapter II we used resting-state fMRI 

(rs-fMRI) to measure brain functional connectivity in two groups of healthy individuals 

classified by age. First we showed rs-fMRI is a stable way to measure connections between brain 

regions which are functionally connected. This is the first study to examine the reliability of rs-

fMRI measures in older adults and compare these measures to those in younger adults. We 

showed moderate to high reliability of resting-state functional connectivity (RSFC) in both 

younger and older adults and a high consistency of large-scale patterns of connections observed 

across subjects. However, comparing to reliable functional connections in the older group to the 

younger group, we then confirmed that the number of reliable connections is significantly 

decreased in the older group, suggesting an underlying changes in RSFC associated with aging.  

Global signal regression (GSR) is another factor that could potentially modulate RSFC during 

the process of rs-fMRI signal processing (Saad et al. 2012). There are no other rs-fMRI issues 

more controversial than GSR. GSR used to be a common practice in rs-fMRI preprocessing but 
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was brought into attention after the report of tendency of GSR to zero-center the distribution of 

correlation values (Fox et al. 2009, Murphy et al. 2009). Therefore, we also investigated how 

GSR potentially affects RSFC and the test-retest reliability alongside of the aging effect. We 

found GSR tends to reduce the reliability of RSFC in the two age-groups by reducing the number 

of reliable connections. Given the fact that GSR approach remains in wide use in many rs-fMRI 

studies, we suggested its application should be interpreted with caution especially when 

examining group differences. Our finding was later confirmed in a recent case study of Autism 

spectrum disorders which reported that GSR systematically alters functional connections and 

influences group comparisons (Gotts et al. 2013).  

RSFC results from chapter II implicated that aging modulates brain functional organization. It is 

important to understand the aspects of brain reorganization that are critical in normal aging. In 

chapter III, we developed a brain network model using graph theory methods applied to the rs-

fMRI data acquired from two groups of normal healthy adults classified by age. This mathematic 

approach allows a systematic examination of brain reorganizational changes at brain-wide level 

and at local regional level.  

We found that brain functional networks demonstrated modular organization in both groups with 

modularity decreased with aging, suggesting less distinct functional divisions across whole brain 

networks. Local efficiency was also decreased with aging but not global efficiency. In addition, 

we also observed consistent disruptions of network properties at regional level in the older 

group, particularly, in two major functional networks--the default mode network (DMN) and the 

sensorimotor network. Local efficiency, global efficiency and regional strength were decreased 

in DMN and increased in the sensorimotor network in the older group. These results indicate that 

besides brain-wide reorganizational changes observed in the elderly, aging likely disrupts 
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individual brain networks differently depending on the functional properties. This work is the 

first study to demonstrate age- related brain functional reorganization globally and locally using 

a network analysis approach.  

In chapter III, We demonstrated that the network model is a reasonably effective way to quantify 

brain functional reorganization with aging and proved this network is reliably reproducible in 

different subjects and using different rs-fMRI datasets. In order to utilize this network approach 

for a better understating of disease-related brain reorganization, application in patient population 

is necessary. In chapter IV we applied network analysis to the rs-fMRI data acquired from a 

group of epilepsy patients and compared network measures to age-matched healthy control 

subjects. We were able to show that the epilepsy patients lost optimal modular organization in 

functional networks. Moreover, the patients showed significant decreases in efficiency for 

processing information in local functional divisions. These results suggest impaired and less 

efficient functional networks in epilepsy.  

To conclude, what are the benefits of using network analysis in neuroimaging research? First, 

with the increasing interests in the concept of “Big data”, there are few limitations in acquiring 

large and complex datasets, instead, the challenge rests in deriving information from analysis of 

a single large dataset. Graph theory-based network analysis is one of powerful approaches that 

can provide an abstract representation that eventually reduce the complexity when dealing with a 

large, complex datasets such as the neural networks. Second, network analysis not only allows to 

quantify the hierarchy and modular structures, and examine information traffic flow at different 

scales of a global graph, it also provides the flexibility to identify critical areas at regional level 

and determine information processing at local neighborhood. Third, human brains vary in size 

and shape across individuals. Network analysis can hid these features and help to identify 
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similarities and differences in the topological organization of the brain networks. Finally, using 

the same frame of references, brain networks can be constructed based on structural, functional 

or effective connectivity and comparisons can be made across different types of networks.  

 

Future directions 

Age-related brain functional reorganization related to cognitive performance 

There has been increasing interests in the neuroscience community in relating individual or 

group differences in brain functional connectivity with behavioral or cognitive measures. 

Although a recent study reported correlations between network measures and subject cognitive 

performance, none of these correlations survive multiple comparison correction (Geerligs et al. 

2014). Given the observed changes in the two important functional networks—the DMN and the 

sensorimotor network, we tested how these changes was related to the actual cognitive 

performance. In the younger group, we found that the within-modular degree z-score of the 

DMN is significantly and negatively correlated with the response time in the spatial working 

memory after multiple comparison correction. This suggests greater functional connectivity 

within the DMN is correlated with faster response times in spatial working memory task in 

younger adults. For future studies, more extensive behavioral tasks and multiple scan sessions 

would be helpful for evaluating the correlations between network measures and behavioral 

performances.  

 

Age-related structural reorganization in relation to functional reorganization 

The brain structural changes with aging have documented in previous studies with evidence from 

postmodern findings and neuroimaging analyses. Brain functioning is increasingly seen as a 
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complex interplay of dynamic neural systems that rely on the integrity of structural and 

functional networks. We have used diffusion tensor imaging (DTI) data combined with task-

fMRI data to examine the brain structural and functional changes while recovering from stroke 

(Song 2014). Results from this preliminary work showed a significant relationship between 

structural integrity (i.e., measured as fractional anisotropy (FA) values) of white matter tracts and 

the corticomotor activity in stroke patients. For future studies, structural connectivity constructed 

from DTI data would reveal more details in terms of underlying structural changes alongside the 

observed functional changes in the elderly, especially in brain regions belonging to the DMN and 

the sensorimotor network.  

 

Homogeneous epilepsy patients 

The application of brain network analysis in epilepsy reveals brain-wide alteration of functional 

networks with consistent observation of deceased efficiency of local information processing. 

However, this group of epilepsy had seizures originated from various brain regions which could 

affect individual brain networks differently. The confounding effects of anti-epileptic drugs, 

which can affect normal neuronal function, were not controlled for due to lack of sufficient 

information. In this thesis, we showed the proof-of-concept application of brain-wide network 

analysis in epilepsy patients to identify brain reorganizational changes. An intriguing direction 

for future research would be to collect data from many more epilepsy patients and segregate 

them based on the type of seizures, or the location of seizure origins with a control for 

confounding effect of anti-epileptic drugs.    

 

Brain network analysis in stroke patients 
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The ability for brain network modeling to examine whole brain-wide network changes suggests 

that it may prove efficacious in other disease processes. Indeed, a recent study is already applied 

graph-theory based network analysis to a group of stroke patients (Wang et al. 2010). However, 

this study only examined the functional reorganization of the motor execution network 

constructed from 21 brain regions. Although this study was able to show low efficiency of local 

information processing in stroke affected motor executive network, it remains largely unknown 

about the dynamic changes of whole brain functional network after stroke. Preliminary work has 

been done using DTI to examining brain structural and functional changes while recovery from 

stroke, which suggests that corticomotor functional activity measured by task-fMRI is 

significantly correlated with underlying structural changes in white matter tracts (Song 2014). A 

combined structural and functional network analysis would provide a better understanding of 

stroke recovery and allow for examining brain changes at global brain-wide level and at local 

regional level such as critical areas in motor and language networks or regions that are affected 

by stroke.    

 

Brain network analysis utilized for guiding clinical decision-making 

Brain network analysis not only holds promise as potential biomarkers for identifying the 

epileptogenic zone as shown in Chapter IV, it also has potential to provide clinicians with 

clinically useful biomarkers for assisting clinical decision-making in brain tumor patients. One 

application I have tried on is to identify functionally important brain regions near the tumor 

region based on their nodal degree. This information provides the neurosurgeon with information 

of critical regions they may want to avoid cutting while taking into account the presence of 

tumor. To further validate this approach, transcranial magnetic stimulation (TMS) can be used 
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for determining the functional importance of particular regions. One limitation of this approach 

is the time-length for data processing and network constructing. It is semi-automated and needs 

to be validated and fully automated in order to provide important and effective information for 

pre-surgical planning.  
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Abstract 

The human brain is a rather complex and dynamic system that can be modeled as a large-scale 

brain network in order to better understand the organizational properties as well as the 

reorganizational mechanism under disease conditions. This tutorial describes an approach for 

developing a brain functional network model that has been applied in normal healthy population 

as well as in epilepsy patients to examine the aging and epileptic effect on brain network 

reorganization. To note, this tutorial intends to provide one way to construct brain functional 

network model based on resting-state functional connectivity. Based on the sparse connectivity 

matrices, graph theory is applied to extract several topological features including higher-order 

measures such as modularity, local and global efficiency and lower-order measures including 

strength and degree. These metrics are assessed following consideration of different thresholds 

upon network calculations. As an introduction for new researchers in the field of network 

analysis, the challenges of graph theory analysis facing are discussed as well.  
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Key Words: graph theory, network analysis, functional networks, resting-state function 

connectivity 

 

Introduction 

The human brain is a complex structure that can be model as a network or a graph represented by 

a collection of nodes (i.e., cortical and subcortical brain regions) and links (i.e., associations 

between nodes)(Sporns et al., 2005). This approach is based on graph theory which provides a 

powerful way of examining the dynamic neuronal interactions from the macro scale of whole-

brain to micro scale of voxels, and examining how these interactions together produce complex 

behaviors in human beings. Within the neuronal network, white matter tracts (i.e., structural 

connectivity) form anatomical networks, individual brain regions (i.e., volume of grey matter) 

exhibit underlying, nonlinear statistical dependencies (i.e., functional connectivity) which form 

brain functional networks and with a priori knowledge of directional or causal interactions 

among brain regions (i.e., effective connectivity), functional networks can also be formed via 

effective connectivity. Graph theory analysis has been applied into these three major modalities 

of complex neural networks (Park & Friston, 2013). This tutorial, however, is focused on the 

analysis on functional networks based on resting-state fMRI data. General reviews on graph 

theoretical applications can be found from (Bullmore & Sporns, 2009).    

 

Methods 

Workflow for network connectivity analysis 

Network connectivity is the input for graph theory analysis and is also the output of general 

connectivity analysis. Here network connectivity is estimated from resting-state fMRI data. The 
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workflow for yielding functional connectivity starts with high-resolution anatomical MRI scans 

(Figure 1). These scans are later used to register the location of brain regions. Next step is to 

obtain time series of resting-state fMRI data from different brain regions. Deriving time series of 

fMRI data from each brain region is part of data preprocessing. A detailed description of 

preprocessing steps can be found from Chapter III of the thesis or Song et al. (2014, Brain 

Connectivity). Pearson’s correlation coefficients between the fMRI time series can be calculated 

and represented as a correlation matrix or resting-state functional connectivity (RSFC) matrix for 

each subject and each scan. Elements of the RSFC matrix have values ranging from -1 to 1. To 

note, time series and the correlation matrices can be generated using the @ROI_Corr_Mat option 

in the AFNI program (Cox, 1996). The RSFC matrix can be interpreted as a weighted matrix 

with correlation coefficients as weights of the links/edges, or it can be binarized in that only 

correlation coefficients above a threshold represent a “true” network connection and are assigned 

with values of 1s.  

 

Thresholding brain networks 

Thresholding a RSFC matrix is critical for obtaining a sparse adjacency matrix in that it should 

be optimal and contain not too little functional connections for detecting group differences but 

not too many functional connections that it may dilute group differences. The most commonly 

used approach for thresholding is to globally threshold the RSFC matrix at a fixed threshold, ρ, 

for any rij between -1 to 1. One potential problem with this global thresholding method is that 

once thresholded, the sparse RSFC matrices are not fully connected from node to node 

(Alexander-Bloch et al., 2010). This disconnectedness of the resulting graphs may ultimately 

change the properties of the original global and local functional connectivity, which may bias the 
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comparisons of graph-theoretic metrics between different groups of subjects. This tutorial 

introduces a minimum spanning tree (MST) approach that has been explored and used in 

building network model in normal healthy population as well as epilepsy patients (seen from 

Chapter III and IV). Each MST per subject is a spanning tree of a weighted sub-graph that is 

fully connected with all nodes having maximum total weight of all links. Although the MST 

sparsely represents a “skeleton structure” of the brain graph, it does not form clusters or loops 

among individual brain regions, which keeps it from a biologically meaningful sparse 

representation (Alexander-Bloch et al. 2010). To obtain a sparse, fully connected and 

biologically meaningful graph, extra links need to be added to the MST from the remaining 

RSFC matrix. To do so, a proportional thresholding method is recommended as in this way 

thresholding less likely rely on a concrete value of certain threshold. By proportionally 

thresholding the RSFC matrix, it preserves a proportion of the strongest weights. All other 

weights are set to 0s. The top 2% to 40% of thresholds have been examined in Chapter III. One 

main reason is that graphs become more random above a threshold level of 50% (Humphries et 

al., 2006).  

 

Deriving graph theoretical measures 

Graph theoretical measures are calculated using the Brain Connectivity Toolbox 

(https://sites.google.com/site/bctnet/).  It is an open-source toolbox which contains a large 

selection of complex network measures in Matlab (Rubinov & Sporns, 2010). The sparse RSFC 

matrices can be put into the functions directly for calculating network measures. For example, to 

threshold the RSFC proportionally, one would choose the function of ‘threshold_proportional’. 

This function requires two inputs—the RSFC matrix and the value of proportion. Once decided 

https://sites.google.com/site/bctnet/
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the proportion of weights to preserve, one would put the two inputs to the function of 

‘threshold_proportional’, which will automatically calculating a sparse RSFC. Similarly, clicking 

open any functions within this toolbox in Matlab, determining the inputs and setting up the 

required parameters described in the script, there should be output generated without problems.     

 

Discussions 

Controlling head-motion artifact 

Head motion has been shown to significantly affect the RSFC measures (Saad et al., 2009; Van 

Dijk et al., 2012), which could potentially alter the graph theoretical metrics as RSFC is the basis 

for graph theory analysis. Therefore, motion correction is critical in the preprocessing steps. 

Using the –censor option provided in the AFNI program, 3dDeconvolve is recommended. This 

option essentially includes the fMRI volumes (i.e., time frames/points) with corresponding 

motion below a stringent threshold and excludes the volumes with corresponding motion above 

the predefined threshold. Each corresponding motion is quantified as the square root of the sum 

of squares of the derivatives (SSD) of the six time courses of the motion parameters (Jones et al., 

2010). Besides censoring out motion-confounded volumes, a motion-match procedure was 

introduced in Chapter III. This method has provided reliable measures for different scan sessions 

with different subject group. Results were reported in Chapter III.  

 

Network thresholding  

As mentioned in Chapter III, one way to control the thresholding effect is by evaluating the 

modularity measure. The human brain, at least the healthy brain, demonstrates modular 

organization (Alexander-Bloch et al., 2010). A modularity value greater than 0.3 is indicative of 
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non-random community structure (Newman & Girvan, 2004). Therefore, a threshold that 

produces modularity less than 0.3 is not recommended.  

 

Graph theory pitfalls 

Although graph theory based network analysis has shown great promise for studying the brain 

(Chapter V), it is still facing challenges. Individual brain regions of interest (ROIs) are generally 

treated as uniform and homogeneous in terms of neuronal activities. However, at the neuronal 

level, neural responses could produce different functional patterns due to the dynamic 

interactions of axons and dendrites. This could also be expected at the global level in terms of the 

size and layer architecture of cortical and subcortical brain regions. Future studies examining the 

effect of properties and behavior of individual nodes on graph theory analysis will provide 

insights into this question. Another challenge is that with increasingly amount of imaging data, 

network analysis is facing a computational problem. Research raw data can be easier to collect 

than analyzed. For instance, correlation analysis between brain voxels from MRI data can take a 

considerable amount of time. It might need even more time when detecting the modular 

structures using optimization and/or iteration approach. High-performance computing will be in 

great need for large-scale voxel network analysis.     
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Figure 1 Workflow for functional connectivity analysis.            
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