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ABSTRACT 

 Alzheimer’s disease (AD) is a neurogenerative disease characterized by dementia, 

changes in behavior and cognition, and social isolation. Network studies into AD have shown 

inconclusive results regarding the disease’s effects on global metrics, but highly connected 

hub nodes are generally agreed to be primarily affected in the disease. One theory proposed 

to explain this is the activity dependent degeneration hypothesis, which speculates that hub 

nodes are primarily affected by Aβ and tau buildup due to their high intrinsic metabolic 

requirements which, over time, results in molecular strain and eventual damage. However, 

hubs have been described using a variety of different centrality metrics throughout the 

literature and these centralities likely capture different aspects of a node’s relationship to its 

network and its metabolic activity. To better understand different centrality metrics’ 

relationships to hub loss in AD, this study used a multimodal hub paradigm in which several 

centrality metrics were combined with the expectation that hubs identified by multiple 

centralities would be more highly active and thus more degraded in AD. Specifically, this 

study combined degree (Ki) and betweenness centrality (BC) as well as Ki and participation 

coefficient (PC). The modular consistency of the default mode network (DMN) was also 

compared across AD and cognitively normal (CN) groups to explore hub relationship with 

modularity. The results did not support the hypothesis that nodes identified by multiple 

centralities would be more different across groups, but they did show that high Ki nodes 

were consistently different while nodes identified only by high BC did not differ between 

groups. These differences were only observed in full brain analyses, not within the DMN was 

as expected. However, the scaled inclusivity analysis did show that DMN modular 

consistency was diminished within AD, replicating previous findings with a novel 

methodology.



 1 

Chapter 1: Alzheimer’s Disease and Network Science 

Alzheimer’s disease 

Currently, over 5.7 million Americans are believed to be living with Alzheimer’s 

disease (AD), a neurodegenerative disease clinically characterized primarily by dementia as 

well as confusion, changes in behavior, and difficulty speaking and walking (Facts and Figures 

www.alz.org). AD is currently labeled as the 6th leading cause of death in the US and that 5.7 

million number is projected to increase to around 14 million affected Americans by 2050. AD 

is a neurodegenerative disease, beginning with synaptic disfunction which eventually gives 

rise to neuronal death. Its diagnosis is associated with the proliferation of two trademark 

proteins: extracellular amyloid-β (Aβ) oligomers and intracellular hyperphosphorylated tau 

(Bloom, 2014; Crews & Masliah, 2010). Though these two biomarkers have long been 

associated with the disease, there is still little consensus on the exact mechanistic role each 

plays. 

The amyloid cascade hypothesis has been the traditional view of AD pathology since 

the discovery that a mutation of the amyloid-β precursor protein (APP) gene results in the 

aggregation of Aβ plaques (Hardy & Allsop, 1991). The basic hypothesis is that accumulation 

of Aβ has toxic effects which in some way cause or exacerbate tau hyperphosphorylation, 

resulting in tangle formation and cell death. Despite initially strong evidence for the 

hypothesis, decades of clinical failure to develop effective treatments and the lack of any 

clear connection between Aβ and tau or Aβ and cognitive disfunction have led to a 

widespread recognition that the hypothesis needs revisiting (Karran & De Strooper, 2016). 

Several other hypotheses have been proposed, some of which modify the existing cascade 

hypothesis by proposing that soluble oligomeric Aβ may be toxic while insoluble Aβ plaques 
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may actually be a symptom or potentially even a compensatory mechanism (X. Sun et al., 

2020). Other hypotheses that focus more on metabolic stressors which may result from 

mitochondrial disfunction (Hoyer, 1991), propose that AD may be better viewed as a 

vasculature disease (de la Torre, 2004), or place additional weight on the role of tau since it 

appears to have a more consistent relationship with observed neurodegeneration (Small & 

Duff, 2008).  

 Network Science 

With this wide array of hypotheses and a general uncertainty within the AD research 

community, some have sought to develop alternative methods for understanding and 

diagnosing the disease. One such framework which has shown growing promise is the field 

of network science. In the past two decades, advances in neuroimaging as well as the ability 

to analyze very large sets of data have led to rapid developments in the field of network 

science as it relates to the brain. This approach allows for metrics such as the Standard 

Uptake Value Ratio (SUVR) of PET images or the waveforms of EEG recordings to be 

correlated across the brain in order to generate representative networks.  

One of the most common techniques in network science is to use Blood Oxygen Level 

Dependent (BOLD) signals from functional MRIs (fMRI) as a representation of neural activity 

to generate networks showing the functional connectivity of a brain. This technique is useful 

because BOLD fluctuations are not restricted by structural neural pathways, but instead they 

are believed to show the functional patterns of the brain. BOLD signals have been shown to 

change over time and between different neural states, reflecting altered neural activity as 

the brain engages in different processes. As such, it is very important to consider a subject’s 

state during imaging. A common method is to record subjects in a task-free state, also 

known as resting state, where subjects are either asked to close their eyes or look at a 
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fixation point while their mind wanders. Images from this state consistently show the 

activation of several anatomically separate brain regions which are collectively referred to as 

the Default Mode Network (DMN). These regions include the ventromedial prefrontal cortex 

as well as the posterior cingulate cortex, the precuneus, and lateral parietal areas (Raichle, 

2015; Sheline et al., 2009). The DMN shows an anticorrelation with many task-active 

functional networks and it is believed to play a role in consciousness, daydreaming, and self-

referential mental processes such as episodic memory and future autobiographical planning 

(Li et al., 2019; Vanhaudenhuyse et al., 2010). 

 

FIGURE 1: An illustration of how functional network are generated from fMRI BOLD signals. Resting-state 

fMRI data are collected from each participant. The time series data from each voxel are extracted and each 

voxel is compared to every other voxel using a Pearson correlation analysis. The correlation values are 

compiled into a correlation matrix. In this study, that matrix is then binarized based on a threshold to 

generate an unweighted, undirected adjacency matrix. This matrix is then placed back into brainspace to 

create a funcitonal network of highly correlated brain regins. From (Joyce et al., 2010) 

 

The process of generating a network from fMRI BOLD signals is summarized in Figure 

1. A network consists of nodes, which represent anatomical portions of a brain, and edges, 

which represent connections between those nodes. In the case of fMRI functional 

connectivity networks, nodes can range in size from 3mm cubic voxels to entire large-scale 

brain regions based on one of many numerous neural atlases. Edges are determined by 
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comparing the BOLD oscillations of each node to the BOLD signal of every other node to 

generate a matrix of Pearson correlation values. These values are generally thresholded so 

that only some portion of the highest correlation values remain and the rest, which are 

assumed to be either weak or spurious correlations due to noise, are reduced to zero. Edges 

may be binarized so that all strong correlations receive a value of 1 and all spurious 

correlations become zero, or weighted networks may take relative values into account so 

that very strong correlations are treated as more functionally connected than an edge which 

barely surpasses the threshold. Also, networks may be directed, so that an edge may only 

represent the flow of information in one direction, or undirected/bidirectional, so that a 

correlation makes no statement of directionality and only implies that a connection exists. 

Currently, unweighted and undirected networks are among the most common networks 

reported. Therefore, that is also the methodology used in this paper. In all cases, the 

remaining connections can then be placed back into a standardized brain space to allow for 

further analysis with numerous network measures. For further information regarding the 

methodology of network generation and the history of the field, see Bullmore & Sporns,( 

2009) and  van den Heuvel & Hulshoff Pol (2010). 

 Among the very first reported findings regarding human functional connectivity 

networks was the discovery that the brain appears to abide by small-world principles as 

established by Watts and Strogatz (Achard, 2006; Bassett et al., 2006; Watts & Strogatz, 

1998). This small-world pattern was apparent at both macro and micro levels of neural 

organization and was consistent across rest and task states, suggesting a fractal or hierarchal 

architecture which allowed for dynamic changes while also maintaining a general global 

topology. Though not essential to small-world networks, many naturally occurring small-

world netwirks tend to display a highly skewed scale-free distribution of connections among 
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nodes. This results in a relatively low number of hub nodes which have a disproportionally 

huge number of edges and serve as a connective backbone for the rest of the network 

(Jeong et al., 2000).  

Also associated with this hierarchal pattern of connectivity is the concept of 

modularity. A module is defined as a community of nodes showing a much stronger 

connection among themselves than they have with nodes of other communities (Guimerà & 

Nunes Amaral, 2005; Newman, 2006). In many cases, neural modules tend to overlap well 

with established networks as have been observed in fMRI studies such as the DMN, 

frontoparietal network (FPN), and occipital regions associated with vision (Meunier, 2009). 

This modular organization, combined with the highly-connected hubs mentioned earlier, 

allows for networks to maintain a balance between the needs for both local functional 

segregation and global informational integration. Locally, a modular structure allows for 

communities to maintain high local connectivity for efficient processing. Highly connected 

hub nodes then function as information aggregators and serve to efficiently transfer 

information within and between communities globally. This neural organization follows 

patterns which are consistent across many other complex systems found in nature, as it 

balances the need for the efficient global facilitation of information with the high metabolic 

demands that requires (Bullmore & Sporns, 2009).  

 

 

Network Findings in Alzheimer’s Disease 

As researchers applied these same analyses to AD subjects, it became apparent that 

these basic aspects of a healthy neural network were altered in the disease state. Early 

explorations found AD networks showed longer average path lengths (L), decreased 
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clustering coefficients (C), and diminished small-worldness compared to cognitively normal 

(CN) older adults (C. Stam et al., 2006; Supekar et al., 2008). These led to the description of 

AD as a disconnection syndrome in which synaptic dysfunction and neuronal loss prevent the 

efficient transfer of information both within local network communities as shown by 

lowered C and across the global network as shown by an increased L.  

This relatively simple conception of the disease must be tempered by meta-analyses 

such as that done by Tijms and colleagues which showed that many network studies have 

reported contradictory results so that each reported result is also accompanied by multiple 

studies which found the opposite or found no significant differences (Tijms et al., 2013). Just 

in the two studies mentioned above, Stam et al. found increased path lengths, but found no 

difference in clustering coefficients. Supekar et al., on the other hand, found lowered C, but 

concluded that AD networks did not display significantly longer L when compared against CN 

subjects. Tijms suggests that the variety of different methodologies employed between the 

considered studies is responsible for the conflicting results. While results have been shown 

to be reproducible across fMRI scans when using the same analytical methodology 

(Telesford et al., 2010), other studies have shown that the number of nodes in a network can 

have a profound impact on nodal metrics, thus limiting the use of comparison of networks 

generated from differently scaled atlases (van Wijk et al., 2010; Zalesky et al., 2010). 

 While this likely explains the discrepancies between the studies considered by Tijms, 

since networks ranged from 21 nodes to several thousand, it also makes more interesting 

the fact that one finding was consistently reported across spatial scales: In those studies 

which reported hubs, regardless of how they were defined, all reported that hub nodes 

appeared targeted in AD (He et al., 2008; Lo et al., 2010; Yao et al., 2010). This is consistent 

with a large body of literature which shows that hub nodes appear particularly vulnerable to 
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degradation in AD (Buckner et al., 2009a; Bullmore & Sporns, 2012; Willem de Haan, Mott, 

et al., 2012; David T. Jones et al., 2016; Cornelis J. Stam, 2014; van den Heuvel & Sporns, 

2013). In particular, posterior regions of the DMN such as the precuneus, posterior cingulate 

cortex, and angular gyrus are commonly identified as hubs affected by AD (Buckner et al., 

2009a; He et al., 2008). This is in line with another body of literature which shows that DMN 

functional connectivity is consistently diminished in AD (Contreras et al., 2019; Simic et al., 

2014; C. Stam et al., 2006; C. J. Stam et al., 2009). Taken together, these findings have led to 

the development of a “targeted attack” model in which the loss of highly connected hubs 

within the DMN appears to play a significant role in the cognitive decline of AD patients.  

 A number of different theories have developed to explain this targeted attack. One of 

the most explored explanations, described as the Activity Dependent Degeneration 

hypothesis by de Haan and colleagues (Willem de Haan, Mott, et al., 2012), is that the high 

intrinsic metabolic rate of functional hubs leads to their failure in AD. Previous attempts to 

correlate graph centrality metrics to neuronal activity levels have had mixed results, but it is 

generally accepted that functional connectivity is at least correlated with structural 

projections and that longer connections require more energy to establish and maintain 

(Bullmore & Sporns, 2012). This assumption is largely built on studies which show that hub 

areas of high centrality also exhibit high metabolic function as measured by 

fluorodeoxyglucose (FDG) uptake in Positron Emission Tomography (PET) studies and that 

AD subjects show disrupted metabolism in conjunction with diminished hubs (Buckner, 

2005; Buckner et al., 2009a; Hoyer, 1991; Passow et al., 2015; Rabinovici et al., 2010; 

Vaishnavi et al., 2010). Studies have also generated artificial networks following observed 

neural topographies in order to measure different centrality metrics’ ability to predict 
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activity, but these have led to contradictory results depending on the specifics of the 

generated networks (Willem de Haan, Mott, et al., 2012; Fletcher & Wennekers, 2018a). 

 In a seminal paper on the topic, Buckner and colleagues showed that network hubs 

correlated with DMN regions, metabolic activity, and Aβ accumulation, particularly in medial 

posterior areas such as the precuneus (Buckner et al., 2009a). The authors argued that this 

finding showed promise as a potential explanation bridging metabolic activity, hub 

connectivity, and Aβ deposition in the overall picture of AD as a hub-disrupting disease. An 

important aspect of this paper is that hub nodes were defined solely based on the number of 

connections they had, a metric referred to as degree (Ki) which is one of the most simple and 

widely used metrics in network science. While high degree does capture some level of 

influence in a network, Power and colleagues argue that a unimodal definition of hubs based 

on degree may be susceptible to some network artifacts (Power et al., 2013). Specifically, 

they argue a node’s degree will be skewed by the size of the subcommunity within which it 

resides. They reference Buckner et al. (2009) and other degree-based studies which have 

found DMN regions to show high degree hubs and argue that, since the DMN is a large and 

very tightly connected subcommunity within the brain, nodes within the DMN will naturally 

have a very high degree when compared to other nodes outside of the DMN. This is an issue 

because hubs are generally considered to be highly critical for efficient network 

communication, so a degree-based definition of hubs may be overinflating the importance of 

a densely-connected subcommunity and missing the important contribution of nodes which 

may not be as highly connected, but are still integral to global network communication.  

 To bypass this potential artifact, they argue that additional metrics should be 

considered when considering the “hubness” of a node. One of these additional metrics is 

betweenness centrality (BC). This metric is based on the paths of all other nodes in a 
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network and how many of their shortest pathways run through any given node. A node with 

high BC will have many of these shortest connections running through it while a node with 

low BC will look peripheral because it will not be influential in many pathways. By this 

definition, the node’s centrality is not determined by its number of immediate connections, 

but instead by the number of global pathways to which it is important. 

 Another metric mentioned by Power is a node’s participation coefficient (PC), first 

described by Guimerà & Nunes Amaral (2005) as part of their Functional Cartography 

methodology. A node’s PC describes its tendency to communicate with other nodes within 

its own module or between modules. A node which only connects to nodes within its same 

module will have a low PC (nearing zero) while a node which distributes its connections 

equally among multiple modules will have a high PC (nearing 1). Generally, nodes defined as 

hubs which have a PC of ≤ 0.3 are considered provincial hubs and their main influence exists 

within their own module while nodes with a PC > 0.3 but ≤ 0.75 are referred to as connector 

hubs whose primary role is to integrate information from multiple subcommunities.  

These different hub definitions have been implemented in numerous studies, leading 

to intriguing findings. It has been shown that the deletion of nodes with high PC can lead to 

decreased global modularity, even in structurally unaffected portions of the brain, while the 

loss of modular hubs (nodes with a high degree compared to other nodes within the same 

module) does not lead to this effect (Gratton et al., 2012). This has an important relationship 

to findings which show that connector hubs are concentrated in lateral parietal areas such as 

the angular gyrus while medial parietal areas such as the precuneus and posterior cingulate 

cortex primarily contain provincial hubs (Xu et al., 2016). Indeed, when hubs were identified 

using BC instead of degree, the angular gyrus was identified as a major hub which is 

diminished in AD (Engels et al., 2015; He et al., 2008).  
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Another study which implemented functional cartography and described hubs based 

on their PC showed that, compared to healthy subjects, those with AD showed markedly 

diminished between-module connections in the parietal cortex (W. de Haan, van der Flier, et 

al., 2012a). This same study also showed that AD networks display an overall decrease in 

modularity. It is important to stress here that high modularity is indicative of strong 

segregation between modules. Decreased modularity in AD suggests that modules lose their 

functional segregation, thus networks “flatten” into a more homogenous network. A 

decrease in global modularity and decreased intermodular communication has been 

correlated with reduced cognition in AD (Matthew R. Brier, Thomas, Fagan, et al., 2014; W. 

de Haan, van der Flier, et al., 2012a).  

A notable feature lacking from any of these studies is the implementation of a multi-

modal definition of hubs. Based on the activity dependent degeneration hypothesis of AD, it 

should be of great interest to find a method to identify hubs which likely have high 

metabolic activity. Previous research attempting to link any single centrality metric to neural 

activity has not been conclusive, but it is reasonable to hypothesize that a combination of 

metrics could potentially be a better predictor of neural activity or, at least, a better 

definition of a hub node. For example, a node which has an incredibly high degree, but is not 

along the shortest path length of many pathways might be less active than a node of 

similarly high-degree which is also very central to many pathways. On the other hand, a 

node which is highly central to a small number of connections would likely not be as active 

as a node which is highly central and has a large number of connections. Alone, each metric 

is susceptible to mischaracterizing a node’s likely activity levels, but when combined, they 

likely capture a more accurate picture of a node’s chronic activity. This approach is not 

wholly novel – one study incorporated an exploratory multiple-feature definition of hubs 
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based on degree, BC, and a metric known as closeness centrality with the 90-node 

Anatomical Automatic Labeling (AAL) atlas and showed that nodes which were identified as 

hubs by all three metrics appeared to play a more key role in global efficiency than any 

nodes identified by only a single metric (Jiao et al., 2018) – but it is currently relatively 

uncommon.  

Based on the existing literature, in which nodes of high degree, high betweenness, 

and high participation coefficient have all been shown to be targeted in AD, this study 

applied a multi-modal approach to hub definition in order to try to capture a more accurate 

picture of hub degradation in AD. There were three specific hypotheses related to this 

methodology:  ) 1) the DMN would show diminished functional connectivity in the AD group; 

2) nodes which have both high Ki and high BC would be localized in the DMN and be more 

likely targeted in AD than nodes which only exhibit a high value of one centrality metric; 3) 

connector hubs would be preferentially targeted as compared to provincial hubs and that 

these nodes would be localized in the lateral parietal portions of the DMN. 
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Chapter 2: Using Multimodal Hub Definitions to Assess Changes 

Associated with AD 

Background 

Two consistent findings have been reported in the AD network literature: hubs 

appear particularly vulnerable to the disease and the DMN shows diminished functional 

connectivity (Buckner et al., 2009b; Cao et al., 2015; Engels et al., 2015; Tijms et al., 2013). 

The activity dependent degeneration hypothesis of AD supposes that hub vulnerability is 

caused by the high intrinsic metabolic activity of hub nodes which makes them susceptible 

to Aβ accumulation and neurotoxicity (Willem de Haan, Mott, et al., 2012). While evidence 

does exist that Aβ is accumulated in an activity dependent manner (Bero et al., 2011a; Cirrito 

et al., 2005) and that high functional connectivity levels correlate with high metabolic 

activity (Passow et al., 2015), there is less evidence linking specific centrality measures to 

neuronal activity.  

This is an issue because hubs are defined using different centrality metrics 

throughout AD literature, though they are most often identified using only a single centrality 

metric such as high global Ki (Buckner et al., 2009b), BC (Nijhuis et al., 2013), or PC (Gratton 

et al., 2012), or a relatively high value of one of these metrics compared to other 

neighboring nodes (Guimerà & Nunes Amaral, 2005; Joyce et al., 2010) . These hubs are 

generally treated as equivalent, but it is highly likely that different centrality measures are 

capturing different information about a node, its role in its network, and its activity levels. 

Several studies have recognized this and begun to use multiple centralities to define hubs 

(De Domenico et al., 2016; Jiao et al., 2018), but they have not done so in a way which also 
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allows them to explore how much each centrality is responsible for the hub status of the 

node.  

The goal of this study was to begin unraveling some of those differences in centrality 

metrics and also to determine if a multimodal hub definition could be a better predictor of 

hub activity and thus further the activity dependent degeneration model. To do this, voxel-

wise networks were created using rsfMRI data from participants and nodes identified as 

unimodal hubs defined by either Ki or BC were used to show differences between AD and CN 

networks. Then, maps of these hubs were overlaid onto each other and divided into 

mutually exclusive groups so that each voxel was either identified as a hub only by the Ki 

threshold, only by the BC threshold, or by both. It was hypothesized that, if BC and Ki both 

captured different aspects of neuronal activity, then nodes identified by both would be the 

nodes most affected in AD based on the activity dependent hypothesis.  

Hubs can also be divided based on their PC into provincial hubs, which primarily 

communicate within their own network subcommunity, or connector hubs which integrate 

information from multiple subcommunities (Guimerà & Nunes Amaral, 2005). Connector 

hubs have been found to be preferentially affected in AD (W. de Haan, van der Flier, et al., 

2012a; Gratton et al., 2012; Kabbara et al., 2018; Y. Sun et al., 2014). This study adapted the 

traditional functional cartography methodology developed by Guimerà & Nunes Amaral 

(2005). In the original paper, hubs were identified as nodes which had high degree compared 

to other nodes within their own module. These hubs were then separated into provincial 

and connector hubs based on their PC. In the present study, the PC values were calculated 

for the nodes in the top 20% of degree for the global network to identify provincial and 

connector hubs. This alteration was made so that these hub differences could be compared 

to differences seen in the previous Ki analysis, since the same 20% Ki nodes would be used.  
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Based on previous literature, it was hypothesized that that connector hubs would be more 

different between groups than provincial hubs.  

Lastly, to investigate DMN functional connectivity, a novel paradigm called scaled 

inclusivity was used to quantify modular consistency across groups. To do this, the method 

compares the spatial distributions of each network’s DMN to a functionally defined DMN 

mask and then compares the quality of that DMN overlap between groups to determine the 

consistency of each group’s modular organization. It was hypothesized that AD networks 

would show diminished consistency of nodes classified as belonging to the DMN, which 

would replicate previous findings of diminished DMN functional connectivity in AD.  

 

Methods 

Participant Demographics 

Participant data were obtained from the Alzheimer’s Disease Neuroimaging Initiative 

(ADNI) dataset. All participants were classified as either Alzheimer’s Disease (AD, n = 22, M/F 

11 male, 11 female, avg age = 74.7 +/- 8.08) or cognitively normal (CN, n = 21, 11 male, 10 

female, avg age = 76.78 +/- 4.82). Full participant demographics are listed in Table 1. 

Criteria for CN classification were: 1) no memory complaints (beyond what might be 

expected due to age) and non-depressed, verified by study partner; 2) normal memory 

function defined by scoring above an education-adjusted score on the Logical Memory II 

subscale from the Wechsler Memory Scale – Revised (Delayed Paragraph Recall Test, 

Paragraph A only) ( ≥ 9 for 16 or more years of education; ≥ 5 for 8-15 years of education; ≥ 3 

for 0- 7 years of education); 3) MMSE score between 24 and 30 (inclusive); 4) a Clinical 

Dementia Rating (CDR) of 0; 5) absence of impairment in any of the eight cognitive domains 
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(memory, language, perceptual skills, attention, constructive abilities, orientation, problem 

solving and functional abilities) as described by the National Institute of Neurological and 

Communicative Disorders and Stroke and the Alzheimer's Disease and Related Disorders 

Association (NINCDS/ADRDA). 

Criteria for AD classification were: 1) subjective memory concern reported by subject, 

study partner, or physician; 2) objective memory loss defined by scoring below an education-

adjusted score on the Logical Memory II subscale from the WMS-R (Delayed Paragraph 

Recall Test, Paragraph A only) ( ≤ 8 for 16 or more years of education; ≤ 4 for 8-15 years of 

education; ≤ 2 for 0- 7 years of education); 3) MMSE score between 20 and 26 (inclusive); 4) 

a CDR of 0.5 or 1.0; 5) and the NINCDS/ADRDA criteria for diagnosis of probable AD, defined 

as cognitive impairment in two or more areas of cognition, dementia established by a clinical 

examination, and an onset of these symptoms between the ages of 40 and 90 in the absence 

of any other syndrome capable of producing such symptoms. 

CN   AD   p value 

 Age 76.7 +/- 4.82  Age 74.7 =/- 8.09 p > 0.05 

 M/F 11/10  M/F 11/11  

Race White 95.20% Race White 95.50%  

 

African 

American 
4.80% 

 Asian 4.50%  

Education  16.4 +/- 1.85 Education  15.3 +/- 2.75 p > 0.05 

 > 16 years 28.60%  > 16 years 27.30%  

 11 ≤ x < 16 71.40%  11 ≤ x < 16 72.30%  

 MMSE 28.7 +/- 1.2  MMSE 22.37 =/- 2.2 p < 0.001 

TABLE 1: Participant demographics 
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Image Acquisition  

All participants analyzed in this study were obtained from the ADNI2 dataset. All MRI 

data used in this study were collected in the ADNI2 study. MRI data were collected using a 

3T Phillips MR scanner outfitted with a SENSE 8-channel coil. T1-weighted structural scans 

were collected in the sagittal plane using MP-RAGE at a resolution of 1x1x1.2mm (Repetition 

Time (TR) = 6.77ms, Echo Time (TE) = 3.13ms, Flip Angle = 9.0 degrees).  

Resting-state functional data were obtained from blood-oxygen-level-dependent 

(BOLD) images collected at a resolution of 3.3125x3.3125x3.3125mm (TR = 3000.0 ms, TE = 

30.0 ms, Flip Angle = 80.0 degrees). For each rsfMRI, subjects were instructed to rest with 

their eyes open for the duration of the 7-minute scan. Further ADNI protocol information is 

available at http://adni.loni.usc.edu/methods/documents/ 

 

Data Preprocessing 

All images were downloaded as DICOM files and then converted to NIFTI, as 

recommended by ADNI. The first 10 image volumes were removed in order to ensure that 

signals had time to normalize. The remaining images were then preprocessed using the 

Statistical Parametric Mapping (SPM12) (Ashburner et al, 2020) and Advanced Normalization 

Tools (ANTs) (Avants et al., 2011) toolboxes. SPM12 was used to slice-time correct the 

remaining images and realign them to the first image of the scan. Images were further 

preprocessed using SPM12 to remove skull tissue and segment the remaining tissue into 

white matter (WM), grey matter (GM), and cerebrospinal fluid (CSF). ANTs was then used to 

warp the segmented slices to the Colin brain template. 

The ICA-AROMA algorithm (Pruim et al., 2015) was used to correct for motion 

artifacts. Low and high frequency signals considered to be noise were removed using band-

http://adni.loni.usc.edu/methods/documents/
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pass filtering (0.009-0.08 Hz) and the mean signals from each tissue type, WM, GM, and CSF, 

were all regressed as well. Whole brain signals were also regressed out using the six 

movement parameters for realignment. 

Network Generation 

After processing, functional images were converted into voxel-based correlation 

matrices by comparing each voxel was compared to every other voxel, resulting in a matrix 

containing n*n comparisons. The resulting Pearson correlation coefficients were then 

thresholded and binarized so that only the top 5% of positive correlations were considered 

undirected edges with a value of one and all others were reduced to zero in the resulting 

adjacency matrix.  

Node Classifications 

Degree centrality (Ki) and Betweenness centrality (BC) were calculated for each node 

in voxel-based networks.  

Ki and BC values were then binarized at a 20% threshold to retain only nodes with a 

high value of one or both. These networks were then further categorized into high degree 

only nodes (KiO), high betweenness only nodes (BCO) and nodes which were classified in the 

top 20% of both metrics (BC+Ki) as demonstrated in Figure 2. These three groups were all 

mutually exclusive, so no BCO nodes nor KiO nodes were also present in BC+Ki images. 
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FIGURE 2: An illustration of the node classification methodology. The final three groups are mutually 

exclusive. The same 20% Ki threshold was used for the provincial and connector hub classifications. 

 

Modular Consistency 

A module is defined as a group of nodes which are more strongly interconnected 

within themselves than they are connected to nodes outside of their community. To identify 

modules in our functional networks, we employed the Louvain Stability method (Blondel et 

al., 2008). This algorithm is a bottom-up community detection method, meaning that it 

begins by optimizing the modularity of small, local communities for each node. Once small 

modules are created, the algorithm begins grouping these communities together in order to 

continue maximizing each community’s modularity value. This is repeated until the best 

possible grouping of nodes in a given network is achieved. 
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To compare modularity across groups, the Scaled Inclusivity method described by 

Steen and colleagues (2011) was implemented. This paradigm assigns a value to each voxel 

based on how consistently it belongs to a similar module across subjects. It then uses these 

consistency values to identify a single subject’s module which best serves as a reference 

partition for the community. For this study, the reference partition was selected to 

represent the DMN and was defined using the precuneus as a seed. This reference partition 

was then compared to a functionally defined DMN mask using a permutation analysis as 

described below.  

Provincial and Connector Hubs 

Similar to the BC/Ki classification method described above, provincial and connector 

hubs were defined by overlaying PC on to the top 20% Ki threshold map. To do this, first the 

functional cartography method described by Guimerà & Nunes Amaral (2005) was used to 

calculate the PC of each node This analysis used the previously identified modules to 

determine how many of a node’s edges existed within its own module and how many 

extended out to other modules. If a node has a PC of 1, its edges are evenly distributed 

among all modules. If the PC is 0, it’s edges are all confined within its own module.  

Connector hubs were defined as having a PC of > 0.3 and < 0.8 while provincial hubs 

were defined as having a PC of ≤ 0.3, which is consistent with (Guimerà & Nunes Amaral, 

2005). In this study, however, within-module degree was not compared using a z-score to 

identify hub nodes as was done in the original paper. Instead, the same binarized 20% Ki 

threshold used above was also used to determine which nodes would be included in the 

provincial/connector analysis. The result was that only nodes meeting the top 20% Ki 

threshold were considered as connector/provincial hubs and all other nodes were 

disregarded.  
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This was done due to the rationale of the activity dependent degeneration 

hypothesis and the assumed correlation between activity levels and degree. The z-score 

paradigm was designed to identify hub nodes at a regional level that might be lost in a global 

analysis. While these regional hubs are likely important for communication between small 

subcommunities, they likely would not exhibit the same level of activity as a hub belonging 

to a very large community.   Instead, it was reasoned that a definition based on the top 20% 

of degree would capture an accurate picture of nodes which form the backbone of a 

network while also allowing enough room to capture important nodes that would not be 

included in more strict definitions of hubs (such as top 1% or 5% Ki). This method also 

ensured that the same nodes included in the 20% Ki analysis and the KiO and BC+Ki analyses 

would be studied in this analysis, allowing for comparison between findings. 

Statistical Analyses 

Comparisons between groups in this study were primarily made using a permutation 

framework developed by Simpson et al. (2013). This framework is useful because it does not 

require an a priori knowledge of the null distribution. Instead, this analysis takes into 

account the spatial distribution of nodes included in the analysis and uses the Jaccard index 

to categorize the similarity of of these spatial maps based on how many key voxels spatially 

overlap between subjects. Essentially, each network is compared to each other network and 

their spatial similarity is quantified. A permutation analysis then randomly shifts and 

regroups these similarity matrices to generate its own null distribution and determine if the 

original groups are significantly different from one another (see Figure 3). 
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FIGURE 3: Example of the permutation analysis - adapted from Simpson et al. (2013). The original labeling 

shows the resulting similarity values obtained by comparing each subject’s spatial similarity to each other 

subject. The groups are then randomly permuted in order to determine the likelihood that the original 

two groups were significantly different from one another compared to the null distribution obtained by 

the permutations. 

 

In this study, 300,000 permutations were conducted for each analysis and an alpha of 

< 0.05 was considered significant. Permutations are designed only to determine if two 

groups are significantly different from each other. They do not determine how these groups 

are different, so the images generated by significant permutation analyses were then viewed 

in order to describe how they differ. 

First, permutation analyses compared the modular consistency values obtained from 

the SI_ROI analysis in order to compare DMN consistency between AD and CN subjects.  

Next, the initial top 20% overlap maps for Ki and BC nodes were compared as a standard 

before nodes were separated into their further classifications. Then, permutation analyses 
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compared KiO, BCO, and BC+Ki images as well as provincial and connector hub maps 

between the two groups. All of these analyses were carried out in three different ways. One 

permutation was conducted with on the whole brain data using no mask. Another was done 

using the same functionally defined DMN mask as used in SI_ROI and a third was conducted 

using a mask of only the posterior DMN (medial and lateral parietal areas).  

 

Results 

Modular Consistency 

The permutation analysis showed that the AD and CN groups displayed significantly 

different DMN modularity (p < 0.01). Visual inspection of the images suggests that modular 

consistency is generally diminished throughout the DMN. The posterior hub regions of the 

precuneus and bilateral angular gyri appear to still be present in the AD group, but the 

consistency of the frontal lobe looks to be much lesser in AD.  

 

FIGURE 4: Average voxel SI values based on consistent grouping within the DMN. AD (left) shows general 

diminished modular consistency compared to CN (right). Differences are particularly large in the anterior portion 

of the DMN. 
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Ki 20% images 

A whole brain permutation analysis of all nodes included in the top 20% of Ki before 

further classification found a significant difference between groups (p < .02). Neither analysis 

using a DMN mask identified any significant differences (p > 0.1). Visual inspection of the 

whole brain images suggests a definite reduction in consistency within the DMN, where the 

highest degree nodes tend to aggregate. However, it is also apparent that there are high 

degree nodes present throughout the medial and lateral frontal lobe and superior parietal 

areas which see reduction in AD, potentially explaining the whole brain differences here.  

The average Ki for each region was also calculated and is shown in Table 2. Student t-

tests showed no difference between groups (p > 0.1).

FIGURE 5: Images generated from the whole brain permutation analysis of top 20% Ki nodes. These show 

the consistency that each node met the 20% threshold across subjects. AD networks (left) show 

diminished consistency compared to CN networks (right) ( p = 0.016), particularly in anterior portions of 

the brain. 
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BC 20% images 

A whole brain permutation analysis of all nodes included in the top 20% of BC before 

further classification found a significant difference between groups (p < .01). Neither analysis 

using a DMN mask identified any significant differences (p > 0.1). Visual analysis of the 

images shows that, unlike in the 20% Ki group, high BC nodes in the medial frontal lobe 

appear relatively conserved in AD. The lateral frontal areas still show diminished consistency 

and there is an obvious loss of consistency in the posterior and superior portion of the DMN 

and surrounding areas.   

The average BC for each region was also calculated and is shown in Table 2. Student 

t-tests showed no difference between groups (p > 0.1). 

 

 

FIGURE 6: Images generated from the whole brain permutation analysis of top 20% BC nodes. These show 

the consistency that each node met the 20% threshold across subjects. AD networks (left) show diminished 

consistency compared to CN networks (right) (p = 0.006). Differences appear most apparent in lateral 

anterior portions as well as posterior DMN and surrounding areas.  
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Group Node Category Whole brain DMN (full) DMN (posterior) 

AD 20% Ki 227.6 +/- 48.8 235.2 +/- 60.3 259.5 +/- 77.6 

CN  220.6 +/- 44.7 238.8 +/- 66.4 257.8 +/- 80.9 

AD 20% BC 5.23*10-4 +/- 1.67*10-4 5.25*10-4 +/- 1.59*10-4 5.48*10-4 +/- 1.78*10-4 

CN  4.71*10-4 +/- 1.47*10-4 4.80*10-4 +/- 1.43*10-4 5.10*10-4 +/- 1.78*10-4 

TABLE 2: Average top 20% Ki and BC values.  

KiO 

A whole brain permutation analysis of nodes which only met the threshold of top 

20% Ki found a significant difference between groups (p = 0.039). When a full DMN mask 

was applied to the permutation analysis, statistical significance decreased to only a trend (p 

= 0.056). Further, when the posterior DMN mask was applied, there was no trend at all (p > 

0.1). A visual analysis can help explain these findings. The posterior DMN shows the most 

consistency in both groups, particularly within the precuneus. Anterior portions of the DMN 

as well as other medial frontal areas appear greatly decreased in AD.  

 

FIGURE 7: Images generated from the whole brain permutation analysis of KiO nodes. AD networks (left) 

show diminished consistency compared to CN networks (right) (p = 0.039). The precuneus, though 

diminished, appears relatively stable. 
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BCO 

For nodes which only met the criteria of top 20% BC, the whole brain permutation 

found no significant differences (p > 0.1). Interestingly, when the full DMN mask was applied, 

the p value began to trend towards significance (p = 0.063). When the posterior DMN mask 

was applied, however, the trend disappeared (p > 0.1). Visual inspection of the images 

shows that this trend is likely negligible as node consistency is already very low in the CN 

group. The full DMN trend may have been caused not by reduction, but a spatial shifting of 

BCO nodes in the anterior DMN from more superior to more inferior positions.  

 

 

FIGURE 8: Images generated from the whole brain permutation analysis of BCO nodes. Consistency is 

already sparse in the CN group, so it is difficult to identify any particular trends across groups.  

 

BC+Ki 

For those nodes which were in the top 20% of both Ki and BC, a significant difference 

was found in the whole brain analysis (p = 0.011). When both the full DMN and posterior 
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DMN masks were applied, there was no trend observed (p > 0.1 in both). Visual analysis of 

these images shows that the posterior DMN and a small portion of the anterior DMN are 

relatively consistent. The largest reductions appear to be in medial and lateral portions of 

the frontal lobe outside of the DMN.  

 

Figure 9: Images generated from the whole brain permutation analysis of BC+Ki nodes shows the 

consistency that each node met the 20% threshold of both metrics across subjects. AD networks (left) show 

diminished consistency compared to CN networks (right) (p = 0.011). The shift is not only within areas 

associated with the DMN, but also dorsomedial frontal lobe regions associated with the SN and CEN. 

 

Provincial Hubs 

Provincial hubs, in this case nodes in the top 20% of Ki and with a PC of ≤ 0.3, neared 

statistical difference in the whole brain analysis (p = 0.054). There was no observed trend 

when the full DMN or posterior DMN masks were applied (p > 0.1 in both). Visual inspection 

suggests an aggregation of provincial hubs in the posterior DMN which remains relatively 

stable, though reduced, in AD. Again, there is a noticeably larger loss of hubs in more 

anterior portions of the brain. 
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FIGURE 10: Provincial hub consistency in AD (left) and CN (right) subjects based on the whole-brain 

permutation analysis (p = .054). A large portion of provincial hubs appear to aggregate in the posterior 

DMN, particularly within the precuneus.  

 

Connector Hubs 

Connector hubs, defined here as nodes in the top 20% of Ki and with a PC > 0.3 and < 

0.8, followed a similar patter to provincial hubs except, in this case, the whole brain 

permutation resulted in a statistically significant difference (p = 0.036). Neither analyses run 

with DMN masks showed any differences (p > 0.1 in both). Visual inspection suggests that 

group differences here may not be due solely to decreased consistency, but a slight shift of 

spatial location. A relatively consistent core of hubs is present in the superior posterior DMN 

of the CN group image, but this core appears to be slightly shifted more inferior in the AD 

group image. Similar to the BC+Ki nodes, there is also an apparent reduction in connector 

hubs in the anterior DMN and medial frontal areas outside the DMN.  
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FIGURE 11: Connector hub consistency in AD (left) and CN (right) subjects based on the whole-brain 

permutation analysis (p = .036). There appears to be a shift in location of hubs in the posterior DMN and a 

reduction of hubs in the medial frontal lobe.  

 

Discussion 

Hypothesis Conclusions 

This study first tested the hypothesis that the DMN of AD subjects would show 

diminished modular consistency. The permutation analysis comparing each group’s 

modularity compared to a full DMN mask confirmed a significant group difference and a 

visual inspection of the group average images shows that nodes are less consistently 

grouped within the DMN module in AD subjects. In this way, the scaled inclusivity paradigm 

and permutation analysis replicated previously reported findings of decreased modularity in 

the DMN using a novel methodology (Matthew R. Brier, Thomas, Fagan, et al., 2014; W. de 

Haan, van der Flier, et al., 2012a; Kabbara et al., 2018). 

The second hypothesis in this study predicted that BC+Ki nodes would aggregate 

within the DMN and show a larger difference across groups than KiO or BCO nodes would. 
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This hypothesis was not supported by the findings of the study. Instead, significant 

differences between the two groups were only found in whole-brain comparisons of BC+Ki 

nodes and KiO nodes. Comparisons made with either a full DMN or posterior DMN mask 

found no significant differences, though, surprisingly it was KiO and BCO nodes which 

appeared to be trending in the full DMN mask.   

Visual inspection of KiO nodes in Figure 7 suggested that the posterior DMN 

remained relatively consistent while the anterior DMN appeared diminished. However, there 

was also a portion of nodes just outside the anterior DMN which was also lost in AD. It is 

likely that the marginal difference here can be attributed to changes in the anterior DMN, 

but the consistency of the DMN may prevent the permutation analysis from identifying the 

groups as significantly different.  

Interpretation of BCO nodes in Figure 8 is more difficult as there does not appear to 

be any clear pattern. A p-value of 0.63 is far from significance so too much speculation here 

would be unwarranted, but it is interesting how different this value is from the posterior 

DMN and whole brain permutations. In this case, the minor trend may be caused more by a 

changing location of BCO nodes between groups rather than a unidirectional loss of nodes.  

The third hypothesis also focused on the DMN, but predicted that connector hubs 

would be more affected than provincial hubs. Similar to hypothesis two, whole-brain 

analyses showed a significant difference in connector hubs and a trending p-value in 

provincial hubs, but no differences were detected in the DMN, meaning that this hypothesis 

was not supported. 

Significant Centrality Differences in the Whole Brain  

Focusing first on the whole-brain results, initial analyses of 20% overlap maps before 

any further classification showed that both high BC and high Ki nodes were significantly 
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different across groups and visual inspection showed a general loss of consistency. However, 

once the nodes were separated into the three mutually exclusive categories, only those 

classified as BC+Ki or KiO continued to show significant differences. Nodes which had only 

high BC, but not high Ki, showed no global differences. This could mean that, in studies 

which have used BC as a unimodal hub definition, the differences observed in AD may have 

actually caused more by underlying differences in Ki or in other values.  

As both BC+Ki and KiO nodes were found to differ significantly between groups, it 

cannot be concluded from this study that the BC+Ki multimodal definition serves as a better 

predictor of node loss in AD. Still, a move towards more complex, multimodal definitions of 

nodes appears to be an interesting path forward for research (Guillon et al., 2019; Jiao et al., 

2018). Further research into the exact relationship between different centrality metrics and 

neuronal activity levels such as that done by Fletcher & Wennekers (2018) will likely be very 

useful for this line of research as well.  

Whole brain analyses also found a significant difference in connector hubs, along 

with a marginal difference in provincial hubs (see Figures 11 and 10 respectively). Visual 

inspection showed that both hub types generally decreased in their consistency. Connector 

hubs were located throughout the cortex and those in dorsomedial areas of the frontal lobe 

appeared to be lost in AD, but there appeared to be a slightly increased consistency in 

inferior posterior regions. Provincial hubs appeared to align more consistently with the DMN 

and there was a general reduction in consistency in AD, though posterior hubs in the 

precuneus and bilateral angular gyri appeared relatively stable in the disease compared to 

anterior provincial hubs.  

While these results do show that connector hubs can be considered to be different 

across groups, which is consistent with other studies reporting a loss of connector hubs in 
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AD (W. de Haan, van der Flier, et al., 2012a; Kabbara et al., 2018; Y. Sun et al., 2014), it is 

difficult to say that either hub type is a better predictor of hub degradation in AD based on 

the permutation analses. Based on Figure 10, there certainly does not appear to be the 

increase in provincial hubs which some studies report (Kabbara et al., 2018)  This may be an 

artifact of the modified functional cartography paradigm used in this study, namely the 

decision to classify hubs based on the 20% Ki overlap and not based on a within-module Z-

score as is traditionally used.  

 Lack of Centrality Differences in DMN 

An unexpected finding in this study was the lack of difference in any analysis which 

applied a DMN mask. Previous literature has heavily focused on changes within the DMN, 

from loss of hubs (W. de Haan, van der Flier, et al., 2012a; Simic et al., 2014) to accumulation 

of extracellular Aβ (Bero et al., 2011a; Buckner, 2005; Buckner et al., 2009b) and diminished 

metabolic activity (H. Liu et al., 2019; Passow et al., 2015), so the absence of any significant 

centrality differences within the region was surprising. Based on all figures showing brain 

images, it is apparent that there are hubs concentrated within the DMN and that there is 

some change, so this notion should not be written off, but the lack of statistical significance 

here is interesting.    

An important caveat to interpretation here is the fact that, as is described in Pessoa 

(2014), the centrality of a node is not an intrinsic value of that node itself. Rather, it is a 

product of that node’s placement within the context of the whole network. Because of this, 

a change to the Ki or BC of a node may not necessarily reflect damage to node A, but rather 

damage done to other nodes in the network which eventually connect to node A. 

This means that changes observed only in the whole-brain analyses may still be 

caused by damage located in the DMN, but the effect is seen outside. However, the reverse 
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case could also be made – it may be that AD-related damage throughout the brain result in 

the previously observed changes within the DMN. This contradiction is captured when 

comparing other studies which report that the rich club core of a network (often associated 

with heavily connected DMN nodes) appears to be primarily targeted in AD (Yan et al., 2018) 

while others report the peripheries are targeted and the rich club is preserved (Daianu et al., 

2015). 

This current study captures only a snapshot of AD and cannot make any claims of 

directionality, but further research using paradigms which factor in the centrality metrics of 

neighboring nodes such as Katz centrality (Fletcher & Wennekers, 2018b) could provide a 

way to explore these questions.  

Diminished DMN Modular Consistency in AD 

The scaled inclusivity analysis showed that, in AD, the DMN modular community was 

less consistent than in cognitively normal older adults. In other words, the likelihood that the 

same node across subjects was categorized as belonging to the DMN module decreased in 

the AD group. In Figure 4, higher value areas are more consistently identified as belonging to 

the DMN in each group.  

A visual inspection shows that there is a lower average consistency throughout the 

DMN, but that there is a particular loss of consistency in the anterior portion of the DMN. 

This is consistent with previous studies which have reported a general decrease of functional 

connectivity in posterior DMN as well as a “decoupling” of the anterior and posterior DMN 

(Dillen et al., 2017; Grajski & Bressler, 2019; D. T. Jones et al., 2011; Sanz-Arigita et al., 2010).  

Beyond the DMN 

Further research outside of the DMN has found that other functional networks are 

also affected in AD. In particular, increases in functional connectivity within the salience 
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network (SN) and central executive networks (CEN) have been reported (Agosta et al., 2012; 

Badhwar et al., 2017), though other studies report that this increase is transient and 

ultimately gives way to an overall decrease (M. R. Brier et al., 2012).  

These findings outside of the DMN may be of interest in relation to whole-brain 

findings in this study. In Figure 9, which shows changes in BC+Ki nodes across groups, it is 

apparent that there is a large loss of these nodes in frontomedial areas associated with the 

SN and in dorsolateral areas of the frontal lobe associated with the CEN. The loss of hub 

regions outside of the DMN has been reported previously by Brier and colleagues (2014). 

However, analyses regarding these networks extends beyond the scope of this study and 

thus were not considered here, though they merit further study. 

In addition to intra-network dysfunction, inter-network dysfunction has become an 

increasingly reported aspect of AD. Hand in hand with reports of lost connector hubs and 

decreased modularity, these studies point to losses of anticorrelations between the DMN 

and task-positive functional networks such as the dorsal attention network (M. R. Brier et al., 

2012) and SN (Li et al., 2019). The loss of anticorrelations has also been shown in healthy 

older adults compared to young adults, where degree of reduction correlates with 

decreased working memory in healthy aging (Keller et al., 2015). Together, these findings 

show that the decreased modularity in AD may represent a movement towards the 

homogeneity of functional networks as long-range connections are lost and global 

integration becomes more difficult, shorter local connections begin to bridge networks 

together in order to communicate information and/or recruit computing power to 

compensate (Agosta et al., 2012; Willem de Haan, Mott, et al., 2012; Gratton et al., 2012; He 

et al., 2008; Kabbara et al., 2018; Y. Sun et al., 2014).  
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To explore this possibility, Figure 12 displays the most representative DMN module 

for AD and CN participants as determined by the scaled inclusivity paradigm. If the DMN 

were actually merging with other functional networks, it would be expected that the 

representative module would grow to incorporate those regions. However, it can be seen 

that, if anything, the representative DMN in AD appears smaller and more disjointed. Based 

on this image, no strong statement can be made regarding an increased connectivity 

between the DMN and other functional networks, though it may be possible that the 

portions of the DMN module lost in AD could have been incorporated into other functional 

networks.  

 

FIGURE 12: The representative DMN module of AD (left) and CN (right) networks as determined by the 

scaled inclusivity paradigm. The posterior DMN appears similar in both groups, but the anterior portion is 

much more fragmented in the AD group.  
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FIGURE 13: Similarity matrix generated by the BC+Ki node permutation analysis. The CN group (bottom 

right) shows relatively strong within-group similarity while the AD group (top left) shows little similarity 

among participants. 

If anything, the differences in representative DMN modules along with the similarity 

matrix in Figure 13 demonstrates that AD participants display high variance among their 

networks while CN participants are much more similar. This itself is an important takeaway 

as it highlights a difficulty in this field of study. It is possible that some of the conflicting 

findings in AD studies are caused by methodology, but perhaps it is also possible that this 

disease follows a slightly different pathology among participants, resulting in slightly 

different timelines of progression or even in differently structured networks.  

 

Limitations 

This study employed a voxel-wise analysis of rsfMRI correlations to generate 

functional networks. This technique operates under the assumption the BOLD signals 
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accurately reflect neural activity levels though it is only an indirect representation. Further, 

Power and colleagues (2013) have described potential sub-community artifacts caused by 

the use Pearson correlations in network generation as well as the fact that voxels represent 

an arbitrary unit and may thus misconstrue functional information.  

In the analysis presented above, the decision to threshold values at 20% was an 

arbitrary decision made in the hopes of capturing nodes of high values while allowing for the 

inclusion of nodes which may not be included in more strict hub definitions such as the top 

1% of degree. To account for this, similar preliminary analyses to those described in this 

paper were also conducted at Ki and BC thresholds of 10% and 30%. All results from these 

followed similar trends, suggesting that, though arbitrary, a threshold of 20% does not 

fundamentally alter the results compared to any other threshold.  

Conclusions 

This study sought to explore the activity dependent degeneration hypothesis of AD 

and to determine if a multimodal hub definition could provide better insight into AD 

pathology. While the multimodal BC+Ki definition found significant differences across 

groups, so too did the KiO group. However, nodes exhibiting only a high BCO without high Ki 

failed to distinguish between the two groups, possibly meaning that it alone is not a reliable 

centrality metric for identifying hubs in AD.  

High Ki nodes with high PCs (connector hubs) were also significantly different across 

groups while high Ki nodes with low PCs (provincial hubs) showed marginal difference. Visual 

inspection of these show that provincial hubs in the posterior DMN remain relatively stable, 

though diminished, in AD while connector hubs are located more generally throughout the 

cortex and are also diminished.  
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High variability in AD networks observed here suggests that perhaps the activity 

dependent model of degeneration is too simplistic and does not account for varied 

responses to the disease or the various way it may proliferate. It may just be a component of 

a more complex pathology. This study also found modular differences within the DMN, but 

hub differences were only detected in the whole brain, suggesting that a movement towards 

the exploration of inter-network connections of large-scale functional networks may be a 

more fruitful pathway to understanding the disease.  

 

  



 39 

Chapter 3: The Larger Context 

Alzheimer’s disease will continue to be a leading cause of death around the world as 

population sizes increase and grow older. Despite being among the most researched 

disorders today, its exact mechanisms remain frustratingly elusive and no reliable 

treatments exist.  

As clinical attempts at AD treatment continue to fail, network science offers a way to 

reframe AD and allow for it to be studied as a network disorder. Many studies suggest that 

their findings can be used for earlier diagnosis, since it is well known by now that underlying 

mechanisms of the disease can be present decades before any symptoms appear. Even 

more, one could hope that if a convincing network model for AD is created, then it could 

provide critical insights into the pathology of the disease and help guide clinical research to 

significant findings and eventual treatments.  

 Network investigations into AD have provided intriguing insights and new ways to 

describe the disease. Findings tend to conceptualize AD as a “disconnection syndrome” in 

which efficient network communication is degraded as the disease progresses (Willem de 

Haan, van der Flier, et al., 2012; Delbeuck et al., 2007; Cornelis J. Stam, 2014, p. 200). Most 

studies are particularly in highly connected hub areas and the DMN since these have strong 

overlap and both appear targeted in the disease (Buckner, 2005; Buckner et al., 2009b; Cao 

et al., 2015; Miao et al., 2011). Together, studies showing that hub nodes appear to be highly 

metabolically active (Liang et al., 2013; Tomasi et al., 2013), that Aβ appears to be generated 

in an activity-dependent fashion (Bero et al., 2011b; Cirrito et al., 2008), that both Aβ and 

hubs tend to accumulate in the DMN (Buckner et al., 2009b; Engels et al., 2015; van den 



 40 

Heuvel & Sporns, 2013) have led to hypotheses surrounding the selective vulnerability of 

hubs in AD.  

 One such theory is the activity dependent degeneration hypothesis, which postulates 

that it is the high intrinsic metabolic requirements of hub nodes which make them most 

likely to accumulate toxic Aβ, thus triggering the amyloid-cascade hypothesis. (Willem de 

Haan, Mott, et al., 2012) created a computer model to validate this as a potential 

mechanism of action, using degree centrality as a basis for hub identification. This aligns 

with similar research which shows that the rich-club backbone of highly connected hubs 

appears particularly effected in AD (Yan et al., 2018). Another studies also shows that hubs 

with longer axonal projections are more susceptible to functional connectivity loss, likely 

owing to the increased metabolic cost of maintaining chemical gradients over a higher 

surface area (Cao et al., 2015). 

 Along with hub vulnerability, many other studies have focused on modularity shifts in 

AD. Another key part of the disconnection syndrome hypothesis is the consistent finding 

that the DMN loses within-module functional connectivity (Contreras et al., 2019; Simic et 

al., 2014; C. Stam et al., 2006). This local loss of connectivity is often attributed to a loss of 

hubs within the DMN, but further studies have gone on to show that modularity throughout 

the brain is affected in AD (Chen et al., 2013; W. de Haan, van der Flier, et al., 2012b) and 

that connector hubs in particular are crucial for maintaining large-scale modular organization 

(Gratton et al., 2012).  

 While many of these studies agree in general concept, they often use various 

different definitions for the same terms. A “hub” may be a node with very high degree 

(Buckner et al., 2009b; Willem de Haan, Mott, et al., 2012), very high betweenness (Nijhuis 

et al., 2013), high participation coefficient (Gratton et al., 2012), or, as defined by (Guimerà 



 41 

& Nunes Amaral, 2005), a significantly high degree relative to other nodes within its modular 

community. In the context of the activity dependent model of AD, not much is known in 

regards to how any of these metrics relate to neural activity or metabolism. It is certainly 

likely that these different centrality metrics are capturing different aspects of a node’s role 

within a network, so they should not all be treated as equal.  

 A small few studies have begun to investigate this by identifying hubs using multiple 

methodologies and then only including ones consistently identified by each method for 

further analysis (De Domenico et al., 2016; Jiao et al., 2018). This is a potentially interesting 

approach, but it still does little to ask what each centrality is capturing and, in the worst 

case, they may be disregarding critical nodes which are only captured by certain modalities.  

 This study attempted to probe this issue by using two very commonly reported 

centralities, Ki and BC, to first define hubs separately, and then overlapping those hub maps 

to find which nodes were captured by both and which were only captured by one. The 

results from this study show that nodes unimodally defined as hubs by either BC or Ki both 

showed significant difference across groups. However, once they were separated into three 

exclusive categories, only the nodes with high degree showed significant difference across 

groups. Those nodes which were only identified by the BC definition and not Ki showed no 

significant difference between CN and AD subjects. This could mean that analyses which use 

BC as a unimodal definition of hub status are actually capturing differences which are better 

explained by other centrality measures.  

 Furthermore, this study also attempted to examine the different effect that a role as 

provincial or connector hub had on degree-based hubs. Results show that connector hubs 

were significantly different across groups, which is in line with other studies reporting lost 

connector hubs (W. de Haan, van der Flier, et al., 2012b; Y. Sun et al., 2014), but provincial 
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hubs also displayed a marginal difference and thus it feels incorrect to say that they were 

not affected by the disease. It is important to note that this study modified the traditional 

functional cartography methodology and instead used global degree to define hubs which 

were then classified as provincial or connector hubs based on PC. It Is possible that 

connector hubs and provincial hubs appear more similarly degraded in this study than in 

others because, again, the change is better described by the underlying degree definition 

and less so by the connector/provincial categorization.  

 Taken together, these two findings may actually defend Ki as the best predictor of 

node degradation in AD. However, it should not be assumed that Ki is in any way directly 

correlated to this degradation and it could be even better explained by a more complex 

metric such as eigenvector centrality, leverage centrality (Joyce et al., 2010), or katz 

centrality (Fletcher & Wennekers, 2018a). Similar studies should be conducted in the future 

using more centrality metrics and more complex analytical techniques in order to discern 

how different metrics capture neuronal activity levels and metabolism so that we can be 

more certain of what we are exploring when we define nodes based on these metrics.  

 Another aspect of this study examined change in modular consistency of the DMN in 

AD. As mentioned earlier, decreased modularity and functional connectivity within the DMN 

has been widely described as a central aspect of AD pathology. By using the scaled inclusivity 

paradigm, this study replicated these findings using a novel methodology which showed that 

the DMN exhibits diminished consistency in AD. Further, the use of scaled inclusivity and 

permutation analyses allows for the similarity of subjects to be quantified and compared. As 

a result, we show that, not only is DMN modularity altered in AD, it is inconsistently altered 

so that there is very high variability among AD subjects compared to relatively low variability 

in the CN group. Variability in diseased subjects makes sense, but it also carries with it some 
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potentially important connotations for research questioning. It is possible that some of the 

contradictory findings in previous AD studies, which are generally considered to be caused 

by methodological differences, could also be partially explained by high levels of variability in 

AD individuals. Furthermore, high variance in the AD group could hint at the notion that 

there is not a single, simple pathological mechanism which explains network effects in AD, 

but rather a general mechanism which differently affects different people.  

 This interpretation is supported by literature which has focused on shifting the AD 

paradigm from a “disconnection syndrome” to a “misconnection syndrome” in light of 

findings that AD actually leads to increased functional connectivity in some areas and 

increased connectivity between functional networks such as between the DMN and the SN 

and CEN (Brier et al., 2014; Li et al., 2019). These increased connections between distinct 

functional networks can result in a loss of anticorrelations between task-negative and task-

positive states and be just as disruptive to cognition as decreased connectivity because it 

diminishes modularity (W. de Haan, van der Flier, et al., 2012b; Yao et al., 2010) which is 

theorized to inhibit task switching and proper response to external stimuli (Li et al., 2019).  

 Large-scale functional network connectivity is also critical to a completely different 

interpretation of AD which can be described as the “epidemic model”. In this model, AD 

pathology exploits network dynamics and travels based on functional connectivity pathways 

in a prion-like fashion(J.-G. Liu et al., 2013; Seeley et al., 2009). This model is supported by 

literature which shows that tau accumulates based on functional connectivity unrelated to 

metabolic demand or intrinsic centralities (Cope et al., 2018; Franzmeier et al., 2020). 

Another study focused on hub degradation in AD aligns with this interpretation. Yan et al. 

(2018) finds that the rich club core of AD networks is disrupted, but they state that the 

disruption begins in peripheral regions and then propagate hierarchically until they affect 
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the rich club of hubs. This provides a very interesting alternative explanation for hub 

vulnerability in AD. Perhaps they are not the originator of the pathology, but because they 

are, by nature, highly functionally connected to many regions, they are among the most 

likely nodes to receive the pathology and then distribute it throughout their functional 

community and into other paired communities.  

 This line of research merits further exploration as it could fundamentally shift the 

current understanding of AD pathology in the brain. The current study did not explore any 

functional networks outside of the DMN, so no contributions can be made at this time, but a 

similar methodology using multimodal node definitions could be used with other functional 

networks to begin better describing nodes which are most vulnerable to the disease. Though 

this study did not support all of the hypotheses which drove it, the findings can still 

contribute to the developing understanding of centrality metrics and their relationship to 

node vulnerability in AD. 
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