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ABSTRACT 
 
NETWORK THEORY ANALYSIS OF ETHANOL SELF-ADMINISTERING NONHUMAN 

PRIMATES 

 
Dissertation under the direction of Paul J. Laurienti, M.D., Ph.D., Professor of Radiology and 

James B. Daunais, Ph.D., Associate Professor of Physiology and Pharmacology 

 
 Since the late 20th century, network science has gained popularity in various fields, 

including the field of neuroimaging. Network science utilizes concepts of graph theory to model 

systems as complex networks. This approach is appealing to neuroscientists as it allows for a 

systems level investigation of the brain. While studies of human brain networks continue to 

mature, there is a need to extend this methodology to animal models, particularly nonhuman 

primates (NHPs). NHPs are considered a powerful translational tool that bridge basic science and 

clinical studies. They are also useful because the morphology of their cerebral cortex is similar to 

humans. In this work, a network processing pipeline was developed to build brain networks from 

NHP neuroimaging data. This model was designed to investigate the impact of long-term alcohol 

abuse in NHPs. Additionally, this work sought to understand what network analysis methods 

were the most informative for analyzing brain networks. 

 The first experiment describes the default mode network organization in NHPs. In 

addition, the effect of an acute alcohol challenge on NHP brain networks was assessed. It was 

determined that the default mode network of the NHP brain is similar to humans, but showed key 

differences, namely the inclusion of the superior temporal gyrus and visual cortex as highly 

connected regions of the network. Results of the acute alcohol challenge suggested that acute 

alcohol exposure disrupts the default mode network. The second experiment tracked longitudinal 
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connectivity changes during a study of chronic ethanol self-administration in NHPs. Results 

from this study found that chronic alcohol abuse affects the default mode network in animals that 

drink heavily. Changes to the default mode network were linked to areas associated with spatial 

association, working memory and visuomotor processing. In addition to these results, analyses 

that modeled the consistency of network structure across a group were found to be more useful 

than averaging network properties. Moreover, despite weighted network analyses providing a 

more accurate representation of the network, their use proved limited as it did not change the 

interpretation of the results. 
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CHAPTER 1 
 
 

INTRODUCTION 
 
 

Qawi K. Telesford, Sean L. Simpson, Satoru Hayasaka, Jonathan H. Burdette, Paul J. Laurienti 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The following chapter contains elements of a manuscript published in Brain Connectivity 

(Telesford et al., 2011b) and is printed here with permission. Stylistic changes were made to the 

manuscript to fit this dissertation. Qawi K. Telesford prepared the manuscript. Sean L. Simpson 

contributed sections to the manuscript and served in an editorial capacity. Jonathan H. Burdette 

and Satoru Hayasaka served in an editorial capacity. Paul J. Laurienti served in an advisory and 

editorial capacity.  
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1 Introduction 

1.1 Graph theory and network science 
Leonard Euler first conceived the field of graph theory in 1736 with the publication of the Seven 

Bridges of Königsberg Problem (Biggs et al., 1976). The problem asks if it is possible to visit 

every land mass by crossing every bridge in the city only once. Euler described this problem in 

the abstract sense characterizing each landmass as a single entity and each bridge as a line. This 

representation formed the foundation of graph theory; in its modern description, each entity is 

described as a vertex (or node) and each line is called an edge (or connection). As a discipline, 

graph theory gave birth to the field of topology, which continues to mature and is still studied 

today. However, while graph theory has been around since the 18th century, its widespread usage 

in other fields of research did not occur until the 20th century. Network science, an 

interdisciplinary field studying complex networks, utilizes principles of graph theory; it has 

emerged as an influential field in a variety of subject areas including telecommunications, 

computer, biological and social networks. The emergence of this field has risen with the 

necessity to understand different subject areas from a systems level. Moreover, understanding the 

complexity of a system has become essential to uncovering the deeper interdependencies found 

in many networks. 

 A key concept in scientific research is describing a system by reducing it to its smallest 

constituent parts. This process, known as reductionism, enables the understanding of the overall 

system by focusing on an isolated subunit. However, as progression of scientific inquiry, a more 

sophisticated approach is needed. Although the popularity of network science is more recent, the 

concept of investigating phenomena at a systems level has been around since the middle of the 

20th century. In the early days of psychology, Bavelas described two schools of thought that 

prevailed at the time; one group sought to break down people and situations into elements and 
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attempted to explain behavior in terms of simple causal relationships. The other group attempted 

to explain behavior as a function of groups of factors constituting a dynamic whole (Bavelas, 

1948). Although the aim of that particular study was to investigate communication, the idea of 

examining behavior at the group level introduced an important concept: the dynamic nature of a 

complex system cannot be understood by thinking of the system as comprised of independent 

elements. This concept also highlights the limits of reductionism; one cannot fully understand a 

complex system by only understanding its constituent parts (e.g., understanding the brain via 

knowledge about individual neurons). Rather, an approach is needed to utilize knowledge about 

the complex interactions within a system to understand the behavior of the system overall. 

 In the 1960s Milgram conducted an experiment in which he randomly selected people in 

Nebraska and asked them to send letters to a target person in Massachusetts. The rules of the 

experiment required the letter holder to send it to a person they knew personally, and to someone 

who was presumably closer to the target person (Milgram, 1967, Travers and Milgram, 1969). 

Observations of the letter chains that successfully reached the target suggested that the average 

number of links between source and target was six. This idea spawned the idea of small-world 

networks, where people in large-scale networks are only separated by a few links or “six degrees 

of separation” (Karinthy, 1929). While early concepts of studying complex networks have 

existed for decades, the emergence of the field did not occur until the publishing of the seminal 

paper by Watts and Strogatz. 

 In their seminal work, Watts and Strogatz introduced the small-world network model; 

this model described a network that provided regional specialization with efficient global 

information transfer (Watts and Strogatz, 1998). Small-world networks are described as “highly 

clustered, like regular lattices, yet have small characteristic path lengths, like random graphs.” In 



4 
 

other words, small-world networks have the unique ability to have specialized nodes or regions 

within a network (e.g., a computer network with a group of machines dedicated to a certain task) 

while simultaneously exhibiting shared or distributed processing across all of the communicating 

nodes within a network (e.g., all computers sharing the workload). Since that original paper, 

numerous networks have been described as exhibiting small-world properties, including systems 

as diverse as the internet, social groups, and biochemical pathways (Watts and Strogatz, 1998, 

Amaral et al., 2000, Latora and Marchiori, 2001). The field was further popularized by the 

discovery of scale-free distributions in real-world networks (Barabási and Albert, 1999). Most 

networks up to this point were described as homogenous in nature; nodes either had the same 

number of connections, as in lattice networks, or following a Poisson distribution, as in random 

networks. When real networks were observed, it was found that node connections followed a 

power law, which describes most nodes as having few connections and a small number of nodes 

had many connections. This inhomogeneous distribution has been observed in many real-world 

networks, including the brain. In the case of the brain (and other networks of finite-size), 

networks more specifically follow a truncated power law distribution (Hayasaka and Laurienti, 

2010, Achard et al., 2006). These seminal papers have shaped the field of network science and 

serve as the foundation for network science research, including the neuroimaging community. 

1.2 The role of complexity 
While the application of network science to a field like neuroimaging is interesting, it is 

important to understand why the field provides a strong foundation for understanding the brain. 

Network science is bolstered by its ability to describe and analyze complex adaptive systems. 

Complex adaptive systems represent a special kind of complex network with several properties: 

they are diverse, adaptive systems with interconnected elements that are interdependent (Page, 

2010). These systems are also marked by self-organization that leads to emergent behavior. 
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Many systems are described as complex adaptive systems, including the stock market, 

ecosystems, human and animal social networks, the immune system and the brain (Chan, 2001). 

Complex systems are defined by several elements: diversity, which describes the variety of types 

within the system; adaptive, describing how the behavior of elements in the system leads to self-

organization; interdependence, denoting the relationship of mutual dependence between 

elements in the system; and connectedness, demonstrated by connections or relationships among 

elements in the system. 

 In the case of the brain, neurons or pools of neurons act as elements that interact 

physically or functionally via various axon-dendrite synaptic connections. While the genetic 

code produces a wiring diagram of neuronal projections, the resulting network that comprises an 

individual’s brain is assembled by the local interactions of neurons. This network represents a 

self-organized system with emergent behaviors recognized as brain function. The brain as a 

complex system highlights the limitations of a reductionist approach to research: study of 

individual neuron does not provide enough information to fully describe brain function or 

organization. Network science provides a useful foundation to begin uncovering the nature of 

brain organization and function while accounting for the complexity of the system. 

1.3 Network science and the brain 
The study of complex brain networks has become quite popular as researchers have begun to 

move toward more sophisticated analyses, such as independent component analysis (Hyvärinen 

and Oja, 2000, Calhoun et al., 2003, Delorme and Makeig, 2004) and functional connectivity 

(Friston and Büchel, 2003) over the more traditional statistical parametric mapping. Within the 

neuroimaging community, the small-world network model has become popular because it is 

considered to parallel brain function; it is a system with specialized brain regions that rapidly 

communicate with each other to produce emergent behaviors. In practice, small-worldness in 
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brain networks is traditionally described using the small-world coefficient, σ, a quantitative 

measure that describes a network by comparing its clustering and path length to that of a 

comparable random network (Humphries et al., 2006, Humphries and Gurney, 2008). This 

metric has received extensive use for describing various diseases, disorders and mental states 

within the brain (Bassett and Bullmore, 2006, He et al., 2007, Liu et al., 2008, van den Heuvel et 

al., 2008, Stam, 2010). A more recent metric, the small-world measure, ω, describes a network 

by comparing its clustering to that of a lattice network and its path length to that of a random 

network, per the original Watts and Strogatz definition (Telesford et al., 2011a). This newer 

metric has been used to describe brain networks (Zalesky et al., 2012, Zippo et al., 2013), but has 

also found use in the general field of network science (Cannistraci et al., 2013). In addition to 

small-worldness, other analyses including graph centrality (Borgatti, 2005) and community 

structure (Girvan and Newman, 2002) help to describe brain function and organization. 

 While these methodologies have been developed and applied to human subjects 

(Bullmore and Sporns, 2009, Rubinov and Sporns, 2010, Telesford et al., 2011b), there has been 

limited application to animal models. Consideration of this gap may elicit questions about the 

necessity to develop such models; however, a review of the benefits afforded from animal 

models bolsters the need to develop network science methodologies in these models.  

1.4 Nonhuman primates as a research tool 
Animal models are an indispensable resource in basic research and are useful for determining the 

effects of pharmacological treatment on performance of complex behavioral tasks and cognition 

(Granholm, 2010). In particular, non-human primates (NHPs) bridge the gap between rodent and 

human clinical studies and provide a unique translational resource. The use of NHPs allows 

complete control over experimental conditions (e.g., nutritional status, housing conditions, 

medical history, etc.), which is often difficult to accomplish in clinical studies. Although 
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neuroimaging studies have been conducted in NHPs, these studies have been limited to 

functional magnetic resonance imaging (fMRI) or functional connectivity with seed analysis 

(Vincent et al., 2007, Margulies et al., 2009, Mantini et al., 2011). Such analyses only provide a 

localized view of brain organization, which contrasts with network science methodologies that 

can determine the functional organization across the whole brain. However, as previously stated, 

such methodologies have been limited; in particular, structural brain networks have been derived 

from histological samples of the macaque cortex (Sporns et al., 2007), but have not been applied 

to functional models of the brain. 

 With increased use of functional neuroimaging, there is a desire to develop an animal 

model that is comparable to human studies. More importantly, there are few tools available to 

conduct such studies in NHPs. In human neuroimaging, there are well-established software 

packages that perform various functions like skull stripping, normalization, and data analysis. In 

many cases, preprocessing and data analysis is relatively simple due to automation; as a result, 

most researchers can take their raw data and simply process it through a prefabricated pipeline. 

No such tools exist for NHP neuroimaging data. Although there are anatomic templates for 

various NHP species (Martin and Bowden, 1996, Black et al., 2004, van Essen and Dierker, 

2007, Quallo et al., 2010, Frey et al., 2011, Adluru et al., 2012), there is no standardized software 

for processing NHP data. Any tool designed to handle NHP neuroimaging data requires 

development from the very beginning. 

 The investigation detailed in this dissertation describes the development of a processing 

stream to handle NHP neuroimaging data to produce brain networks. The goal of this work is to 

understand the effects of alcohol on brain networks with an emphasis on network science as a 

tool to understand the progression of a disease or disorder in the brain. While animal models 
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have been used for behavioral studies (Grant et al., 2008), preclinical neuroimaging studies have 

focused on a region-of-interest analysis to assess the neuroanatomical and functional 

consequences of alcohol. Thus, development of network science methodologies in NHPs is 

essential to investigate the global, rather than regional, impact of long-term alcohol abuse. 

Another important aspect of this work is to understand what network analysis methods are the 

most informative for analyzing brain networks. One of the main challenges in approaching this 

topic is the clear lack of tools designed the analysis of NHP imaging data. This work describes a 

framework for analyzing NHP neuroimaging data, including the methods devised to analyze and 

interpret brain networks. 

1.5 Achievements 
The work from this dissertation has resulted in eight publications related to various aspects of 

network science including the general field, brain networks, imaging in non-human primates, and 

alcohol abuse. These publications have enhanced or expanded the understanding of network 

science and have contributed greatly to the growing field of complex brain networks. In 

particular, contributions to the general field have resulted in a new metric for quantitatively 

classifying small-world networks (Telesford et al., 2011a) and a better understanding of the 

scale-free nature of network density (Laurienti et al., 2011). Work in brain networks has led to 

validating the accuracy of fMRI brain networks (Telesford et al., 2010, Telesford et al., 2013a) 

and has also provided a foundation for researchers looking to apply network science to the brain 

(Telesford et al., 2011b). In addition, this research has led to the first functional brain network 

characterizing the default mode network in non-human primates (Telesford et al., 2013c) as well 

as, characterizing the effects of ethanol on the monkey brain (Telesford et al., 2013b, Telesford 

et al., 2013c). The development of a non-human primate brain network model is a challenging 

task. However, the work detailed here represents a strong foundation for understanding the non-
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human primate brain; it also presents the first brain network study to investigate alcoholism in a 

non-human primate model of chronic self-administration. 

1.5.1 Publication List 
Listed below are the publications written during the course of this dissertation work. At the time 

of this dissertation, seven manuscripts have been published and one is currently in review. 

• QK Telesford, PJ Laurienti, AT Davenport, DP Friedman, RA Kraft, JB Daunais. (2013). 
The effects of chronic alcohol self-administration in nonhuman primate brain networks. 
Alcohol: Clinical and Experimental Research. (In review). 

 
Description: This study details the effects of chronic alcohol use in the brain networks of 

nonhuman primates that self-administer ethanol. Changes to brain networks revealed 

alteration in hub connectivity and community structure in areas associated with the 

default mode network and working memory in heavier drinkers when compared to 

control and lighter drinking animals. 

• QK Telesford, JH Burdette, PJ Laurienti. (2013) An exploration of graph metric 
reproducibility in complex brain networks. Frontiers in Neuroscience 7(67). doi: 
10.3389/fnins.2013.00067. 

 
Description: With the popularity of graph theory increasing, it has become important to 

confirm the validity of measured graph metrics. This review article details the various 

studies investigating graph metric reproducibility. 

• QK Telesford, PJ Laurienti, DP Friedman, RA Kraft, JB Daunais. (2013) The effects of 
alcohol on the nonhuman primate brain: A network science approach to neuroimaging. 
Alcohol: Clinical and Experimental Research, 37(11):1891-900. doi: 10.1111/acer.12181. 

 
Description: Animal studies have long been an important tool for basic research as they 

offer a degree of control often lacking in clinical studies. In this study, functional brain 

networks were built in nonhuman primates to characterize the default mode network and 

the effects of acute alcohol on network organization. 
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• QK Telesford, KE Joyce, S Hayasaka, JH Burdette, PJ Laurienti. (2011) The ubiquity of 
small-world networks. Brain Connectivity, 1(5): 367-375. doi: 10.1089/brain.2011.0038. 

 
Description: Small-world networks are often describes as networks with high clustering 

and low path length. However, within the literature, there are few quantitative methods to 

assess network small-worldness. In this investigation, a new small-world metric is 

proposed modeled after its original description by Watts and Strogatz. 

• QK Telesford, SL Simpson, JH Burdette, S Hayasaka, PJ Laurienti. (2011) The brain as a 
complex system: using network science as a tool for understanding the brain. Brain 
Connectivity, 1(4): 295-308. doi: 10.1089/brain.2011.0055. 

 
Description:  Use of network science has become increasingly popular in the field of 

neuroimaging. This review article details the different methodologies used to construct 

and analyze brain networks from neuroimaging data. 

• PJ Laurienti, KE Joyce, QK Telesford, JH Burdette, S Hayasaka, S. (2011) Universal fractal 
scaling of self-organized networks. Physica Review A, 390(20):3608-3613. doi: 
10.1016/j.physa.2011.05.011. 

 
Description: There is an abundance of literature on complex networks describing a 

variety of relationships among units in social, biological, and technological systems. Such 

networks, consisting of interconnected nodes, are often self-organized, naturally 

emerging without any overarching designs on topological structure yet enabling efficient 

interactions among nodes. This study shows a power law relationship between network 

size and density in self-organized networks.  

• QK Telesford, AR Morgan, S Hayasaka, SL Simpson, W Barret, RA Kraft, JL Mozolic, PJ 
Laurienti. (2010) Reproducibility of graph metrics in fMRI networks. Frontiers in 
Neuroinformatics, 4:117. doi: 10.3389/fninf.2010.00117. 

 
Description:  The reliability of graph metrics calculated in network analysis is essential 

to the interpretation of complex network organization. These graph metrics are used to 

deduce the small-world properties in networks. In this study, we investigated the test-
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retest reliability of graph metrics from functional magnetic resonance imaging data 

collected for two runs in 45 healthy older adults. Graph metrics were calculated on data 

for both runs and compared using intraclass correlation coefficient (ICC) statistics and 

Bland-Altman (BA) plots. 

• JH Burdette, PJ Laurienti, MA Espeland, AR Morgan, QK Telesford, CD Vechlekar, S 
Hayasaka, JM Jennings, JA Katula, RA Kraft, WJ Rejeski. (2010) Using network science to 
evaluate exercise-associated brain changes in older adults. Frontiers in Aging Neuroscience, 
2:23. doi: 10.3389/fnagi.2010.00023. 

 
Description: Literature has shown that exercise is beneficial for cognitive function in 

older adults and that aerobic fitness is associated with increased hippocampal tissue and 

blood volumes. The current study used novel network science methods to shed light on 

the neurophysiological implications of exercise-induced changes in the hippocampus of 

older adults. This project shows a link between neurological network features and CBF, 

and it is possible that this alteration of functional brain networks may lead to the known 

improvement in cognitive function among older adults following exercise. 

1.6 Overview of Dissertation 
This dissertation is organized as follows. 

 Chapter 2 focuses on network science and its application in the brain. Here basic 

concepts of graph theory and network science are discussed. Specifically, the various graph 

metrics that are used and the different analysis methods, such as community structure, used to 

describe or quantitatively assess networks are presented. 

 Chapter 3 deals with the application of network science to the non-human primate brain. 

This chapter focuses predominantly on the technical challenges of the processing pipeline used 

to construct brain networks as well as the technical challenges encountered in applying this 

model to the non-human primate brain. 
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 Chapter 4 discusses the default mode organization of the NHP brain. This chapter also 

explores the effects of an acute ethanol challenge in NHP brain networks. 

 Chapter 5 details a longitudinal study that tracks connectivity changes in NHPs over the 

course of a chronic ethanol self-administration model beginning with the naïve state through 

chronic abuse. This chapter details the changes to the NHP brain network after a chronic 

drinking period. 

 Chapter 6 discusses the overall findings of these studies and the implication of using a 

non-human primate model as a translational alternative to studies in humans. In addition, the 

future direction of network science is discussed with an emphasis on alternative analysis 

methods. 
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2 Applying network science to the brain 

2.1 Early studies in the brain 
Early applications of network science to the brain were performed in animal models (Jouve et al., 

1998, Sporns et al., 2002, Sporns et al., 2007) as well as humans (Rivière et al., 2002), and 

focused on the structural topology of brain networks. Such an approach is appealing for the study 

of brain connectivity as the brain can be viewed as a fully connected system containing various 

regions that interact with each other to produce complex behaviors. In practice, graph metrics 

such as clustering coefficient, path length and efficiency measures are often used to characterize 

system properties at the local and global level. Moreover, centrality metrics such as degree, 

betweenness (Sporns et al., 2007), closeness (Sporns et al., 2007), closeness (Sporns et al., 

2007), eigenvector centrality (Lohmann et al., 2010), and leverage centrality (Joyce et al., 2010) 

have been used to identify critical areas in the network. In addition, detection of community 

structure has been essential for understanding the organization and topology of the network 

(Newman, 2006). 

 Greater use of these tools has led to a paradigm shift in the neuroscientific community. 

Nonetheless, network science must be viewed as more than a simple “tool du jour.” In order to 

fully appreciate the utility of network science within the neuroscience context, there needs to be 

a greater understanding of how network models apply to the brain; some metrics and models are 

appropriate for brain networks while others are not. Furthermore, less emphasis should be placed 

on univariate comparisons of these metrics to find significant group differences. Rather than 

ascribing significant differences or effects to particular voxels as is historically done in 

functional neuroimaging, investigators should focus on understanding how the brain network as 

a whole is organized differently across various brains. A philosophical shift is needed for a 

greater understanding and appreciation of complexity in the brain. Without this shift, network 
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approaches to brain imaging risk becoming the next phrenology, following the path of traditional 

fMRI experiments over the past 20 years. When applied and interpreted correctly within the 

context of complexity science, network scientific methods have the chance to revolutionize our 

understanding of the functioning brain. In order to achieve this, a well-grounded understanding 

of complex systems analysis and how this applies to the brain is required. While there are 

extensive reviews on the topic of brain networks (Bullmore and Sporns, 2009, Rubinov and 

Sporns, 2010), there is a lack of literature that provides a more complexity-based framework for 

approaching brain networks with an emphasis on effectively using these tools to understand how 

the brain works. 

2.2 Network construction 
Network science utilizes graph theory, which represents a system as a graph containing a set of 

objects, or nodes, connected by edges, or links. From this graph, various analyses can be 

conducted to understand the topology and organization of the network. As shown in Figure 2.1, 

brain imaging data is first processed and analyzed to produce a matrix which denotes the strength 

of connection between nodes. For anatomical connectivity data, the connectivity matrix may 

represent the probability structural imaging data of fiber tracts between brain areas or brain 

regions mapped by histological tracing, whereas in functional connectivity data, the connectivity 

matrix may simply be the correlation matrix between time courses from different voxels/sensors. 

A threshold is then typically applied to this matrix to generate an adjacency matrix, after which 

network analyses ranging from simple graph metrics to community structure can be performed. 

When generating a network, there are several questions to consider: What are considered nodes 

in the network? What are considered links or connections in the network? Are strong and weak 

links differentiated (i.e., is there a threshold or is the network weighted)? Is there directedness in 

the network? 
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 Careful consideration is also needed with regard to the parcellation scheme chosen to 

construct the network. Depending on the parcellation scheme, the calculated metrics of the 

network can change (Wang et al., 2009). Furthermore, comparison of networks can only be done 

when networks utilize the same parcellation scheme (Honey et al., 2007). Although many studies 

have used a fixed region-based network, voxel-based networks allow for investigation of intra-

regional and inter-regional connectivity between parts of brain regions (Eguíluz et al., 2005, van 

den Heuvel et al., 2008). In addition, a voxel-based network and a region-based network yield 

different degree distributions even if the networks are constructed from the same subject’s fMRI 

data; as the network parcellation becomes more coarse, the degree distribution becomes more 

truncated and high-degree nodes tend to be underrepresented (Hayasaka and Laurienti, 2010). 

2.2.1 Nodes and links 
Ideally, a network model may consider each neuron as a node with every synapse functioning as 

a link. However, in practice, it is not possible to image or record from the estimated 1011 neurons 

with an average 7000 synapses (Drachman, 2005), nor is it computationally feasible to analyze a 

network of that size. Even if such a model were feasible, such a network would no longer be a 

model, but would represent an exact replica of the brain and would be no more comprehensible 

than the brain itself. Furthermore, cognitive function is dependent on large scale activation and 

coactivation of neuronal populations, thus a model that integrates these populations is more 

useful (Sporns et al., 2005). Brain network analyses attempt to model the brain by selecting 

nodes based on regions from an atlas, such as the Automated Anatomical Labeling (AAL) atlas 

(Tzourio-Mazoyer et al., 2002) or voxel-based networks (Eguíluz et al., 2005, van den Heuvel et 

al., 2008), where small blocks of tissue represent each node. It is anticipated that such models are 

effective because the emergent properties can be evaluated in the absence of knowledge about 

each and every neuron. 
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 Links between nodes in the network are dependent on the type of network being 

analyzed. Networks can be derived as anatomical or functional networks. Anatomical networks 

can be derived from histological samples or from diffusion tensor imaging (DTI) data. Some of 

the earliest work in anatomical brain networks was done in histological samples of the cat visual 

cortex (Sporns et al., 2007) and macaque cortex (Sporns et al., 2002). Connections in these 

networks were based on the physical connections that exist between regions of the brain. 

Anatomical networks can also be built from white matter tractography from DTI with voxels of 

gray matter treated as nodes and the fiber tracts between brain regions as links (Hagmann et al., 

2008). Although anatomical networks provide a good framework for showing what regions of 

the brain are directly connected, the brain exhibits functional coherence between seemingly 

distant regions of the brain. In fact, while some functional connectivity can be inferred from 

anatomical networks (Honey et al., 2007), the underlying structural connectivity alone does not 

determine functional connectivity since two brain areas can be functionally connected without a 

direct anatomical connection between them (Honey et al., 2009). Networks based on functional 

connections can be employed to assess the consistent functional changes between different 

regions. Functional connections are typically based on magnitudes of temporal correlations. This 

can be assessed in fMRI (Eguíluz et al., 2005), electroencephalography (EEG) (Micheloyannis et 

al., 2006, Stam et al., 2007), magnetoencephalography (MEG) (Stam, 2004), and multielectrode 

array (MEA) data (Srinivas et al., 2007a, Srinivas et al., 2007b). 

 A network can be represented as a matrix, with each row representing a node and each 

column on that row representing the relationship between the current node and every other node 

in the network. Links between nodes can be weighted or unweighted. Weighted links can 

represent size, density, or coherence of anatomical tracts in anatomical networks, while they can 
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represent strength of correlation or causal interactions in functional networks. In many network 

studies, unweighted (binary) networks are often used by applying a threshold and discretizing a 

weighted network; thus, links indicate the presence or absence of a connection. Although most 

studies in the literature use unweighted networks, weighted network analysis is being studied 

with greater interest. Studies using theoretical network models have evaluated weighted 

community structure (Kumpula et al., 2007), while weighted edges have been used to understand 

local clustering in trade and social networks (Saramäki et al., 2007). In the brain, weighted 

networks have been used to study network topology (Zamora-López et al., 2009) and modularity 

(Rubinov and Sporns, 2011). Weighted network analysis is likely to play a greater role in future 

brain network studies as weighted edges provide more information about the relationship 

between node pairs. While some studies advocate the use of fully connected weighted networks 

(Rubinov and Sporns, 2011), network threshold plays an important role in preserving certain 

topological properties. Without thresholding, weaker links representing spurious connections, 

noises, and indirect connections are left in the network and such links can potentially create 

misleading results. Specifically, each node in the fully connected, weighted network has some 

direct interaction with every other node in the network. Information processing in such a system 

is no longer localized to clusters or neighborhoods but is shared globally. Nonetheless, weighted 

network analysis represents an area that is yet to be fully explored in the brain. 

2.2.2 Network threshold 
In functional networks, a threshold is often applied to the correlation matrix to remove links with 

very low strength. This process of thresholding often reduces the amount of data tremendously 

leading to a sparse matrix comprised of strong connections, which represents only a fraction of 

all possible edges in the network. Without thresholding, all elements in the correlation matrix 

have to be considered as edges, resulting in a fully-connected network. As mentioned above, 
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analyzing such a network can become computationally burdensome, especially in larger scale 

networks like voxel-based functional connectivity networks. Thus, the choice of a threshold 

plays an important role in network construction as it affects the density of connections and 

impacts network topology. Likewise, thresholding is important when comparing networks; a 

poor thresholding strategy can yield misleading results that artificially introduce significant 

differences or mask true differences in network topology (van Wijk et al., 2010). 

 Network thresholding approaches generally fall into three categories: fixed threshold, 

fixed average degree, and fixed edge density (van Wijk et al., 2010). A fixed threshold uses a 

single threshold based on one of three criteria: (1) using a 5% significance level in order to omit 

“spurious” links; (2) selecting an absolute threshold level across networks; or (3) selecting a 

threshold that keeps all nodes connected to the main component of the network. The drawback to 

this fixed threshold approach is that a single fixed threshold can generate networks that vary in 

connectivity and have different average degree across individuals or conditions (van Wijk et al., 

2010). Another approach is to use fixed average degree which ensures that all networks have the 

same average degree. Unlike the fixed threshold approach that uses the same correlation 

coefficient cut-off across networks, this method results in a different absolute threshold for each 

network. One problem that may arise is depending on the magnitude of the connectivity matrix 

values, the topology across networks may differ. To achieve the desired average degree, 

networks with generally weaker connectivity values (say average correlation coefficient R≈0.2) 

may include more weak links while networks with higher connectivity values (say average 

R≈0.5) may omit strong links (van Wijk et al., 2010). Fixing the average degree is analogous to 

fixing the edge density (or wiring cost: the proportion of the number of actual edges to the total 
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possible number of edges) (Wang et al., 2009), since the average degree K is can be calculated 

by (N–1)d where N is the number of nodes and d is the edge density 

 Network thresholding presents a difficult challenge as there is no consensus on what 

strategy is best. Within the literature, it is common to show how graph metrics change over 

various thresholds (Stam, 2004, Achard et al., 2006, van den Heuvel et al., 2008, van Wijk et al., 

2010). One possible solution is to select a threshold based on the size of the network. Laurienti et 

al. found a size-density relationship among self-organized networks that follows a power law 

(Laurienti et al., 2011). Assuming this relationship holds true, the size of the network may 

determine what threshold is best to achieve a desired edge density. While most research focuses 

on the strong positive links in the network, there are newer models that incorporate strong 

negative (anti-correlated) links (Schwarz and McGonigle, 2011). Nonetheless, the choice of a 

threshold is still a point of debate within the field with some studies reporting results across the 

spectrum of a chosen thresholding approach. Alternatively, if one chooses to represent the 

network as a fully-connected weighted network, then the issues associated with thresholding as 

described above are no longer a concern. However, as described previously, characterizing 

properties of a weighted network is still an area of ongoing research and the best methods to 

employ for weighted network analyses are still unclear. Moreover, unlike a thresholded network 

which can be described by a sparse matrix, a fully-connected weighted network includes a 

considerably large number of edges, and that may pose a serious computational challenge. 

2.3 Information flow in a network 
Before discussing the tools used to analyze brain networks, it is best to understand the concept of 

information flow, or traffic, in a network. Borgatti has written an excellent, and thorough, review 

of types of information flow and should be referenced for more details (Borgatti, 2005). 

Information flow in the network is dependent on the type of system being studied, and it 
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characterizes communication at the nodal level. When considering the flow of information, the 

mechanism of transfer plays a crucial role in understanding the topology of the network, 

especially with regard to centrality. As shown in Figure 2.2, nodes communicate with each other 

via two communication methods: replication (copying information) or transfer (moving 

information); more specific to replication-based flow is whether information is duplicated at one 

node at a time (serial) or duplicated simultaneously at several nodes (parallel) (Borgatti, 2005). 

 Information transfer can be thought of in many different ways. Serial transfer can be 

understood as a person mailing a letter or sending a package. The writer places a letter in the 

mailbox, after which it traverses a network of distribution clerks, sorters, and mail carriers before 

reaching the recipient. At every point in this network, the original letter is passed, remaining at 

only one node at a time, until it reaches the recipient. If a network were to use replication 

instead, information is copied at each node and remains with a node once it has passed through. 

A virus is a prime example of replication; it infects a host, replicates, and then spreads to infect 

other recipients. The spread of a viral infection through direct contact (such as HIV) is 

considered serial duplication with a copy of the virus moving to a single node at a time. A 

system that uses replication can also use parallel duplication, a process where information is 

copied at a node and sent to other nodes simultaneously. Parallel duplication can be described by 

viral e-mail attachments; once a user opens the attachment, the virus hijacks the computer, 

replicates itself and sends a copy of itself to everyone in the user’s saved contact list. In this 

process, there is great potential for infection to spread quickly if users are well connected to each 

other. The process of information transfer is also described by how information moves along 

edges in a network. This process is often referred to as a walk (Wilson, 1996), an important 

concept associated with some of the centrality metrics described below. 
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 It is our contention that the brain likely uses parallel duplication to transmit signals 

throughout the system. This model of information transfer fits well as it best describes the 

function of a neuron. When a neuron is excited, it sends an action potential along its axons and 

synapses with the dendrites of other neurons. Depending on the potential of the neighboring 

neuron, it may depolarize and continue to propagate the signal. The key to this process is that a 

firing neuron does not selectively activate a single synapse; the firing neuron typically activates 

all synapses. There may be other factors within the system that prevent the postsynaptic neurons 

from firing (e.g., lower membrane potential or other inhibitory processes), but for all practical 

purposes the signal from the initial neuron will still reach every postsynaptic cell. Knowing the 

method of information flow is vital to determining which analyses or centrality metrics are most 

appropriate for the network. 

2.4 Graph centrality 
An understanding of how information flows lends itself to understanding the topology of the 

network. Centrality is a concept in graph theory used to classify nodes as central, or more 

important within a system. Various methods have been developed to determine node centrality, 

but there are four classical methods used in most biological networks: degree centrality, 

betweenness centrality (Freeman, 1977), closeness centrality (Freeman, 1979), and eigenvector 

centrality (Bonacich, 1987). When considering centrality, it is important to question what is 

being measured. Borgatti and Everett suggest that that centrality measures vary along four 

different dimensions within a network: choice of summary measure, type of walk considered, 

property of walk assessed and type of involvement (Borgatti and Everett, 2006). In other words, 

proper choice of a centrality measure is heavily dependent on how information flows through the 

network. While network metrics can describe structural properties of a system, whether that 

measurement is informative depends on the nature of nodes and edges in a given network. 



23 
 

Although any centrality metric can be assessed in a network, it is best to choose one that is 

appropriate for the given network. There are over 30 centrality metrics in the literature (Table 

2-I), but they fall into two major groups, radial and medial measures. Radial measures assess 

movement of information that emanates from, or terminates at a given node; medial measures 

assess the number of walks that pass through a given node (Borgatti and Everett, 2006). Radial 

measures include degree, closeness and eigenvector centrality while medial measures encompass 

all forms of betweenness centrality. 

 The attention given to centrality here is important because it receives considerable 

attention in the literature. Degree centrality, perhaps the most widely used in the brain network 

research, equates the number of connections at each node as the centrality of that node. Areas of 

high degree centrality in the brain (often categorized as hubs) have been shown to localize to 

different areas of the brain (Achard et al., 2006) and are implicated in various disease states, such 

as Alzheimer’s disease (He et al., 2008, Buckner et al., 2009) and schizophrenia (Lynall et al., 

2010). Closeness centrality is viewed less as a metric of node importance and more as an ease of 

reach to a large number of nodes with fewest steps possible. High closeness centrality of a node 

indicates that the other nodes in the network are only a small number of steps away from that 

node. On the other hand, low closeness centrality means a node cannot be easily reached from 

other nodes without a large number of steps. 

 Similar to degree centrality, eigenvector centrality defines the importance of a node by 

the connections originating from that node. While degree centrality simply counts the number of 

connections originating from a particular node, eigenvector centrality accounts for the 

importance of the nodes that are connected to the node (Mason and Verwoerd, 2007). This 

distinction can be illustrated by a simple example of two nodes A and B having the same number 
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of connections (thus having the same degree centrality). If the neighbors of node B generally 

have higher centrality than that of node A, then node B likely plays a more crucial role in 

mediating information transfers in the network. Eigenvector centrality attempts to capture this by 

accounting for the centrality of neighbors when assessing the importance of a node. Eigenvector 

centrality has been calculated in the brain network in order to differentiate key nodes that are 

centrally located from the ones that simply mediate connections among many low-degree nodes 

(Lohmann et al., 2010). 

 Of the four main centrality metrics, betweenness is the only metric that should not be 

applied to a system that uses parallel duplication (Borgatti, 2005). This makes sense as 

betweenness assumes that information is passed along a single route with the shortest distance. 

Betweenness highlights nodes that, upon removal, would affect the ability of information to be 

passed around that network in a serial fashion like package delivery. In the brain network, 

information can traverse multiple routes as in a parallel transfer model. Thus, identifying central 

nodes by betweenness centrality may not be appropriate in the brain network. Studies in 

anatomical networks use betweenness to identify hubs that are considered vulnerable (Sporns et 

al., 2007, Iturria-Medina et al., 2008, Gong et al., 2009) and further use it to indicate differences 

due to brain pathology (Hänggi et al., 2011). However, in a comparison of betweenness, 

eigenvector and leverage centrality, betweenness performed worst in identifying and 

differentiating hubs in brain networks (Joyce et al., 2010).  

 The use of centrality metrics in the brain also raises the issue of using summary statistics 

for comparisons of networks. In many studies using networks, average centrality metrics are 

used to compare groups, utilizing a t-test to determine significant differences between groups. 

However, such a comparison could potentially overlook fundamental differences between 



25 
 

networks. For example, spatial shifts in high centrality node locations cannot be identified by 

simply comparing the average centrality values between two groups. To investigators, such shifts 

denoting alteration in the brain network topology may be more interesting than 

elevation/decrease in the average centrality metric. Although it is easy to focus on a single 

network metric summarizing one aspect of the network topology, the complex organization of 

the brain network cannot be adequately expressed by a single number (or a collection of 

numbers). 

2.5 Community structure 
When investigating brain networks, another way to look at the topology is to analyze the 

community structure of the network. Community structure is based on the level of 

interconnectedness in a network where communities are defined by groups of nodes that have 

more interconnections with each other than other nodes. These communities help segregate the 

system into smaller compartments that can define important areas in the network (Girvan and 

Newman, 2002, Fortunato, 2010). Community structure is useful for studying various systems, 

ranging from social networks to epidemiological networks, because it can highlight social 

categories, functional groups or substructures within a network. Indeed, community structure 

analyses offer several advantages over use of summary statistics when applied to brain networks. 

While summary statistics provide an overall picture of a network, two different conditions or 

groups can exhibit similar global properties, yet show substantial differences in community 

organization (Moussa et al., 2011). One of the first methods for community detection was Girvan 

and Newman’s algorithm, which detects communities based on the edge betweenness of nodes 

(Girvan and Newman, 2002). This method highlights communities in a hierarchical tree called a 

dendrogram; a line of demarcation can be drawn across this map to split and identify the 

communities within the network (Figure 2.3). Nonetheless, community structure detection is not 
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without limitations. For instance, there is no optimal way of detecting community structure as it 

is considered an NP-hard problem (Newman and Girvan, 2004). Moreover, there is the issue of 

not always knowing “ground truth;” in their original paper, Girvan and Newman were able to 

confirm the validity of their algorithm because the communities were known a priori (Girvan 

and Newman, 2002). However, in systems like the brain, the actual community structure is not 

known. Thus, validating results from community detection presents a difficult challenge, and 

consequently it is not clear which community detection algorithm is most appropriate for brain 

network data. 

 To determine the optimal hierarchical level to choose when splitting a network into 

communities, Newman and Girvan later developed modularity, Q (Figure 2.4). This metric 

determines the community structure by comparing the probability of finding the same 

community structure in a random network (Newman and Girvan, 2004). At the time of this 

writing, modularity is the most popular method for determining community structure by 

optimizing Q. One limit of Newman’s method is that in sufficiently large networks, there is a  

risk of smaller communities being merged when optimizing Q (Fortunato and Barthélemy, 

2007). Other methods such as Qcut address this resolution limit by combining spectral graph 

partitioning and local search to optimize Q to identify communities Q (Ruan and Zhang, 2008). 

Whatever the method, multi-scale modularity analyses in the brain have found communities 

associated with known neuroanatomical systems (Meunier et al., 2009). 

 Some community structure algorithms, such as modularity, have the limitation that they 

only allow a node to belong to one community. In reality it is possible for a particular node to exist 

in more than one community (Figure 2.5). ). The most popular method for finding overlapping 

communities was developed by (Palla et al., 2005), which uses a popular technique called the 
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Clique Percolation Method (CPM). This method uses k-cliques, complete (fully connected) 

subgraphs, to determine community structure. Two k-cliques are considered connected if they 

share all but one node; for example, a k-clique of three corresponds to a triangle with two cliques 

forming a community if they share two nodes. The community grows as more adjacent k-cliques 

are discovered leading to naturally overlapping communities. Another technique, called Order 

Statistics Local Optimization Method (OSLOM) finds communities in a network based on 

statistical significance (Lancichinetti et al., 2011). OSLOM detects community structure by 

calculating the probability that a node connects to a given network substructure compared to that 

of an equivalent random network. Yet another technique for assessing overlapping communities, 

ModuLand, determines community structure by assessing node influence where nodes are 

considered to share a module if they mutually have large influence (Kovács et al., 2010). Module 

centers are determined by nodes with higher levels of mutual influence (i.e., more highly 

interconnected nodes influence each other more) with nodes with less influence forming the 

periphery. These module centers form “hills” that can be expressed in a hierarchical tree where 

overlapping hills are considered overlapping communities. The benefit of using such analyses is 

that, like other biological networks, different nodes in the brain network can perform several roles 

(Gavin et al., 2002). Recent studies suggest that nodes in a 90 brain region network are associated 

with multimodal or transmodal cortices and the nodes are correlated with higher degree and 

efficiency (Wu et al., 2011). 

 In addition to looking at the community structure of nodes, it is helpful to look at the role 

nodes play within the communities. Functional cartography classifies nodes as various types of 

hubs and non-hubs within the network (Guimerà and Amaral, 2005, Guimerà et al., 2007). Based 

on the connectivity pattern of the node it is classified as one of seven node types: (R1) ultra-
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peripheral nodes, (R2) peripheral nodes, (R3) non-hub connector nodes, (R4) non-hub kinless 

nodes, (R5) provincial hubs, (R6) connector hubs, (R7) kinless hubs (Figure 2.6a). Node 

classification is based on a value called the participation coefficient that measures inter- and 

intra-community connections, as well as the node degree relative to all other nodes in the same 

community. The participation coefficient, developed by Guimerà and Amaral, indicates how 

much connections at each node are within the same community or extended to other 

communities (Guimerà and Amaral, 2005). The nodes with low participation coefficients have 

limited input from outside their own communities, whereas the nodes with high participation 

coefficients can interact with nodes from various other communities besides their own. Guimerà 

and Amaral also suggest using Z-scores of node degrees within a community to identify the hub 

in that community (Guimerà and Amaral, 2005). In other words, nodes with a relatively large 

number of connections in a particular community are considered as hubs. This approach assumes 

that degree follows a normal distribution, thus Z-scores can be used to compare the relative 

abundance of connections. However, in the brain network the degree distribution is often an 

exponentially truncated power-law distribution (Achard et al., 2006, He et al., 2007, Gong et al., 

2009, Hayasaka and Laurienti, 2010), thus Z-scores may not be ideal. An alternative approach is 

to use the empirical p-value of the node degree within a community (Figure 2.6b) (Joyce et al., 

2010). Functional cartography has been used in brain studies to determine the role that different 

regions play in the brain network. Within the brain, most nodes function as peripheral nodes that 

share most of their connections within a module (Meunier et al., 2009); however, there are 

connector nodes that link (or bridge) modules together (He et al., 2009, Meunier et al., 2009). 

Connector nodes are considered important because they mediate inter-modular communication 

and are suggested to be involved in the association of multiple brain functions (He et al., 2009). 
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Differences in modular organization are suggested as the reason for various brain pathologies. 

Studying node role makes it easier to detect these differences that may not present themselves 

globally (Balenzuela et al., 2010).  

 It is beneficial to understand the community structure in an individual network; however, 

when looking at the community structure of networks across subjects, or evaluating changes in 

the community structure over time, other methods are needed to evaluate the consistency of the 

network structure. Such analyses can be challenging since determining community structure is an 

NP-hard problem and currently available algorithms can only provide reasonable approximations 

of the true community structure. This means that the detected community structure of the same 

network will differ across multiple runs (Steen et al., 2011). In addition, inter-subject variability 

makes it difficult to simply combine networks, as the same node can occupy different 

communities or play a different node role in different subjects’ networks (Meunier et al., 2009). 

To investigate the dynamic changes in a network, Mucha et al. developed an algorithm that 

measures how stable a node is in a community over time or multiple realizations (Mucha et al., 

2010). This method has been used to see how the modularity changes over time for a learning 

task (Bassett et al., 2011). Alternatively, Steen et al. developed an algorithm to determine 

network community consistency across multiple realizations of the same network (Steen et al., 

2011), which can be a powerful tool for investigating across-subject consistency in the brain 

network community structure. 

2.6 Network comparison 
Comparing groups of constructed (binary) brain networks remains a fertile area for 

methodological development. As noted in (Rubinov and Sporns, 2010), “between-subject 

comparisons in studies of brain networks will require the development of accurate statistical 

comparison tools.” However, to date, the amount of work done in this area has not been 
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commensurate with its level of importance (van Wijk et al., 2010). Most between-

subject/between-group inference has relied on a specific extracted summary metric such as the 

clustering coefficient, path length, or other metrics similar to those (Stam et al., 2007, Bassett et 

al., 2008, He et al., 2008, Wang et al., 2009). A survey of the literature suggests that the 

sensitivity and specificity of such metrics will likely not be sufficient to be used clinically. The 

recent suggestion of clinical application of clustering and path length should be carefully 

scrutinized (Petrella, 2011). If one of the centrality metrics is low in many different populations 

this will not be effective to diagnosing brain disorders and measures of sensitivity, specificity, as 

well as positive and negative predictive value would be warranted.  

 Such group comparisons can also be made at the nodal level (Wang et al., 2009). In 

recent years, efficient computation algorithms have enabled brain networks to be constructed 

with each fMRI voxel as a network node, advancing nodal level analyses at a much finer spatial 

resolution (Eguíluz et al., 2005, van den Heuvel et al., 2008). Nodal statistics in such voxel-

based network data can be described as 3D images (e.g., degree images) and can be analyzed 

with the massively univariate analysis framework used in fMRI data analyses (Eguíluz et al., 

2005, Buckner et al., 2009, van den Heuvel et al., 2008). However, such massively univariate 

methods were initially developed to localize the areas of significant activations or group 

differences in functional and structural neuroimaging. Consequently, such approaches ignore the 

fact that nodal measures of degree are not independent measures and relay on the connectivity 

within the complex network. When node values are inherently dependent, like all centrality 

metrics, the traditional statistics used in most fMRI processing software are no longer valid. For 

example, a hub node with a tremendously large degree cannot exist unless it is connected to a 

large number of other nodes. This can be seen in Figure 2.7, outlining the connections 
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originating from the highest degree node (red sphere) in a resting-state functional connectivity 

network. One can easily overlook these important connections linking the brain areas associated 

with the default mode network (Fox et al., 2005) if only the node degree is examined. Focusing 

solely on high-degree hub areas of the brain may also lead us to erroneously conclude that those 

are the only important nodes in the brain network, attributing cognitive functions, group 

differences, and pathological changes only to those areas. It is important to consider the complex 

nature of the brain network as a whole, with its various characteristics such as the information 

flow, community structure, and centrality as described above. Rather than considering the brain 

network as a collection of nodal metrics in a 3D brain space, we need to understand the brain 

network as a complex system in order to avoid having brain network analysis become a new 

phrenology.  

 One of the earliest attempts to compare networks directly, rather than comparing 

summary metrics, nodal metrics, or edges separately was the network-based statistic (NBS) 

(Zalesky et al., 2010). This method affords more power than a traditional edge-based approach 

by looking for component-based differences; however, it too is inherently univariate in that the 

complex topological structure of the network remains unaccounted for. In addition to not 

accounting for the dependence structure of the networks, these approaches also fail to provide a 

framework in which the effects of multiple variables of interest and local network features (e.g., 

disease status, age, race, nodal clustering, nodal centrality, etc.) on the overall network structure 

can be examined concurrently. In other words, there has yet to be a nonlinear modeling 

framework developed for brain networks like there has been for fMRI activation data. The 

exponential random graph model (ERGM) approach of Simpson et al. (Simpson et al., 2011, 

Simpson et al., 2012) allows systematically (multivariately) comparing several local network 
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features (e.g., nodal efficiency, centrality, and other measures discussed above) simultaneously. 

The ERGM approach can also account for confounding bias like the (N,k)-dependence of 

network measures (i.e., the fact that graph metrics may be influenced by the number of nodes (N) 

and the average degree (k) of the network) detailed in (van Wijk et al., 2010) and other potential 

metric interdependencies (Alexander-Bloch et al., 2010, Dorogovtsev et al., 2008). While this 

method enables examining the simultaneous effects of multiple local network features on the 

complex topological structure of the network, it fails to allow assessing the effects of other 

variables of interest that are not an intrinsic part of the network (e.g., disease status, age, race, 

etc.) and currently is not able to preserve the networks in brain space. In addition to filling these 

methodological gaps, future approaches will also need to incorporate connection strength 

(weighted networks) and/or direction (directed networks) as construction and analysis of these 

network types gains feasibility. The utility of network comparison tools will likely vary by 

context; thus, outcomes of interest should inform their development. 

 When analyzing complex brain networks, one also has to be aware that some of the 

analyses described above are qualitative rather than quantitative. In a quantitative analysis, one 

can examine a particular hypothesis by calculating the likelihood for the hypothesis by various 

statistical methods. Such an analysis often yields a p-value describing how unlikely to observe 

the actual data based on a chance alone. This type of framework suits the traditional philosophy 

of science, examining whether a hypothesis can be refuted (Popper, 1959). This framework, 

however, assumes that there is a hypothesis to be tested. This assumption may not be always 

applicable in network sciences and other data-intensive fields such as bioinformatics and 

machine learning; in these fields, a goal of analyses may be simply to describe structures in the 

data or to uncover hidden patterns among observations. For example, some investigators may be 
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simply interested in topological properties and characteristics, such as information flow, 

centrality, or community structure, present in their brain network data. The results from such 

analyses simply describe the network qualitatively (e.g., network communities in the brain of 

younger and older subjects) and do not yield p-values. Of course, it is possible to define a 

hypothesis for a network analysis (e.g., some nodes have significantly higher degree than others) 

and to develop a statistical test for that hypothesis. However, such an analysis is only sensitive to 

detect a departure from that particular hypothesis and cannot describe what is causing that 

departure. In such a case, one may have to resort to a qualitative description of the network to 

determine the reason for the departure (for example, Figure 2.7). Although quantitative analyses 

and p-values have been in the main stream for biomedical research for decades, practitioners of 

brain network analyses need to be open to a major paradigm shift; many important results in 

brain network analyses will be qualitative and may not have p-values associated with them. 

2.7 Null models 
For situations where one needs quantitative evaluations of the network, it is vital that an 

appropriate null model is used for comparison. A random network is often the null model used to 

study network topology. The most investigated random network model is the Erdős-Rényi (ER) 

random network (Erdős and Rényi, 1960). Although networks can be compared to an ER model, 

as seen in Figure 2.8, the degree distribution of the ER model (Figure 2.8b) does not reflect the 

topology of the network of interest (Figure 2.8a), thus complicating its use in analysis. More 

commonly, a random network is generated that shares the same degree distribution as the 

network of interest (Maslov and Sneppen, 2002). Preserving the degree distribution in this way is 

important because altering the degree distribution as seen in the ER network can, potentially 

confound the network structure. Random network comparison is used in community structure 

analysis to optimize modularity (Newman and Girvan, 2004). Random networks are also used 
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for quantification of network small-world properties with tight local interconnections and 

efficient global information transfer. The small-world coefficient σ utilizes a ratio of network 

clustering and path length compared to its random equivalent (Humphries et al., 2006, 

Humphries and Gurney, 2008). Although the small-world coefficient is a popular measure of 

small-worldness, it can be misleading as the level of clustering in the random network may 

overstate network small-worldness. 

 In contrast to using random network models, lattice network models can also be used to 

evaluate network properties. Sporns and Zwi developed an algorithm that produces a lattice 

network with the same degree distribution as the network of interest (Sporns and Zwi, 2004). 

Used in conjunction with a random network of the same degree distribution, this allows the 

scaling of clustering and path length (Sporns and Zwi, 2004). This algorithm has also been used 

to evaluate network efficiency measures over varying cost (Achard and Bullmore, 2007). In 

contrast to determining network small-world properties using a random network alone, a lattice 

network is used for the small-world measure, ω (Telesford et al., 2011a). This metric attempts to 

determine whether a network exhibits simultaneous high clustering with low path length by 

comparing clustering to a lattice network and path length to a random network. 

2.8 The brain as a complex system 
With the increasing use of network science in neuroimaging, it is becoming more critical to 

consider the approach to using graph metric tools effectively. Perhaps the greatest issue is the 

overuse and inappropriate use of average graph metrics or summary statistics to compare 

networks; while this approach is useful when comparing a network to a null model, using such 

univariate analyses for group comparisons takes away much of the benefits of network analysis. 

The rationale for using network science in the brain is to understand the organization and 

dynamics of the brain as a complex system. Reducing characteristics of a network to a single 
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value provides a poor and often misleading guide for understanding complex systems. Another 

fundamental problem with such an approach is that measurements within a network are not 

independent. A measurement at a given node is typically affected by distant nodes. Taking 

degree as an example, removal of an edge affects two nodes. Likewise, metrics like clustering 

coefficient are dependent on the connectivity of neighboring nodes. Slight changes in 

connectivity patterns can greatly affect the measurements made at a particular node; thus, no 

nodal measurement in a network is completely independent. This lack of independence renders 

any analysis based on the central limit theorem inappropriate and naïve. Because of this, 

massively univariate analysis methods widely used in functional neuroimaging analyses should 

not be applied to brain network data.  

 It may be tempting to summarize the entire network as one number by taking the average 

metrics that do converge to a normal distribution. However, even comparing summary metrics 

across the brain may not provide suitable information about a group. Brain networks may share 

mean clustering, path length, and degree, but the distribution of these metrics across brain space 

may differ within or across the group. Thus, despite the similar summary metrics, the networks 

can be massively different. For example, in a study comparing the effects of an exercise regimen 

in a group of older adults, no significant differences were found for clustering or path length, but 

the topology of the networks was dramatically different (Burdette et al., 2010). Significant 

differences in graph metrics can be helpful in determining gross differences between groups, but 

by and large, a lot of information is lost by reducing the system to a single value. Nonetheless, 

this does not mean that summary statistics are meaningless, but should be considered as a general 

starting point for understanding a system. A greater emphasis should be placed on network 

topology, as examining the organization of the system gives a better assessment of how a 
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network or group of networks is organized and provides a better route to understanding the 

complexity of the brain. We also emphasize the importance of qualitative analysis results 

describing the structure and topology in brain network data, such as community structure 

organization or centrality. Such results often do not yield p-values as in quantitative, hypothesis-

driven analyses, but investigators can ascertain useful insights as to how the brain network is 

organized. 

 Analyzing network topology invariably brings up the question of the best approach for 

network construction. In this area, it seems that weighted network analyses provide the greatest 

opportunity for exploration. Although some studies suggest that there is not much difference 

between unweighted and weighted graphs (Li et al., 2009, Ponten et al., 2009), studying the local 

relationships of nodes can further enhance understanding of network organization (Saramäki et 

al., 2007). Another caveat related to weighted networks, especially in functional networks, is that 

links are based on positive connections while negative connections are ignored. While some 

studies include negative links (Schwarz and McGonigle, 2011), there is still a problem with the 

conceptualization of negative links in relation to different graph metrics, such as clustering 

coefficient. In a recent study by Rubinov and Sporns, a weighted network including negative 

links was analyzed without an applied threshold (Rubinov and Sporns, 2011). While the 

inclusion of negative weights should be considered, we feel that it is best to threshold the 

network to generate sparse connectivity to best capture the true topology of the brain. However, 

it should be emphasized that the most appropriate method to eliminate spurious links has yet to 

be developed. 

 As the field of network science continues to grow, it will continue to gain greater 

popularity in the neuroimaging field. At many scientific conferences, network science 
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approaches to brain imaging have increased significantly with more posters, lectures and 

symposia becoming more commonplace. With the prospect of such growth, we want to 

emphasize the importance of using graph theory effectively and appropriately within a new 

framework of thinking about the brain—complexity. There is already a trend in network 

neuroimaging whereby neuroscientists download the latest “network analysis” tools, apply these 

tools to an fMRI dataset, get summary global statistics, and then believe they are 

uncovering/understanding complexity-based aspects of the brain. We believe this attitude 

represents a missed opportunity as the brain cannot be summarized by a single number; in order 

to fully appreciate the power of network science in the brain, a novel way of thinking must be 

adopted in order to fully appreciate these complexity-based approaches. Use of network science 

requires an approach that is less geared toward reductionism (i.e., reducing a system to its 

smaller constituent parts) and more toward complexity and how interactions in the network drive 

the system. The power of network science stems from its ability to capture these dynamics, 

which will play an important role in understanding the brain as a complex system. 
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2.9 Figures and Tables 

 
Figure 2.1. Network analysis schematic. Anatomical and functional brain imaging data is 
analyzed to produce a connection matrix, denoting the strength of connection between nodes. A 
threshold is commonly applied to the matrix to generate a binary adjacency matrix. From the 
adjacency matrix, various graph metric analyses can be performed. 

 

 
Figure 2.2. Patterns of information flow. Information is passed through a network using one of 
three processes: serial transfer, serial duplication and parallel duplication. In this schematic, 
information (red square) is either moved or copied to an adjacent node (blue circles). Arrows 
indicate where information will flow at the next time point. The brain most resembles parallel 
duplication, where multiple copies are propagated from a node. 
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Centrality measures 

Radial 

closeness closeness-like measures 
centroid 
immediate effects centrality 
information 
 

degree degree-like measures 
graph-theoretical power index 
leverage (Joyce 2010) 
k-path 
status 
total effects centrality 
  
eigenvector 
iterated standing 
power 
prestige 
 

Medial 

betweenness betweenness-like measures 
distance-weighted fragmentation 
flow betweenness 
k-betweenness 
mediative effects centrality 
random-walk betweenness 
rush 

Table 2-I. Classification of centrality measures. Centrality measures fall into two main 
categories: radial and medial measures. Radial measures encompass degree, closeness and 
eigenvector centrality while medial measures encompass betweenness. Other measures are 
subsets of these measures, including eigenvector centrality. For a detailed review of these 
centrality metrics, see Borgatti and Everett 2006. 

 

 
Figure 2.3. Hierarchical clustering tree. Community structure in a network can be expressed as 
a hierarchical tree (dendrogram) with the circles at the bottom indicating the nodes and the tree 
indicating the order the nodes form a community. A demarcation line can be drawn across the 
tree at any level (dashed line), indicating communities below the line. 
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Figure 2.4. Modularity analysis. Depending on the level where the hierarchical tree is cut 
(dashed line), the number of communities can change. (A) In this example network, the optimal 
Q yields four communities, (indicated by the red dashed line) Shifting this line up or down 
(indicated by dashed line with arrow), produces a lower Q value that yields suboptimal 
communities. (B) As the line shifts higher, fewer communities are formed (approaching every 
node in a single community). (C) As the line shifts lower, more communities are formed 
(approaching every node in their own community).  
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Figure 2.5. Overlapping communities in a network. One limitation of Newman’s analysis is 
that a given node can only be assigned to one community; however, a node may exist in more 
than one community. A node that serves in more than one community is akin to a node with 
more than one membership or role within a network (image adapted from Palla et al. 2005). 

 
 

 
Figure 2.6. Functional cartography maps. (A) Functional cartography classifies nodes as hubs 
and non-hubs based on its within-module degree (zi) (Guimerà and Amaral, 2005); if zi≥2.5, then 
the node is classified as a hub. (B) An alternative method based on the distribution of the data 
uses a within-module degree probability pki instead of a Z-score classifying a node as a hub if 
pki≤0.01 (Joyce et al., 2010). The combination of a node’s participation coefficient (pci) and pki 
classifies the node as one of seven types: (R1) ultra-peripheral nodes, (R2) peripheral nodes, 
(R3) non-hub connector nodes, (R4) non-hub kinless nodes, (R5) provincial hubs, (R6) 
connector hubs, (R7) kinless hubs. 
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Figure 2.7. Connections originating from the highest degree node. The highest degree node 
in a resting-state fMRI network is denoted by a red sphere. Edges originating from the node, 
denoted by green lines, extend to the brain areas known as the default mode network. Focusing 
solely on the degree of each node fails to acknowledge the regions to which it is connected. It is 
important to acknowledge the complex relationship between highly central nodes and the rest of 
the network. 
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Figure 2.8. Network null models with corresponding degree distribution. In network 
analysis, null models are used to better assess network topology. (A) The original network 
(represented as an adjacency matrix and circular graph) is often compared to random network 
models. Popular random network models include the (B) Erdős-Rényi (ER) random model and 
the (C) random network with preserved degree distribution. Although less popular, lattice 
network models can also be used to assess network topology. Null models with preserved degree 
distribution are generally preferred as the degree distribution of the ER model does not match 
that of the original network.  
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3 Developing a nonhuman primate brain network model 
With the increased popularity of network science in various fields, the tools and methods for 

analyzing networks has expanded greatly. In the field of neuroimaging, such tools as the Brain 

Connectivity Toolbox (http://www.brain-connectivity-toolbox.net) provide researchers with a 

variety of methods to analyze neuroimaging data. However, prior to network analysis, imaging 

data necessitates preprocessing. In humans, this process is largely automated. Software packages 

such as Statistical Parametric Mapping (SPM) (http://www.fil.ion.ucl.ac.uk/spm/), FMRIB’s 

Software Library (FSL) (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/) and FreeSurfer 

(http://surfer.nmr.mgh.harvard.edu) provide comprehensive tools for analyzing and processing 

human neuroimaging data. Researchers can use these software packages, and the only additional 

requirement is to determine what constitutes a node or edge in their data (e.g., treating voxels as 

nodes and the correlation of activity between voxels as edges). In contrast, no such tools are 

available for nonhuman primate (NHPs). 

 While there are various atlases and databases for functional and structural data in NHPs 

(Martin and Bowden, 1996, Black et al., 2004, van Essen and Dierker, 2007, Mikula et al., 2007, 

Quallo et al., 2010, Woods et al., 2011, Frey et al., 2011, Fedorov et al., 2011), there are no 

automated tools for preprocessing NHP neuroimaging data. In addition, studies in NHP brain 

networks are often confined to brain regions (Hilgetag et al., 2000b, Hilgetag et al., 2000a, 

Kaiser and Hilgetag, 2004), and there are few whole brain network studies (Sporns and Zwi, 

2004, Harriger et al., 2012). 

 As animal models are considered essential for linking basic science and clinical studies 

(Shively and Clarkson, 2009, Granholm, 2010), it is critical to develop an image processing 

stream for NHPs. In this section we describe an experimental model used to assess the effects of 

alcohol on NHP brain networks. But more importantly, we describe the preprocessing pipeline 

http://www.brain-connectivity-toolbox.net/
http://www.fil.ion.ucl.ac.uk/spm/
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
http://surfer.nmr.mgh.harvard.edu/
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for neuroimaging data and its customization for the NHP brain. Through this process, we 

develop a foundation to conduct whole brain network studies using functional neuroimaging data 

for NHPs. 

3.1 Nonhuman primate ethanol self-administration study design 

3.1.1 Animals 
For the studies detailed in Chapters 4 and 5, two different NHP species were used for network 

analysis. An adult male rhesus macaque (Macaca mulatta) was used to conduct a pilot study to 

generate brain networks from NHP neuroimaging data. In addition, the same rhesus monkey was 

used in a feasibility study to demonstrate the effects of a pharmacological challenge on brain 

networks. Specifically, the animal was challenged with an acute intravenous infusion of 1.0 g/kg 

ethanol (EtOH) (equivalent of 4 drinks) administered over an 8-minute period. 

 The other animals consisted of two cohorts of vervet monkeys (Chlorocebus aethiops) 

sourced from an ongoing study to determine the neurobiological consequences of chronic alcohol 

self-administration. Across both cohorts, there were a total of nineteen (n=19) animals that were 

divided into two groups: a control group (n=7) and drinking group (n=12). For the purposes of 

this study, animals were classified as subjects in cohort 1 or cohort 2. Cohort 1 was comprised of 

nine animals, which contained five drinking animals and four controls. Cohort 2 was comprised 

of ten animals, which contained seven drinking animals and three controls.  

3.1.2 Animal self-administration protocol 
Vervet monkeys were housed in individual cages with an attached operant (drinking) panel 

(Figure 3.1) that provided access to food and fluids. Animals were trained to operate the drinking 

panel and induced to drink water after scheduled pellet release (Vivian et al., 2001). Initially, 

animals were trained to press a lever that presented a 1-g banana-flavored pellet. Training was 

completed once animals could reliably use the panel, drink from the spout, and press the lever to 
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receive food pellets. After training, the animals entered a 120-day induction phase of the study; 

during the induction phase, pellets were delivered at fixed intervals to induce the animals to 

drink fluid. During the first 30 days, animals received water only (the volume corresponding to 

an ethanol dose of 1.5 g/kg from 4% w/v ethanol). Immediately after the water induction phase, 

animals in the drinking group were induced to drink ethanol at concentrations that increased over 

three 30-day epochs; animals were induced to drink 0.5 g/kg EtOH/day, 1 g/kg/day and finally 

1.5 g/kg/day. Animals in the control group followed the same induction protocol after the water 

induction phase, but received an isocaloric maltose-dextrin solution instead of ethanol. After 

consuming the prescribed quantity, scheduled pellet delivery is discontinued and only water can 

be obtained for 2 hrs. After the 2 hr. time-out, any remaining food is available under a fixed ratio 

of one response per pellet. 

 Following the induction phase, the animals entered the free access phase where EtOH 

(4% w/v) and water were available ad libitum, and food pellets were available for at least 3 

meals during a 22-hr daily session (Vivian et al., 2001, Grant et al., 2008). Blood samples (3 mL) 

for hormonal, metabolic and proteomic analyses were typically collected one to three times a 

week throughout the experiment and prior to necropsy. Additional blood samples were taken 

from each animal every fifth day from the saphenous vein for the analysis of ethanol 

concentration. Blood samples were taken just prior to the lights turning off in the room and 

approximately 7 hr. following the onset of the session. At the conclusion of the self-

administration phase (12 months minimum and up to 30 months), animals were taken to 

necropsy for collection of central nervous system and peripheral tissues. 

 Over the course of this study, animals received three fMRI scans at three time points 

during the experiment (Figure 3.2). All animals in cohort 2 were scanned after the training phase 
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in the treatment naïve state, after the induction phase described above, and again after the 12-

month free access period. At the time that network theory was applied to this experimental 

design, animals in the first cohort had completed the 12-month free access phase of the study. As 

such, this cohort received only one scan after the 12-month free access period; animals in the 

second cohort received all three scans (see Table 3-I).  

3.2 Imaging protocol 

3.2.1 Animal preparation 
For all scans in this study, animals were sedated with ketamine and transported to the scanner 

where they inhale 3% isoflurane via nose cone until intubated. Once intubated, animals were 

maintained under conditions of 1.5% isoflurane for the remainder of the scan session. The 

animals were artificially ventilated in order to control the physiological parameters. Expired CO2 

levels and respiration rate were monitored using a Capnomac monitor (Datex-Engstrom Division 

Instrumentarium Corp., Helsinki, Finland). Heart rate and oxygen saturation levels were 

monitored using a pulseoximeter and body temperature was maintained using warmed blankets. 

Resting state fMRI data was then acquired as described below. All animals were recovered from 

anesthesia, extubated and provided pipeline oxygen until recovered and returned to their home 

cage. In all scans, animals were fasted overnight and therefore did not have alcohol in their 

system. 

3.2.2 Scanning protocol 
Scans were acquired on a 3.0T GE Scanner equipped with a Twin Speed Gradient Coil in Zoom 

Mode (maximum gradient strength 4G/cm and a slew rate of 150mT/m/ms). Resting state fMRI 

data was acquired with a gradient echo EPI sequence using an 8-channel receive only RF head 

coil with a form factor designed specifically for the nonhuman primate (Dr. Cecil Hayes, 

University of Washington). Imaging data was acquired as axial oblique contiguous slices 
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oriented along a line that extends from the superior surface of the anterior commissure to the 

center of the posterior commissure (AC/PC line) with frequency direction Right to Left. Animals 

were scanned following parameters adapted from (Murnane and Howell, 2010): parameters were 

based on an optimized sequence developed for NHPs (gradient echo EPI, 96×48 acquisition 

matrix, acquisition resolution=1.5mm×1.5mm×1.5mm, FOV=19.2cm×19.2cm, flip angle=90°, 

TE=20ms, TR=4000ms, 124 volumes). An anatomic scan (T1-weighted 3D-SPGR, 256×256 

acquisition matrix, 0.5mm slice thickness, TE=3.432ms, TI=600ms, TR=8.16ms) was collected 

for normalization of functional images. A secondary anatomic scan (T2-weighted 2D fast spin 

echo, 256×256 acquisition matrix, 1mm slice thickness, TE=14.432ms,TR=15000s) was 

collected for skull stripping the data. All scans were conducted at Wake Forest School of 

Medicine, Winston-Salem, NC. All procedures were approved by the Institutional Animal Care 

and Use Committee and adhered to the National Institute of Health Guide for the Care and Use 

of Laboratory Animals (NIH Publications No. 80-23). 

3.3 Image Processing 

3.3.1 Vervet atlas 
Before images could be analyzed, imaging preprocessing was necessary to perform network 

analysis. Imaging data consisted of a functional scan (gradient echo EPI) and two anatomic scans 

(T1 and T2-weighted). All the data was skull stripped, realigned and normalized to a vervet atlas 

template (http://www.nitrc.org/projects/vervet_atlas). The atlas was developed by the 

Bioimaging Systems Laboratory at Virginia Tech in cooperation with the National Alliance for 

Medical Image Computing (NA-MIC). The vervet atlas was produced from whole head MRI of 

10 normal adult animals (Chlorocebus aethiops sabaeus) and consists of an anatomic template 

and associated tissue probability maps (Fedorov et al., 2011); the template includes a T1 

http://www.nitrc.org/projects/vervet_atlas
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anatomic scan, probability maps for white matter, gray matter and cerebrospinal fluid, and a 

binary mask encompassing the brain. 

3.3.2 Image preprocessing 
Prior to network analysis, neuroimaging data was preprocessed using the following steps: 

1. Within animals, coregister T2-weighted image to respective T1 image. 

2. Coregister realigned anatomic images to the NHP atlas. 

3. Apply MRI bias field correction to anatomic images 

4. Generate skull stripping mask and mask non-brain data in the T1 image. 

5. Normalize skulled stripped T1 to the NHP atlas and save normalization parameters 

6. Apply motion correction to the functional EPI data and normalize imaging data using 

normalization parameters from previous step. 

7. Proceed with network analysis. 

The schematic of the process appears in Figure 3.3. 

3.3.3 Coregistration and skull stripping anatomic data 
Image preprocessing was done using FSL (Jenkinson et al., 2012), SPM (in limited cases) 

(Penny et al., 2006), and Slicer 3D (Fedorov et al., 2012). The purpose of this procedure was to 

coregister and normalize all NHP data to the vervet atlas template to facilitate group analysis of 

network data. To automate the process, a custom MATLAB script was written to perform 

realignment in FSL and SPM, using FMRIB's Linear Image Registration Tool (FLIRT) and 

Coreg, respectively. Using the FLIRT function in FSL, the T2-weighted image for an animal was 

coregistered and resliced to its respective T1 scan using a rigid linear transform (six degrees of 

freedom). The T1 scan was subsequently coregistered to the vervet atlas template; using the 

realignment parameters of the T1 scan, the resliced T2-weighted image was also coregistered to 

the anatomic template. In some cases, FLIRT failed to properly coregister the anatomic data (i.e., 
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the T1 and T2 brain scans were not aligned to each other). In such an event, the Coreg function 

in SPM5 served as an alternative for realigning the data. 

3.3.4 Skull stripping procedure 
Once all the data was coregistered, the resliced images were loaded into Slicer 3D and the MRI 

Bias Field Correction module was used to remove any intensity inhomogeneity in the images. 

Follow this step, BRAINS Maximize Uniformity Summation Heuristic (BRAINSMush), a 

toolbox in Slicer 3D, was used to skull strip data. Skull stripping involves masking of the brain 

image to omit skull, dura, eyes, and other non-brain regions. The mask is generated from input 

T1 and T2-weighted images along with a region of interest (ROI) brain mask. For this study, the 

bias corrected anatomic image and binary template mask were used to produce a skull stripped 

volume. To ensure proper brain coverage, a threshold was applied at varying levels; the threshold 

defines the level of dilation or erosion of the input ROI brain mask. After the procedure, a skull 

strip mask was chosen based on the best threshold for each animal. Using Slicer 3D again, 

manual editing and cleanup was performed on the skull striped brain mask to ensure all non-

brain regions were removed. Once cleanup was completed, the Mask Image module was used to 

skull strip all images.  

3.3.5 Functional data preprocessing 
The functional data for this study consisted of a 96×48×34 fMRI scan with 124 volumes; fMRI 

data was realigned to the first volume using the FSL Motion Correction using FMRIB's Linear 

Image Registration Tool (MCFLIRT), which corrects for subject movement during the fMRI 

time series (linear transform). A custom MATLAB script was written to realign the data, produce 

an average fMRI time series image, and output the realignment parameters of the time series. 

Since the fMRI data only contains 34 slices, skull stripping was performed manually using the 

averaged time series volume in Slicer 3D. 
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 To maintain the voxel dimensions of the functional data, the skull stripped T1 and vervet 

atlas were resliced to 1.5mm×1.5mm×1.5mm. Using the FLIRT function, the average fMRI 

image was normalized to the skull stripped T1 image using a linear affine transform (12 degrees 

of freedom) and normalization parameters were applied to the time series data. Finally, the 

anatomic T1 was normalized to the atlas template and these normalization parameters were again 

applied to the time series data. The image preprocessing pipeline results in a coregistered 

normalized fMRI time series for each animal. 

3.4 Network construction 
As diagrammed in Figure 2.1, fMRI time courses were extracted for each voxel and corrected for 

physiological noise by band-pass filtering to remove signal from the range of 0.009-0.08 Hz (Fox 

et al., 2005, van den Heuvel et al., 2008). Mean time courses from the entire brain (the average 

of voxel values within the brain parenchyma mask including gray and white matter), the deep 

white matter, and the ventricles were regressed from the filtered time series. The six rigid-body 

motion parameters from the motion correction process were also regressed from the time series. 

 A correlation matrix was produced by computing the Pearson correlation between all 

possible pairs of voxels within the fMRI time series. A threshold was applied to the correlation 

matrix, whereby voxel pairs above the threshold were considered functionally connected and 

assigned a value of 1 and voxel pairs below the threshold were considered not connected and 

assigned a value of 0. The discretization of the correlation matrix produces a binary adjacency 

matrix. The threshold was defined such that the relationship between the number of nodes and 

average number of connections between nodes was consistent across subjects. Specifically, the 

relationship S = log(N)/log(K) (Newman et al., 2001) was the same across subjects, where N is 

the number of nodes in the entire network, K is the average degree of the network. Values of S 

were set at 2.5 and 2.25 for studies in Chapters 4 and 5, respectively. The higher threshold, 2.5, 
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was selected because it is a common threshold value used for human brain networks. However, 

in reviewing the data, it became apparent that the threshold was too stringent, resulting in 

networks that were more fragmented or too sparse (i.e., a network with low edge density). 

Consequently, the lower threshold, 2.25, was chosen as it preserved network topology without 

creating a network that was too densely connected. 

3.5 Graph metric analysis 
The adjacency matrix represents an undirected, unweighted graph that serves as a map of 

functional connectivity. From the adjacency matrix, graph metrics were calculated at each node: 

degree (K), clustering coefficient (C), minimum path length (L), local efficiency (Eloc) and global 

efficiency (Eglob). 

 Degree measures the connectivity of each node. This metric gives the number of edges 

connected to each node. The degree Ki of a vertex i is determined by summing the rows of the 

adjacency matrix Aij: 

𝐾𝑖 = �𝐴𝑖𝑗

𝑛

𝑗=1
 

Clustering coefficient measures local neighborhood connectivity, calculated as the likelihood 

that each neighbor of a vertex is also a neighbor. The local clustering coefficient Ci for a vertex i 

of degree Ki is given by the proportion of the existing edges ei between neighbors of i divided by 

the number of edges that could possibly exist between them: 

𝐶𝑖 =
2𝑒𝑖

𝐾𝑖(𝐾𝑖 − 1) 

Minimum path length measures the distance between nodes in the network. The distance 

between nodes in the network is calculated as the shortest geodesic distance between each node 

and every other node. These values form a distance matrix dij, which is used to calculate average 
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path length L. The formula for path length of a graph calculates the mean of the minimum paths 

between all the vertices: 

𝐿 =
1

𝑁(𝑁 − 1) � 𝑑𝑖𝑗
𝑖𝑗∈𝑛,𝑖≠𝑗

 

Global efficiency measures the closeness of an individual node to all other nodes. This metric is 

the reciprocal of the average path length (L) from one node to all other nodes and identifies 

nodes that can be particularly influential in a network. This measure is scaled so that it ranges 

between 0 and 1: 

𝐸𝑔𝑙𝑜𝑏 = 𝐸(𝐺) =
1

𝑁(𝑁 − 1) �
1
𝑑𝑖𝑗𝑖≠𝑗∈𝐺

 

Local efficiency measures the closeness of the neighbors of an individual node. This metric is the 

reciprocal of the average path length of the neighbors of a node. In other words, how connected 

are the neighbors of a node. For a given node it is the average of the efficiencies of the local 

subgraphs of the neighbor nodes: 

𝐸𝑙𝑜𝑐 =
1
𝑁
�𝐸(𝐺𝑖)
𝑖∈𝑛

 

where Gi is the local subgraph centered at node i. 

 Once network construction and graph metric analysis were completed, various methods 

were used to analyze the data, including generation of hub maps and community structure 

analysis. For specific analysis methods, please see the methods sections in Chapter 4.2 and 

Chapter 5.2. 
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3.6 Figures and Tables 

 
Figure 3.1. Nonhuman primate operant drinking panel. 

 

 
Figure 3.2. Study timeline for alcohol self-administration study. Vervet monkeys in the 
chronic alcohol self-administration study were scanned at three time points: in the treatment 
naïve state, after 3 months of ethanol induction, after 12 months of free access to alcohol. 

 
Cohort Cohort 1 Cohort 2 
Group Control Drinking Control Drinking 
# of Animals 4 5 3 7 

Scan Acquisition 12 Month 12 Month 
Baseline 

Post-Induction 
12 Month 

Baseline 
Post-Induction 

12 Month 
Table 3-I. Breakdown of vervet monkey cohort and scans received. Animals were divided 
into two cohorts. The animals in cohort 1 only received a scan at 12 months, while the animals in 
cohort 2 received scans in the treatment naïve state (baseline), post-induction, and after 12 
months of chronic ethanol self-administration. 
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Figure 3.3. Nonhuman primate preprocessing pipeline schematic. 
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4 Default mode network and acute ethanol challenge in the nonhuman primate brain 
network 

Abstract 

Background 
Animal studies have long been an important tool for basic research as they offer a degree of 

control often lacking in clinical studies. Of particular value is the use of nonhuman primates 

(NHPs) for neuroimaging studies. Currently, studies have been published using functional 

magnetic resonance imaging (fMRI) to understand the default mode network in the NHP brain. 

Network science provides an alternative approach to neuroimaging allowing for evaluation of 

whole-brain connectivity. In this study we used network science to build NHP brain networks 

from fMRI data to understand the basic functional organization of the NHP brain. We also 

explored how the brain network is affected following an acute ethanol pharmacological 

challenge. 

Methods 
Baseline resting state fMRI was acquired in an adult male rhesus macaque (n=1) and a cohort of 

vervet monkeys (n=10). A follow-up scan was conducted in the rhesus macaque to assess 

network variability and to assess the effects of an acute ethanol challenge on the brain network. 

Results 
The most connected regions in the resting state networks were similar across species and 

matched regions identified as the default mode network in previous NHP fMRI studies. Under an 

acute ethanol challenge, the functional organization of the brain was significantly impacted. 

Conclusion 
Network science offers a great opportunity to understand the brain as a complex system and how 

pharmacological conditions can affect the system globally. These models are sensitive to acute 

changes in the brain and may prove to be a valuable tool in long-term studies on alcohol 

exposure.  
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4.1 Introduction 
For over 20 years functional magnetic resonance imaging (fMRI) has played an integral role in 

understanding hemodynamics in the brain. In the seminal studies of Ogawa et al., the use of the 

blood oxygen level-dependent (BOLD) signal helped to propel the field of neuroimaging in 

humans (Ogawa and Lee, 1990, Ogawa et al., 1990). The field was further driven by the 

introduction of functional connectivity in fMRI to analyze the coherence of signals in the brain 

(Biswal et al., 1995, Biswal et al., 1997, Lowe et al., 1998). Further research in the field 

established a resting state network called the default mode network (Raichle et al., 2001), 

obtained when a subject is lying at rest during a scan. This network consists of low-frequency 

oscillations consisting of interconnected regions that include the medial prefrontal cortex, parts 

of the parietal lobe and the posterior cingulate cortex (Buckner et al., 2008). Study of the default 

mode network is considered important because it is hypothesized to have interactions with the 

sensory, motor, and emotional systems. In addition, alterations to this system has been 

implicated in different diseases and disorders (Buckner et al., 2008). While the default mode 

network has been found in humans, it has also been described in nonhuman primates (NHPs) 

(Rilling et al., 2007, Hutchison et al., 2011) and rats (Lu et al., 2012).  

 Various imaging studies in NHPs have been conducted to identify the default mode 

network. As shown in Table 1, these studies have been conducted in various species, but mainly 

the rhesus macaque. Resting state functional connectivity studies in the rhesus macaque have 

identified various regions that are highly correlated with the BOLD signal in the precuneus. 

Across these studies, the posterior cingulate cortex, medial prefrontal cortex, regions of the 

parietal cortex and the temporal regions are areas identified as the default mode network 

(Vincent et al., 2007, Margulies et al., 2009, Mantini et al., 2011). Moreover, functional 

connectivity studies in chimpanzees demonstrated high activity in the medial prefrontal cortex 
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and the medial parietal cortex (Rilling et al., 2007). Independent component analysis in the 

anesthetized rhesus macaque identified several subnetworks associate with the default mode 

network. These regions included the arcuate sulcus, posterior cingulate, precuneus, areas in the 

visual cortex, superior temporal gyrus, insular cortex, anterior cingulate, orbitofrontal cortex, 

postcentral and precentral gyrus (Hutchison et al., 2011). These findings are important because 

many of the identified regions appear in the default mode network in humans. 

 Animal models are an indispensable resource in basic research and are useful for 

determining the effects of pharmacological treatment on performance of complex behavioral 

tasks and cognition (Granholm, 2010). In particular, NHPs bridge the gap between rodent and 

human clinical studies and provide a unique translational resource. The use of NHPs allows 

complete control over experimental conditions (e.g., nutritional status, housing conditions, 

medical history, etc.), which is often difficult to accomplish in clinical studies. Although some 

neuroimaging studies have sought to identify the default mode network in NHPs, these studies 

have typically used fMRI or functional connectivity with seed analysis (Vincent et al., 2007, 

Margulies et al., 2009, Mantini et al., 2011). Such analyses only provide a localized view of 

brain organization; an alternative approach is to use network science to determine the functional 

organization across the whole brain. 

 Network science is an emerging field that envisions the brain as a complex system with 

global integration and regional specialization (Watts and Strogatz, 1998). Network science 

utilizes the concepts of graph theory, which conceives of the brain as a set of nodes (or vertices) 

connected by edges. Nodes in a network represent voxels or brain regions, while edges represent 

a physical or functional connection between nodes. This model is appealing because the brain is 

often viewed as a system containing multiple regions with specialized functions that rapidly 
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interact with each other to produce complex behaviors. Early applications of network science in 

the brain were done on histological samples in the rhesus macaque cortex (Jouve et al., 1998, 

Sporns et al., 2002, Sporns et al., 2007) while the first human studies were conducted using 

structural MRI scans (Rivière et al., 2002). These early studies focused on structural topology, 

but later studies integrated fMRI to better understand the functional organization of the human 

brain (Eguíluz et al., 2005). As the field has progressed, many tools and concepts have been 

developed for neuroimaging in humans (Bullmore and Sporns, 2009, Rubinov and Sporns, 2010, 

Telesford et al., 2011b). However, functional brain networks have not been applied to the NHP 

brain. Human studies can often introduce confounding factors that can be controlled in NHP 

studies, making development of an animal brain model appealing for use in brain network 

studies. The focus of this paper is to evaluate NHP brain networks to understand the basic 

functional organization of the primate brain and to show how changes in pharmacological 

conditions can affect the brain network. 

4.2 Methods 

4.2.1 Animals 
Baseline resting state data was acquired in an adult, male rhesus macaque across two scans 

within the same session to determine network variability. Briefly, the animal was sedated with 

ketamine and transported to the scanner where he inhaled 3% isoflurane via a nose cone until 

intubated. Once intubated, he was maintained under conditions of 1.5% isoflurane for the 

remainder of the scan session. The animal was artificially ventilated in order to control the 

physiological parameters. Expired CO2 levels and respiration rate were monitored using a 

Capnomac monitor (Datex-Engstrom Division Instrumentarium Corp., Helsinki, Finland). Heart 

rate and oxygen saturation levels were monitored using a pulseoximeter. The animal’s body 

temperature was maintained using warmed blankets. Resting state fMRI data was then acquired 
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as described below. The identical procedures were utilized to acquire resting state fMRI data in 

10 adolescent, male vervet monkeys. Finally, in order to validate our findings, the same rhesus 

monkey underwent a separate challenge study to determine the impact of acute ethanol 

intoxication on brain networks. Following acquisition of baseline resting state data, the animal 

was challenged with an acute intravenous infusion of 1.0 g/kg ethanol (equivalent of 4 drinks) 

administered over an 8-minute period. Additional series of fMRI data were acquired post-

infusion. All animals were recovered from anesthesia, extubated and provided pipeline oxygen 

until recovered and returned to their home cage. 

 The vervet monkeys in this study were sourced from an ongoing study to determine the 

neurobiological consequences of chronic alcohol self-administration. These animals were 

scanned in the naïve state prior to ethanol exposure. The rhesus macaque had a previous history 

of drug exposure. This animal was utilized in a pilot study to explore the feasibility of applying 

network science to demonstrate the effects of a pharmacological challenge on brain networks. 

4.2.2. Scanning protocol 
Functional magnetic resonance imaging (fMRI) data was collected in two NHP species: one 

(n=1) rhesus macaque (Macaca mulatta) and ten (n=10) vervet monkeys (Chlorocebus aethiops). 

Scans were acquired on a 3.0T GE Scanner equipped with a Twin Speed Gradient Coil in Zoom 

Mode (maximum gradient strength 4G/cm and a slew rate of 150mT/m/ms). Resting state fMRI 

data was acquired with a gradient echo EPI sequence using an 8-channel receive only RF head 

coil with a form factor designed specifically for the nonhuman primate (Dr. Cecil Hayes, 

University of Washington). Imaging data was acquired as axial oblique contiguous slices 

oriented along a line that extends from the superior surface of the anterior commissure to the 

center of the posterior commissure (AC/PC line) with frequency direction Right to Left. The 

rhesus macaque was scanned over two separate sessions; the first was a within session scan 
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comparison of hub structure (gradient echo EPI, 64×64 acquisition matrix, acquisition 

resolution=2.19mm×2.19mm×3.0mm, FOV=14cm×14cm, flip angle=58°, TE=28ms, 

TR=1150ms, 400 volumes); the second session was an acute ethanol challenge with the 

following parameters adapted from (Murnane and Howell, 2010): gradient echo EPI, 64×48 

acquisition matrix, acquisition resolution=1.88mm×1.88mm×4.0mm, FOV=14cm×14cm, flip 

angle=70°, TE=40ms, TR=1000ms, 512 volumes. The first scan for the rhesus macaque was 

adapted from a human protocol and further optimized for the second scan. The vervet monkeys 

were scanned in the treatment-naïve condition as part of an ongoing study of the neurobiological 

consequences of long-term ethanol self-administration. Parameters were based on an optimized 

sequence developed for NHPs (gradient echo EPI, 96×48 acquisition matrix, acquisition 

resolution=1.5mm×1.5mm×1.5mm, FOV=19.2cm×19.2cm, flip angle=90°, TE=20ms, 

TR=4000ms, 124 volumes). An anatomic scan (T1-weighted 3D-SPGR, 256×256 acquisition 

matrix, 0.5mm slice thickness, TE=3.432ms, TI=600ms, TR=8.16ms) was collected for 

normalization of functional images. All scans were conducted at Wake Forest School of 

Medicine, Winston-Salem, NC. All procedures were approved by the Institutional Animal Care 

and Use Committee and the National Institute of Health Guide for the Care and Use of 

Laboratory Animals (NIH Publications No. 80-23).  

4.2.3 Data analysis 
Functional images were motion corrected, normalized to the NITRC (Neuroimaging Informatics 

Tools and Resources Clearinghouse) macaque and vervet template for the respective animal 

species. Tissue maps from the NITRC template were used to mask imaging data for gray matter, 

white matter, and cerebrospinal fluid (CSF). For the rhesus macaque, white matter and CSF 

maps were thresholded at 0.8 and used to calculate the mean signal from each tissue type. White 

matter maps were thresholded at 0.8 and CSF maps were thresholded at 0.7 for the vervet 
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monkeys. The gray matter maps were thresholded at 0.2 and used to mask the functional images. 

The threshold for gray matter is more lenient than those used for white matter and CSF to ensure 

the inclusion of the majority of gray matter voxels. Functional and anatomic scans were skull-

stripped using 3D Slicer (http://www.slicer.org) (Fedorov et al., 2012), and anatomic scans were 

normalized to the NITRC template using FSL with normalization parameters subsequently 

applied to the functional scans. 

4.2.4 Network analysis 
As diagrammed in Figure 4.1, fMRI time courses were extracted for each voxel and corrected for 

physiological noise by band-pass filtering to attenuate signal outside the range of 0.009-0.08 Hz 

(Fox et al., 2005, van den Heuvel et al., 2008). Mean time courses from the entire brain (the 

average of voxel values within the brain parenchyma mask including gray and white matter), the 

deep white matter, and the ventricles were regressed from the filtered time series. The six rigid-

body motion parameters from the motion correction process were also regressed from the time 

series. 

 A correlation matrix was produced by computing the Pearson correlation between all 

possible pairs of voxels within the fMRI time series. A threshold was applied to the correlation 

matrix, whereby voxel pairs above the threshold were considered functionally connected and 

assigned a value of 1 and voxel pairs below the threshold were considered not connected and 

assigned a value of 0. The discretization of the correlation matrix produces a binary adjacency 

matrix. The threshold was defined such that the relationship between the number of nodes and 

average number of connections between nodes was consistent across subjects. Specifically, the 

relationship S=log(N)/log(K) was the same across subjects, where N is the number of nodes in 

the entire network, K is the average degree of the network, and S represents the average path 

length of an Erdős-Rényi network (Newman et al., 2001). For this paper, we chose the threshold 

http://www.slicer.org/
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S = 2.5 to our define networks, but network properties have been demonstrated to be robust for 

different S values (Hayasaka and Laurienti, 2010). 

4.2.5 Graph metric analysis 
From the adjacency matrix, the following graph metrics were calculated at each node and 

averaged to yield average graph metrics for the entire network: degree (K), clustering coefficient 

(C), minimum path length (L), local efficiency (Eloc), and global efficiency (Eglob). Network 

metrics used in this study are shown in Table 4-I (for more details on specific metrics, see 

(Rubinov and Sporns, 2010)). Degree for each voxel was mapped to anatomic space to determine 

the most connected regions, or hubs, within the brain. Hub maps were generated with degree 

comprising the top 20% of the most connected nodes. These maps provide the anatomic location 

of hubs and demonstrate the functional organization, or hub structure, of the brain. 

4.2.6 Community structure analysis 
In addition to average graph metrics, community structure analysis detects the level of 

interconnectedness in the network. Nodes that are more interconnected with each other than with 

the rest of the network form communities or modules. These modules segregate the network into 

small compartments that not only highlight the most connected nodes in the network, but also 

highlight the functional organization of the network across the whole brain (Girvan and 

Newman, 2002, Meunier et al., 2009, Fortunato, 2010). Community structure was determined 

using Qcut, an algorithm that uses spectral graph partitioning and local optimization to determine 

the community structure of the brain (for more details on this method, see (Ruan and Zhang, 

2008)). Community structure was used in this study to determine how modular structure was 

affected by acute ethanol exposure. Community structure is assessed using Q, which measures 

the quality of the partition (Newman, 2006). A higher value of Q produces more accurate 
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partitioning of the network, while a lower value of Q indicates a network that resembles a 

random network. 

4.3 Results 

4.3.1 Within animal graph metric analysis and hub structure in the rhesus macaque 
An analysis was conducted within the same rhesus monkey across separate fMRI runs to 

determine within session variability. Average graph metrics showed no significant differences 

between runs for clustering coefficient, path length, local efficiency and global efficiency (Figure 

4.2a). Plots of the degree distribution show that both runs followed a truncated power law and 

appeared similar between runs (Figure 4.2b). Hub overlap maps of the rhesus macaque found 

prominent hubs in the medial prefrontal cortex, cingulate cortex, temporal lobes and visual 

cortex (Figure 4.3a). Scans within the same session show that hubs appeared in the same regions 

on both runs (Figure 4.3b). Combining both runs, an overlap image was produced showing a 

high level of consistency between the first run (in red) and second run (in blue) with overlaps 

across runs (in purple) (Figure 4.3c). These results suggest that hub structure is a stable feature of 

brain organization. To ensure that consistency of hubs is not an artifact of the threshold, binary 

images showing the consistency of runs were produced at different thresholds of high degree 

nodes (Figure 4.4a). Across thresholds, the percentage of voxels that overlap for a single run 

range from 54% at the most liberal threshold to 41% at the most stringent threshold (Figure 

4.4b). 

 Across thresholds, it appears that nodes in the temporal lobes were consistent at the most 

stringent thresholds. As the threshold became more stringent this high level of overlap remained, 

suggesting that network hubs are stable across scans. In addition, community structure analysis 

revealed that these hubs formed modules consistent with the default mode network as described 

in the literature. A comparison of the Q-values for Run 1 (Q = 0.60) and Run 2 (Q = 0.63) further 
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emphasized the stability of the community structure across scans. Across both runs, two stable 

modules were identified: the first included the medial prefrontal cortex and the second 

encompassed the precuneus, cingulate and paracentral lobule (Figure 4.5). 

4.3.2 Network comparison across an animal population 
Based on the consistent results within the same animal across runs, we then conducted an 

analysis of the same metrics across a group of animals. The high level of agreement seen within 

subject was also seen across animals as observed in the cohort of 10 treatment-naïve vervet 

monkeys. Top overlap maps showed hubs in the medial prefrontal cortex, anterior cingulate, 

cingulate cortex, visual cortex, parietal lobe and temporal lobe, particularly the superior temporal 

gyrus (Figure 4.6). These hubs were consistent with hubs seen in the rhesus macaque, which 

suggests consistent brain organization across species. An analysis of average graph metrics also 

showed that across the population, no animal significantly deviated from the group and the 

degree distribution was consistent across the population (Figure 4.7).  

4.3.3 Changes in nonhuman primate brain network following acute ethanol intoxication 
The above studies were conducted to establish feasibility of conducting network analysis in the 

NHP brain under baseline conditions. A subsequent study was conducted to evaluate the utility 

of resting state brain network analyses for studies of acute pharmacological challenges. Data 

were collected during the resting state and again following an acute ethanol infusion. Average 

graph metrics pre- and post-ethanol infusion were not significantly different across runs (Figure 

4.8); however, a comparison of hub maps showed a dramatic shift in the location of hubs in the 

brain (Figure 4.9a). At baseline, hubs appeared to encompass the default mode network with 

prominent hubs in the parietal lobe, visual cortex, medial frontal cortex and temporal lobes. After 

acute administration of ethanol, these hubs largely disappeared and new hubs were scattered 

through the brain. An analysis of the community structure supports this change in hub structure; 
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a module containing the areas consistent with the default mode network at baseline showed 

connections across a host of brain regions post-ethanol (Figure 4.9b). Comparing the Q-values 

pre- and post-ethanol, there was a decrease following acute ethanol from 0.58 to 0.49. This 

change indicates that the network exhibits more properties of a random network after the ethanol 

infusion. 

4.4 Discussion 

4.4.1 Hub structure in the NHP brain 
Although there has been extensive investigation of networks in humans, to our knowledge, there 

have been no studies investigating functional brain networks in NHPs using network science. 

While traditional imaging studies focus on regional activation or independent subnetworks, 

network science offers the ability to determine how different regions of the brain interact. 

Nonetheless, previous studies evaluating default-mode organization in NHPs still provide 

valuable information about brain organization. As seen in Table 4-II, studies using different 

species and experimental conditions have identified various regions as part of the default mode 

network. However, despite these differences, several regions appear across animals, notably the 

precuneus, cingulate cortex, medial prefrontal cortex, and superior temporal gyrus. In our study, 

hubs in the brain networks from rhesus macaque and vervet monkeys were found in the medial 

prefrontal cortex, cingulate cortex, visual cortex and temporal lobes. Hubs in the visual cortex 

appear to be more pronounced in the vervet animals, while hubs in the cingulate cortex of the 

rhesus macaque were more pronounced. These findings may reflect species differences, but may 

also be a result of sample size as the rhesus macaque reflects a single animal. Despite these 

differences, the hubs found here are consistent with findings in previous NHP imaging studies. 

 While the default mode network in NHPs is similar to that in humans, there are some 

regions that only consistently appear in the NHP brain network. Hubs in the visual cortex and the 
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temporal lobes, particularly the superior temporal gyrus, have been noted in NHP networks in 

this study and previous studies, but not in humans (Vincent et al., 2007, Margulies et al., 2009, 

Hutchison et al., 2011). Nonetheless, hubs in the precuneus, cingulate cortex, and medial 

prefrontal cortex complement those found in humans, which lends credence for the use of such 

animal models for clinical application. 

 Another major finding in this study is that under anesthesia, community structure 

organization suggests that the medial prefrontal cortex and posterior cingulate do not exist within 

the same community, which lends support to previous studies citing a lack of connectivity 

between the two regions (Raichle et al., 2001, Vincent et al., 2007, Mantini et al., 2011). In this 

study, parietal-prefrontal connectivity formed a single community during one scan in the rhesus 

macaque; however, scans in the vervet population and subsequent scans in the rhesus macaque 

failed to reproduce this community. While these results do not rule out a connection between the 

medial prefrontal cortex and posterior cingulate, they suggest that under anesthesia, connections 

between these regions may be impacted. It is worth noting that other studies have identified links 

between these regions in the default mode (Hutchison et al., 2011), thus further investigation of 

the effects of anesthesia on the NHP brain is warranted.  

 These results, particularly the decoupling of the parietal and frontal regions may be a 

result of anesthesia. Studies in humans have reported that the prefrontal cortex is sensitive to 

anesthesia, namely, local connectivity is reduced under light anesthesia conditions (Deshpande et 

al., 2010). Nonetheless, despite a potential uncoupling of long-range connections between the 

parietal and prefrontal cortex, the regions associated with the default mode network still appear 

as major hubs in the network. These results suggest that a NHP model, even under conditions of 

anesthesia, can be useful for understanding neurological disorders that affect humans. 
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4.4.2 Graph metric reproducibility 
A chief concern is the reliability of graph metrics across scans. In this study, reproducibility of 

hubs was found to be high across studies and across subjects. These results reflect findings 

observed in human fMRI networks (Telesford et al., 2010); however, it should be noted that high 

reproducibility in the human study was confined to hubs in the network. Many studies in brain 

networks focus on location and changes to hub structure of networks (Achard et al., 2006, 

Buckner et al., 2009, Bullmore and Sporns, 2009). 

 It should also be noted that the sample size in this study, which is representative for 

studies that utilize NHPs, is considerably smaller than typical human studies. Nonetheless, given 

the strong agreement comparing graph metrics, degree distribution, hub localization and 

community structure, it appears that reproducibility in this study is consistent with results found 

in human. The preservation of hub structure sets a baseline for a population and how a particular 

state or condition can change in this network organization. These results suggest that focusing on 

changes in hub structure and connectivity can provide a better understanding of how a particular 

substance or state can affect the organization of the brain network.  

4.4.3 Measuring changes in brain organization due to alcohol 
One powerful aspect of this network model is the ability to see changes in brain organization due 

to changes in conditions. Functional connectivity studies have also shown that acute and chronic 

alcohol use can disrupt functional subnetworks in the human brain (Chanraud et al., 2011, 

Rzepecki-Smith et al., 2010). However, to our knowledge, there are no studies that show global 

effects of alcohol across the whole brain. Additionally, to our knowledge, this is the first study to 

report changes in brain networks in the NHP brain following an ethanol challenge. In this study, 

we see the disruption of the resting state network across the entire brain. The disruption in the 

network is best exemplified by a lower value of Q for community structure. The post-ethanol 
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network displayed properties more associated with a random network. In terms of the brain, a 

network with more random properties lacks the regional specialization considered critical in 

small-world networks. These results highlight some of the benefits of network analysis since 

changes in whole brain connectivity can be explored without prior knowledge of the region that 

is altered by a given challenge. Although the current study tracked changes in brain networks 

following an acute ethanol challenge, these data set the foundation for future studies to 

investigate network connectivity following chronic ethanol exposures.  

4.4.4 Limitations 
One important caveat of this study is that the macaque used in these investigations had a drug 

history from previous studies, thus there is a chance that the pharmacological effects of previous 

treatments may have impacted the brain networks. This limitation also makes it difficult to 

ascribe the effects of alcohol on the default mode network, as the drug history of the animal may 

play a factor in the observed changes. Despite this limitation, this investigation is still useful as 

the main goal of this study was to demonstrate the ability to build these networks and show that 

this method is sensitive to changes induced by the introduction of ethanol. This result is best 

demonstrated by the within-animal reproducibility that shows stable hub structure across scans 

and altered hub structure during the ethanol scan. In addition, the vervet population provided a 

treatment-naïve data set and there continued to be a high overlap of network structure between 

species. These findings suggest that hubs found in both species are representative of the default 

mode network in NHPs. 

 While average graph metrics across experimental groups can show significant differences 

between networks or groups of networks, there may be a limitation to comparing graph metrics 

alone. A lack of change across scans does not necessarily indicate that the compared networks 

are the same. For instance, studies have shown no significant differences between graph metrics, 
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but have shown dramatic changes in network topology (Burdette et al., 2010, Moussa et al., 

2011). In such cases, it is essential to conduct further analyses that include localization of hubs 

and analysis of network community structure. 

 Another aspect of brain network studies is that they may not provide great specificity 

with regard to discrete brain regions. Many BOLD fMRI studies highlight specific brain regions 

or cortical areas based on changes in activity. In contrast, network science places less emphasis 

on specific brain regions and focuses on global interactions across the brain. It is worth noting 

that the power of network science lies in its ability to address the complexity in the brain as a 

whole, thus traditional t-tests may not be ideal for such analyses (Telesford et al., 2011b). 

 Another concern with graph metric analysis lies in methodology, particularly related to 

network parcellation. For network parcellation, most studies use voxel-based or regions of 

interest (ROI) networks. In voxel-based networks, each voxel represents a node (Eguíluz et al., 

2005, van den Heuvel et al., 2008), while ROI networks segment the brain based on an atlas, 

such as the Automated Anatomical Labeling (AAL) (Tzourio-Mazoyer et al., 2002). A previous 

study comparing different network parcellation methods showed that ROI networks can 

underrepresent high degree nodes (Hayasaka and Laurienti, 2010). Moreover, they showed that 

the removal of local connections in voxel-based networks does not significantly change the 

degree distribution of the network, suggesting that hubs found in voxel-based networks are true 

local connections. Another issue that arises is the classification of voxels based on tissue type. In 

our network analysis, tissue probability maps for gray matter, white matter and CSF were used to 

identify nodes. At coarser resolutions, nodes can be misclassified and included in the analysis. 

Consequently, this can result in the appearance of hubs in regions outside of gray matter, often at 

the interface of gray and white matter. While there is still no consensus on which method is most 
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appropriate, we advocate the use of voxel-based networks with total brain coverage as it allows 

for investigation of interregional connectivity and avoids the removal of signal that may be 

critical to accurate network representation. 

4.5 Conclusion 
Network science offers a great opportunity to understand the brain as a complex system and 

continues to gain popularity in the neuroimaging community. With its increasing popularity, 

there will also be a greater effort to apply network science to animal models. One of the main 

benefits of an animal model is the ability to tightly control conditions that are often confounding 

factors in a human study. In our investigation, we have successfully applied network science 

techniques to a NHP model in multiple species and have found results that were not only 

consistent across two NHP species, but were also consistent with previous animal studies as well 

as with human studies. Following the baseline scan sessions, the animals were subjects in a 

chronic ethanol self-administration paradigm using a well-established model of self-

administration (Vivian et al., 2001). This model has been reported to elicit heavy drinking in 

cynomolgus and rhesus macaques paralleling the patterns and levels of intake observed in 

humans. Further, this design was recently shown to have predictive value in determining which 

animals would ultimately become heavy drinkers at the end of the self-administration study 

(Grant et al., 2008). The ability to correlate changes in functional connectivity following long-

term exposure will likely provide valuable insight into how chronic alcohol impacts brain 

networks and subsequent cognitive processes. 
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4.7 Figures and Tables 
 

 
Figure 4.1. Schematic of network and analysis. Voxel time courses (t) are extracted from the 
functional magnetic resonance imaging (fMRI) time series and computing the Pearson’s 
correlation between all voxel pairs, a correlation matrix is produced. A threshold is applied to the 
correlation matrix to generate a binary adjacency matrix. From the adjacency matrix, graph 
metrics are calculated at every node in the network and averaged to produce mean graph metric. 

 

Graph metric Description Equation 
Degree Measures the connectivity of each node 

𝒌𝒊 = �𝑨𝒊𝒋

𝒏

𝒋=𝟏

 

Clustering 
coefficient 

Measures local neighborhood connectivity, 
calculated as the likelihood that neighbors of a 
node are also neighbors 
 

𝑪𝒊 =
𝟐𝒆𝒊

𝒌𝒊(𝒌𝒊 − 𝟏) 

Path length Measures the distance between nodes in the 
network and is calculated as the shortest geodesic 
distance between each node and every other node 
 

𝑳 =
𝟏

𝑵(𝑵− 𝟏) � 𝒅𝒊𝒋
𝒊𝒋∈𝒏,𝒊≠𝒋

 

Global efficiency Measures the closeness of an individual node to all 
other nodes in the network 
 

𝑬𝒈𝒍𝒐𝒃 = 𝑬(𝑮)

=
𝟏

𝑵(𝑵− 𝟏) �
𝟏
𝒅𝒊𝒋𝒊≠𝒋∈𝑮

 

Local efficiency Describes how interconnected the neighbors are in 
a particular area of the network 𝑬𝒍𝒐𝒄 =

𝟏
𝑵
�𝑬(𝑮𝒊)
𝒊∈𝒏

 

Table 4-I. Description and mathematical definition of graph metrics used in this study.  
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Figure 4.2. Graph metric reproducibility in rhesus macaque. Average graph metrics in 
rhesus macaque show no significant differences across fMRI runs for clustering coefficient (C, 
p=0.92), path length (L, p=0.70), local efficiency (Eloc, p=0.94), global efficiency (Eglob, p=0.39). 
A plot of the degree distribution shows both runs are similar and follow a truncated power law. 

 

 
Figure 4.3. Hub maps of top 20% of nodes of highest degree in rhesus macaque. (a-b) Hubs 
appear in the medial prefrontal cortex, cingulate cortex, temporal lobe and visual cortex. (c) 
Comparing the two runs, nodes from Run 1 (red) were overlaid onto nodes in Run 2 (blue). 
Regions appearing in purple highlight the overlap of high degree nodes across both runs. 
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Figure 4.4. Binary hub maps for two fMRI runs across thresholds. (a) Binary images of the 
network hubs were generated for each run with an increasing threshold from the top 25% to 10% 
of the most connected nodes. Nodes only in the first run appear in blue, nodes only in the second 
run appear in green, while nodes in both runs appear in red. (b) The percentage overlap shows 
that as much as 54% down to 41% of the nodes for either run is shared. Across both maps, high 
degree hubs appear to be stable across run with no major differences at increasing threshold 
levels. 

 

 
Figure 4.5. Binary hub maps for two fMRI runs across thresholds. (a) Binary images of the 
network hubs were generated for each run with an increasing threshold from the top 25% to 10% 
of the most connected nodes. Nodes only in the first run appear in blue, nodes only in the second 
run appear in green, while nodes in both runs appear in red. (b) The percentage overlap shows 
that as much as 54% down to 41% of the nodes for either run is shared. Across both maps, high 
degree hubs appear to be stable across run with no major differences at increasing threshold 
levels. 
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Figure 4.6. Overlap map across 10 vervet monkeys. Hub maps of top 20% high degree nodes 
were overlaid to determine areas with a high consistency of high degree nodes. Hubs were found 
in the medial prefrontal cortex, anterior cingulate, cingulate cortex, visual cortex, parietal lobe, 
temporal lobe, and superior temporal gyrus. 
 

 
Figure 4.7. Average graph metrics across vervet monkey cohort. Across subjects, average 
metrics were found to be highly reproducible across animals. The degree distribution for each 
animal also appears to be similar and follow a truncated power law. 
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Figure 4.8. Average graph metrics pre- and post- ethanol bolus. Average metrics did not 
significantly differ across metrics for clustering coefficient (C, p=0.70), path length (L, p=0.71), 
local efficiency (Eloc, p=0.83), global efficiency (Eglob, p=0.70). The degree distribution does not 
appear to significantly change across runs. 
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Figure 4.9. Network changes in rhesus macaque brain following ethanol challenge. A rhesus 
macaque was given 1 g/kg of ethanol after an initial scan. (a) As seen in the hub map, the 
network is altered with much of the hub structure disappearing (b) While the community 
organization shows regions associated with the default mode network before the ethanol bolus, 
no discernible pattern. 
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Publication NHP Type Default Mode Network Regions 
Rilling, 2007 Chimpanzee medial prefrontal cortex 

medial parietal cortex 
 

Vincent, 2007 
 

Rhesus macaque precuneus 
posterior cingulate cortex 
dorsal medial prefrontal cortex 
lateral temporoparietal cortex 
superior temporal gyrus 
posterior parahippocampal cortex 
 

Marguiles, 2009 Rhesus macaque precuneus 
superior parietal cortex 
paracentral lobule 
motor cortex 
dorsolateral prefrontal cortex 
dorsomedial prefrontal cortex 
multimodal lateral inferior parietal 
cortex 
visual cortex 
 

Hutchison, 2011 Rhesus macaque arcuate sulcus 
posterior cingulate 
precuneus cortex 
areas in the visual cortex 
superior temporal gyrus 
insular cortex 
anterior cingulate 
orbitofrontal cortex 
postcentral gyrus 
precentral gyrus 
 

Mantini, 2011 Rhesus macaque posterior cingulate cortex 
medial prefrontal cortex 
dorsolateral prefrontal cortex 
insula/operculum 
lateral parietal cortex 
 

Current study Rhesus macaque medial prefrontal cortex 
cingulate cortex 
temporal lobes 
visual cortex 
 

Current study Vervet medial prefrontal cortex 
anterior cingulate 
visual cortex 
parietal lobe 
superior temporal gyrus 

Table 4-II. Default mode network studies in nonhuman primates (NHPs). Description of 
regions identified as default mode network in NHPs in previous publications and this study 
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5 Chronic ethanol exposure in the nonhuman primate brain network  
Abstract 

Background 
Long-term alcohol abuse is associated with change in behavior, brain structure, and brain 

function. However, the nature of these changes is not well understood. In this study we used 

network science to analyze a nonhuman primate (NHP) model of ethanol (EtOH) self-

administration to evaluate functional changes in the brain after chronic alcohol use. Of particular 

interest was how chronic alcohol exposure may affect the default mode network. 

Methods 
Baseline resting state functional MRI (fMRI) was acquired in a cohort of vervet monkeys. 

Animals underwent an induction period during which they were exposed to water (control) or 

EtOH in escalating doses over three 30-day epochs. Following the induction period, animals 

were given ad libitum access to water and a maltose dextrin solution (control) or water and EtOH 

for 22 hr/day over 12 months. After this chronic phase, animals were scanned in a follow-up 

session and their brain networks were analyzed to determine the effects of chronic ethanol 

exposure. 

Results 
Hubs and community structure were quite stable in all animals at baseline scan and in the control 

group at the end of the study. Animals classified as lighter drinkers (<2.0 g/kg/day) displayed 

networks that were similar to the control animals, while heavier drinkers (≥2.0 g/kg/day) 

displayed networks with differences in connectivity within the precuneus, anterior cingulate, and 

superior temporal gyrus. The difference between light and heavy drinking monkeys suggests that 

changes in connectivity are intake-dependent. 

Conclusion 
Chronic alcohol use alters the default mode network in animals that drink heavily. Changes to 

the default mode network were linked to areas associated with spatial association, working 

memory and visuomotor processing.  
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5.1 Introduction 
Alcohol has a profound effect on the brain, and heavy consumption can lead to alcohol 

dependence and alcoholism. Structural magnetic resonance imaging (MRI) studies in patients 

with chronic alcoholism show reduced volume in gray matter and white matter in the cerebral 

cortex (Pfefferbaum et al., 1992, Pfefferbaum et al., 1998, Fein et al., 2002), and functional MRI 

(fMRI) studies have shown reduced blood oxygen level-dependent (BOLD) response in active 

drinkers during working memory tasks (Levin et al., 1998, Trim et al., 2010). While long-term 

alcohol use clearly results in structural and functional changes to the brain, the time course of 

these changes remains unclear. This is at least partially because studies on the effects of alcohol 

on the brain are typically conducted in individuals who have consumed alcohol over long periods 

of time, often decades. Consequently, the results from these studies may not accurately reflect 

the initial effects of alcohol on the brain. Even studies in young adults who become dependent 

between the ages 18 and 24 (Dawson et al., 2005) can be still confounded by factors such as 

polydrug abuse and psychological disorders that make interpretation of results difficult (Grant 

and Harford, 1995, Frye and Salloum, 2006, Boden and Fergusson, 2011). 

 Nonhuman primates (NHPs) provide a unique translational resource to address these 

concerns because their use allows for complete control over experimental conditions (e.g., 

nutritional status, housing conditions, medical history, etc.). Additionally, animal models of 

substance abuse have face validity and, like humans, individuals differ in the amount and pattern 

of alcohol they consume. NHPs in a well-characterized model of chronic ethanol self-

administration (Vivian et al., 2001, Grant et al., 2008), consume ethanol in doses that range from 

<1 g/kg (4 drink equivalent) to >3 g/kg (12 drink equivalent). Furthermore, this model can 

predict which animals will subsequently become heavy drinkers (Grant et al., 2008). An 

important aspect of this model is that it permits longitudinal tracking of ethanol effects beginning 
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in the naïve state through the onset of divergent drinking patterns (light and heavy drinking), 

making it uniquely valuable in the study of early-stage alcohol effects. 

 Neuroimaging studies focusing on resting state networks have proven useful for 

understanding the effects of alcohol on the brain. One such network, the default mode network, 

represents neurocorrelates of brain activity when the brain is at “rest” and no external demanding 

task is being performed (Raichle et al., 2001). In humans, this network includes the medial 

prefrontal cortex, the lateral parietal lobe, the posterior cingulate cortex and precuneus. It is 

hypothesized to interact with sensory, motor, and emotional systems, and disruption of or 

alterations to this network is thought to play a role in cognitive disorders and such disease states 

as depression and schizophrenia (Buckner et al., 2008, Anticevic et al., 2012). A functional 

connectivity study of the default mode network in chronic alcohol users found increased 

connectivity between the precuneus and specific regions within the cerebellum (Chanraud et al., 

2011). In another study on resting state networks, acute alcohol consumption was associated with 

changes to the subcallosal anterior cingulate cortex, left temporal fusiform gyrus and the left 

inferior temporal gyrus (Spagnolli et al., 2013). Our previous work characterized the 

organization of the default mode network in NHPs and has shown a disruption to the default 

mode network after acute ethanol exposure in NHPs (Telesford et al., 2013c). However, that 

study did not characterize changes to any specific brain regions. To our knowledge, there are no 

functional imaging studies observing brain network changes due to chronic ethanol consumption 

in NHPs. 

 The purpose of the current study was to investigate changes to the default mode network 

in NHPs that chronically self-administered ethanol over a year. Of particular interest was 

whether chronic ethanol exposure affected the organization of the default mode network, and if 
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so, to what degree those changes correlate with the ethanol intake. To this end, we used network 

science, a method used to investigate whole-brain connectivity. Network science utilizes the 

concepts of graph theory, which treats regions (or voxels) in the brain as an array of nodes that 

are associated by physical or functional connections called edges. This model is appealing to 

neuroscientists as the brain is often viewed as a system containing multiple regions with 

specialized functions that rapidly interact to produce various behaviors (Watts and Strogatz, 

1998, Bullmore and Sporns, 2009). 

 Given the observed changes to the default mode network in humans and the known 

effects of long-term alcohol use on cognition, we hypothesized that chronic alcohol consumption 

would be associated with connectivity changes in the precuneus and the anterior cingulate gyrus, 

both of which participate in working memory. In this study, we evaluated connectivity changes 

in these two brain regions, as well as other areas considered to be part of the default mode 

network in NHPs (Vincent et al., 2007, Margulies et al., 2009, Mantini et al., 2011, Telesford et 

al., 2013c). 

5.2 Methods 

5.2.1 Animals 
Male vervet monkeys (Chlorocebus aethiops) (n=19) from an ongoing study examining the 

neurobiological consequences of chronic ethanol self-administration were used for this study. 

The animals were run in two separate cohorts, with controls and drinkers in each cohort. All 

animals self-administered either maltose dextrin (control) or ethanol (drinkers) using a well-

characterized model of ethanol self-administration (Vivian et al., 2001, Grant et al., 2008). The 

first cohort consisted of four controls and five ethanol drinkers. The second cohort consisted of 

three controls and seven ethanol drinkers. The second cohort began the study two years after the 
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first cohort started. The final study population contained 7 animals in the control group and 12 

animals in the ethanol drinking group. 

 Animals were scanned before exposure to ethanol. After the baseline scan, animals were 

then trained to self-administer food and water on an operant panel attached to the side of their 

home cages. Following panel training, animals underwent a three-month induction period where 

they were induced to consume either ethanol (4% w/v; EtOH group) or an isocaloric maltose 

dextrin solution (control group) after scheduled pellet delivery as described previously (Vivian et 

al., 2001). Following the induction period, the animals had free access to consume EtOH and/or 

water for 22 hr/day for 12 months. Because the animals readily consumed all the maltose dextrin 

they were supplied, their dose was matched to the average amount of ethanol consumed by the 

ethanol drinking animals in the previous week. After the 12-month free access period, animals 

were scanned again to investigate the impact of chronic ethanol consumption on brain networks 

(See Table 5-I for a more detailed report of scans for each cohort). 

5.2.2 Scan preparation 
In preparation for anesthesia, all animals were fasted overnight, and were therefore ethanol free 

for the duration of the scan. Briefly, animals were sedated with ketamine and transported to the 

scanner where they received 3% isoflurane via nose cone until intubated. Once intubated, 

animals were maintained under conditions of 1.5% isoflurane for the remainder of the scan 

session. The animals were artificially ventilated in order to control all physiological parameters. 

Expired CO2 levels and respiration rate were monitored using a Capnomac monitor (Datex-

Engstrom Division Instrumentarium Corp., Helsinki, Finland). Heart rate and oxygen saturation 

levels were monitored using a pulseoximeter and body temperature was maintained using 

warmed blankets. Resting state fMRI data was then acquired as described below. At the end of 
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the scan session, all animals were extubated and recovered from anesthesia. They were provided 

pipeline oxygen until recovered and returned to their home cage.  

5.2.3 Scanning protocol 
Scans were acquired on a 3.0T GE Scanner equipped with a Twin Speed Gradient Coil in Zoom 

Mode (maximum gradient strength 4G/cm and a slew rate of 150mT/m/ms). Resting state fMRI 

data was acquired with a gradient echo EPI sequence using an 8-channel receive only RF head 

coil with a form factor designed specifically for the nonhuman primate (Dr. Cecil Hayes, 

University of Washington). Imaging data was acquired as axial oblique contiguous slices 

oriented along a line that extends from the superior surface of the anterior commissure to the 

center of the posterior commissure (AC/PC line) with frequency direction Right to Left. Animals 

were scanned following parameters adapted from (Murnane and Howell, 2010): parameters were 

based on an optimized sequence developed for NHPs (gradient echo EPI, 96×48 acquisition 

matrix, acquisition resolution=1.5mm×1.5mm×1.5mm, FOV=19.2cm×19.2cm, flip angle=90°, 

TE=20ms, TR=4000ms, 124 volumes). An anatomic scan (T1-weighted 3D-SPGR, 256×256 

acquisition matrix, 0.5mm slice thickness, TE=3.432ms, TI=600ms, TR=8.16ms) was collected 

for normalization of functional images. All scans were conducted at Wake Forest School of 

Medicine, Winston-Salem, NC. All procedures were approved by the Institutional Animal Care 

and Use Committee and the National Institute of Health Guide for the Care and Use of 

Laboratory Animals (NIH Publications No. 80-23). 

5.2.4 Data analysis 
Functional images were motion corrected, normalized to the NITRC (Neuroimaging Informatics 

Tools and Resources Clearinghouse) vervet template (Fedorov et al., 2011). Tissue maps from 

the NITRC template were used to mask imaging data for gray matter, white matter, and 

cerebrospinal fluid (CSF). White matter and CSF maps were thresholded at 0.75 and used to 
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calculate the mean signal from each tissue type. The gray matter maps were thresholded at 0.2 

and used to mask the functional images. The threshold for gray matter is more lenient than those 

used for white matter and CSF to ensure the inclusion of the majority of gray matter voxels. 

Functional and anatomic scans were skull-stripped using 3D Slicer (http://www.slicer.org) 

(Fedorov et al., 2012), and anatomic scans were normalized to the NITRC template using FSL 

with normalization parameters subsequently applied to the functional scans. 

5.2.5 Network analysis 
As diagrammed in Figure 5.1, fMRI time courses were extracted for each voxel and corrected for 

physiological noise by band-pass filtering to remove signal from the range of 0.009-0.08 Hz (Fox 

et al., 2005, van den Heuvel et al., 2008). Mean time courses from the entire brain (the average 

of voxel values within the brain parenchyma mask including gray and white matter), the deep 

white matter, and the ventricles were regressed from the filtered time series. The six rigid-body 

motion parameters from the motion correction process were also regressed from the time series. 

 A correlation matrix was produced by computing the Pearson correlation between all 

possible pairs of voxels within the fMRI time series. A threshold was applied to the correlation 

matrix, whereby voxel pairs above the threshold were considered functionally connected and 

assigned a value of 1 and voxel pairs below the threshold were considered not connected and 

assigned a value of 0. The discretization of the correlation matrix produces a binary adjacency 

matrix. The threshold was defined such that the relationship between the number of nodes and 

average number of connections between nodes was consistent across subjects. Specifically, the 

relationship S=log(N)/log(K) was the same across subjects, where N is the number of nodes in 

the entire network, K is the average degree of the network. For this paper, the threshold S = 2.25 

was used to define networks, but network properties have been demonstrated to be robust for 

different S values (Hayasaka and Laurienti, 2010). 

http://www.slicer.org/
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5.2.6 Graph metric analysis 
From the adjacency matrix, the following graph metrics were calculated at each node and 

averaged to yield average graph metrics for the entire network: degree (K), local efficiency 

(Eloc), and global efficiency (Eglob) (for more details on specific metrics, see (Rubinov and 

Sporns, 2010)). Degree for each voxel was mapped to anatomic space to determine the most 

connected regions, or hubs, within the brain. Hub maps were generated with degree comprising 

the top 15% of the most connected nodes. These maps provide the anatomic location of hubs and 

demonstrate the functional organization, or hub structure, of the brain. 

 To test if observed changes in hub structure reflect changes in node connectivity, a one-

way ANOVA was tested on a 4.5mm×4.5mm×4.5mm region of interest (ROI). ROIs were 

placed in areas showing distinct change in hub structure, as well as regions considered part of the 

default mode network in NHPs. In addition, to assess network organization, regional 

connectivity maps were generated for select ROIs. Connections to the ROI were classified as 

first-order (direct) or second-order (indirect). First-order connections are the immediate network 

neighbors of the ROI and are classified as such because they share direct connections. Second-

order connections share direct connections with the immediate network neighbors, and thus share 

indirect connections to the ROI (Figure 5.2). In this investigation, regional connectivity maps of 

the second-order connections were evaluated for ROIs in the precuneus and anterior cingulate; 

connectivity maps show the average degree of second-order connections across a group. 

5.2.7 Community structure analysis 
Community structure analysis detects the level of interconnectedness of “subnetworks” in the 

network. Nodes that are more interconnected with each other than with the rest of the network 

form communities or modules. These modules segregate the network into small compartments 

that not only highlight the most connected nodes in the network, but also highlight the functional 
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organization of the network across the whole brain (Fortunato, 2010, Girvan and Newman, 2002, 

Meunier et al., 2009). Community structure was determined using Qcut, an algorithm that uses 

spectral graph partitioning and local optimization to determine the community structure (for 

more details on this method, see (Ruan and Zhang, 2008)). Community structure was optimized 

using Q, which measures the quality of the partition (Newman, 2006). A higher value of Q 

produces more accurate partitioning of the network, while a lower value of Q indicates a network 

that resembles a random network. To assess the consistency of modular organization, scaled 

inclusivity (SI) was used to find the most consistent modules in the control and drinking group. 

SI values are calculated by measuring the overlap of modules across a group while concurrently 

penalizing any non-overlapping modules (Steen et al., 2011). To test for significance, the most 

stable modules were identified from baseline scans. Treating these modules as ROIs, the SI 

values within the ROI were averaged for the 12-month scan in all animals. Afterward a one-way 

ANOVA was used to test for differences between control and drinking animals. For a detailed 

explanation on the use of this methodology in the brain, see (Moussa et al., 2012). 

5.3 Results 

5.3.1 Average graph metric analysis after chronic ethanol self-administration 
Animals were scanned in the naïve state and after 12 months of ethanol self-administration. 

Within the ethanol drinking group (n=12), half the animals were classified as heavy drinkers 

(n=6) if their ethanol intake was >2 g/kg/day. As seen in Figure 5.3, ethanol intake for heavy 

drinkers (2.32 ± 0.24 g/kg/day) was significantly higher than that for light drinkers (1.27 ± 0.41 

g/kg/day, t = 8.46, df = 10, p<0.0001). A drink is considered to be equivalent to 0.25 g/kg – 

therefore the heavier drinkers consumed on average 9 drinks/day. Lighter drinkers consumed an 

average of 4-5 drinks/day. This intake pattern was preserved in the final three months of the self-

administration period with heavy drinkers (2.47 ± 0.31 g/kg/day) drinking significantly more 
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than light drinkers (1.64 ± 0.50 g/kg/day, t = 3.45, df = 10, p<0.01). A one-way ANOVA 

comparing average graph metrics for heavy and light drinkers showed no significant group 

differences for Eloc and Eglob (Figure 5.4; Eloc, F(2,16) = 0.1, p=0.91 and Eglob, F(2,16) = 0.01, 

p=0.99). These results suggest that while the drinking patterns of the groups differ, the behaviors 

were not associated with changes in the global brain network metrics following 12 months of 

chronic ethanol self-administration. 

5.3.1 Hub map analysis after 12 months of ethanol self-administration 
The network hubs were consistently located in the superior frontal cortex, ventrocaudal visual 

cortex, and superior temporal gyrus in the treatment naïve state (Figure 5.5a). After 12 months of 

self-administration, the location of the hubs was stable in both the controls and light drinkers 

(Figure 5.5b-c). In both these groups, however, the appearance of high degree hubs also occurred 

along the rostrocaudal extent of the anterior cingulate gyrus, most prominently in the anterior 

cingulate cortex. The hub structure in the heavy drinkers was similar (Figure 5.5d), except for 

apparent lower connectivity in the right superior temporal gyrus and a lack of hubs in the 

cingulate cortex.  

5.3.2 Region of interest analysis of altered brain regions 
To test if the observed changes in network topology reflected actual changes in node 

connectivity after 12 months of self-administration, ROI analysis was conducted in all three 

groups. ROIs were placed in the superior temporal gyri, anterior cingulate, subgenual cingulate, 

precuneus, posterior parietal cortex, and visual cortex (see Figure 5.6 for ROI locations); a one-

way ANOVA comparing the control, light drinkers and heavy drinkers was used to test for 

significant differences between the groups. Post hoc comparisons were performed between each 

of the groups and a Bonferroni correction was applied with β = 0.017 (Figure 5.7). As shown in 

Table 5-II, connectivity in the left superior temporal gyrus and left visual cortex was not 
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significantly different between all groups. Connectivity within the right superior temporal gyrus, 

precuneus, subgenual cingulate, posterior parietal and sensorimotor ROIs were significantly 

different between the groups. Post hoc comparison in all these groups revealed no significant 

differences between the control and light drinkers, but significant differences were found when 

the heavy drinkers were compared to the control and light drinkers. Significant differences were 

also found in the anterior cingulate, F(2,78)=13.06, p=1.28×10-5, and right occipital cortex, 

F(2,78)=5.31, p=6.88×10-3. Post hoc comparisons showed that connectivity in the anterior 

cingulate was significantly higher in the control group compared to the light drinking 

(p=4.09×10-5) and heavy drinking group (p=8.74×10-4). Post hoc comparisons for right occipital 

cortex only showed significant differences in connectivity between the control and heavy 

drinking group (p=2.74×10-4). After 12 months of self-administration, the heavy drinking group 

was significantly different in 7 of the 11 selected ROIs, which suggest that changes in 

connectivity are intake dependent. 

5.3.3 Regional connectivity analysis 
Comparison of connectivity maps between groups showed little difference in the location of 

highly connected nodes except when ROIs were placed in the precuneus (Figure 5.8a) and the 

anterior cingulate gyrus (Figure 5.9a). At baseline, all animals showed secondary connections 

from the precuneus to the thalamus, superior frontal gyrus, and multiple regions of visual cortex 

(Figure 5.8b). At 12 months, this same connectivity pattern was evident in the control group 

(Figure 5.8c) with additional connectivity to the left superior frontal and the subgenual cingulate 

gyri. This connectivity pattern was also evident in the light drinking group, except high degree 

connections were less prevalent. Nonetheless, secondary connections were present with the 

superior frontal gyrus and the thalamus, but were less extensive in the visual cortex (Figure 

5.8d). Unlike the controls, the light drinking group also displayed secondary connections 
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between the precuneus and the subgenual cingulate gyrus. The heavy drinking group showed 

similar secondary connections to the light drinkers and controls in the left superior frontal gyrus. 

However, the heavy drinking group exhibited the greatest deviation from baseline with 

secondary connections appearing along a large portion of the anterior cingulate gyrus (Figure 

5.8e). 

 Connectivity maps from the anterior cingulate ROI showed secondary connections across 

a large portion of superior and middle frontal gyri, visual cortex, and superior temporal gyri at 

baseline (Figure 5.9b). At 12 months, the control group exhibited similar spatial patterns of 

connectivity, although connections were considerably reduced in number in all locations (Figure 

5.9c). Within both drinking groups, there were more connections from the anterior cingulate ROI 

the other portions of the anterior cingulate gyrus (Figure 5.9d-e). However, in the heavy drinking 

group, secondary connections were also present in the precuneus gyrus. These results indicate 

that there are significant connectivity changes across the brain, which are most pronounced in the 

regions associated with the precuneus and anterior cingulate. In addition, many of these changes 

are intake dependent as connectivity maps of the heavy drinking group showed a greater 

divergence from baseline than the control and light drinking groups. 

5.3.4 Community structure analysis 
A one-way ANOVA analysis of community structure indicated that there is no significant 

difference in the overall modularity for the control, light drinkers and heavy drinkers F(2,16) = 

2.81, p=0.09 (Figure 5.10). Scaled inclusivity (SI) analysis was performed to identify regional 

differences in community organization. At baseline, there were prominent areas of consistent 

community structure in the precuneus and somatosensory regions. After 12 months of self-

administration, this pattern remained in the control and light drinking groups, but was virtually 

absent in the heavy drinking group (Figure 5.11). Further exploration of this finding was focused 
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on the actual network community that encompassed the precuneus and somatomotor cortices. A 

single consistent community was found to encompass both the precuneus and the somatomotor 

cortex in the treatment naïve, control, and light-drinking group. In contrast, the heavy drinking 

group showed an overall reduction of consistency and the inclusion of the cingulate cortex 

(Figure 5.12). Focusing on the precuneus module, a one-way ANOVA found a significant 

difference between the groups F(2,16) = 5.35, p=1.66×10-2. Post hoc comparisons found a 

significant difference between the light drinkers and heavy drinkers (p=7.82×10-4) (Figure 5.13). 

These results highlight that the differences seen in the community structure are consistent with 

those seen in the connectivity maps. 

5.4 Discussion 

5.4.1 Changes in brain network organization due to chronic ethanol use 
One of the main findings in this study is that ethanol self-administration appears to alter the 

functional organization of the brain, and this change appears to depend on the level of ethanol 

intake. While average, or whole-brain, graph metrics did not change, there were specific regional 

differences in connectivity between the drinking and non-drinking groups. The number of 

connections in the right superior temporal gyrus was significantly lower in the heavy drinking 

group. In addition, the drinking group (heavy and light drinkers) showed decreased connectivity 

in the anterior cingulate and subgenual cingulate gyrus compared to controls. Significant 

connectivity changes were also found in the posterior parietal, sensorimotor and visual cortices. 

Although significant differences were only found in the right visual cortex between the control 

and heavy drinking group, the heavy drinking group was found to be significantly different from 

both the controls and light drinkers in posterior parietal and sensorimotor cortices. 

 Connectivity changes in the anterior cingulate and subgenual cingulate ROIs appear to 

reflect changes observed in the precuneus. The number of connections in the precuneus 
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significantly increased in the heavy drinking group. These changes were associated with 

increased connectivity between the precuneus and the cingulate cortex as demonstrated by 

connectivity maps and the decrease of consistency in the precuneus module for the heavy 

drinkers (Figure 5.12d and Figure 5.8d). When looking at connections across the entire cingulate, 

there is a noteworthy shift in hub distribution as evidenced by the appearance of hubs in the 

cingulate after 12 months in the controls and light drinkers. This shift in hub structure may 

reflect a training effect; however, given the low sample size of control animals that received both 

scans (n=3), it is difficult to determine the reason for increased connectivity in the cingulate. 

Group comparisons of the precuneus module found a significant difference between the light and 

heavy drinking groups. This finding is notable because it further supports the finding that change 

in network structure is intake dependent. 

5.4.2 Impact of ethanol on functional systems 
Connectivity changes observed in the posterior parietal ROIs are noteworthy because damage to 

the posterior parietal cortex can lead to sensorimotor deficits. Studies in humans have 

demonstrated a dose-dependent effect of ethanol on the visuomotor system (Calhoun et al., 

2004), and have been shown to alter the effective connectivity of the posterior parietal cortices 

and visual cortex (Luchtmann et al., 2013). These changes may also account for the observed 

changes in the sensorimotor and visual cortices. 

 In humans, working memory is associated with the prefrontal cortex, including the 

anterior cingulate, temporal lobes and subcortical areas such as thalamus and basal ganglia 

(Constantinidis and Procyk, 2004, Lenartowicz and McIntosh, 2005). Accounting for the 

decreased connectivity observed in the right superior temporal gyrus, this may reflect deficits in 

working memory as it serves as a multimodal region for object- and space-related processing of 

the surroundings in NHPs (Karnath, 2001). Studies in rats found chronic ethanol exposure 
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altered working memory processes (Santín Núñez et al., 2000, Lukoyanov et al., 2003), while 

studies in adolescent rhesus macaques found a delay in visuo-spatial associative memory and 

spatial working memory after chronic alcohol exposure (Crean et al., 2011). Indeed, given that 

the superior temporal gyrus is consistent with the default mode network in NHPs(Vincent et al., 

2007, Margulies et al., 2009, Hutchison et al., 2011, Telesford et al., 2013c), disruption of this 

region may impact working memory. The findings in superior temporal gyrus may also reflect a 

response to scanner noise as this region contains the primary auditory cortex. Nonetheless, if 

connectivity reflects an auditory response to the scanner, there is still an intake-dependent effect 

associated in the right superior temporal gyrus. 

 Human fMRI studies found increased activity in the somatosensory cortex and cingulate 

after a passive training task (Carel et al., 2000), which may account for the increased 

connectivity observed in the cingulate gyrus in the controls and light drinkers. In humans, a 

functional connectivity study of changes to the default mode network in chronic alcohol users 

found increased connectivity between the precuneus and cerebellum (Chanraud et al., 2011). A 

study of acute alcohol consumption documented changes to the resting state network in the 

subcallosal cortex, left temporal fusiform cortex and the left inferior temporal gyrus (Spagnolli et 

al., 2013). In our investigation, higher connectivity was found in the precuneus of the heavy 

drinking group; however, since the currently available atlas only provides a mask for cerebral 

gray matter, connections to the cerebellum, as in Chanraud et al., were not included in the 

analysis. It is also noted that the precuneus module was significantly different between the light 

and heavy drinking group. In contrast, despite having significant differences in connectivity, the 

control group showed no difference in the precuneus module. We believe this reflects high 

variability in the normal population. By introducing alcohol to the animals, there is a consistent 
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shift in network connectivity and community structure that results in less variability. 

Nonetheless, changes to the precuneus in the heavy drinking group were associated with higher 

interconnectivity between the precuneus and anterior cingulate cortex (Figure 5.12). The 

cingulate gyrus is implicated in inhibitory control and disruption of this region results in 

impulsivity (Koob and Volkow, 2010). The cingulate cortex has also been associated with 

alcohol craving (Breese et al., 2011, Vollstädt-Klein et al., 2011, Schacht et al., 2013); cue 

elicited activation occurs in the parietal and temporal regions, including the posterior cingulate, 

precuneus and superior temporal gyrus in heavy drinkers and individuals with alcohol disuse 

disorder(Schacht et al., 2013). 

 Although this study was performed in anesthetized animals, the changes seen in the brain 

are consistent with changes associated with chronic alcohol use in humans. Functional 

connectivity studies in the precuneus have demonstrated connectivity to the superior temporal 

sulcus in the macaque (Zhang and Li, 2012). The precuneus has also been associated with the 

default mode network in several NHP studies (Vincent et al., 2007, Hutchison et al., 2011, 

Telesford et al., 2013c). Additionally, a recent study in the awake marmoset found default mode 

network activity consistent with functional organization of the brain under anesthetized 

conditions, particularly in the precuneus (Belcher et al., 2013). Our results suggest that the 

precuneus, superior temporal gyrus, and the cingulate cortex are affected by chronic ethanol 

exposure, which alters the organization of the default mode network. 

5.4.3 Limitations 
Although the total sample size is sufficient to compare three conditions after 12 months of 

ethanol self-administration, the number of animals at baseline, particularly the number of control 

animals that received scans at baseline and 12 months is limited (n=3). Due to the low sample 

size of control animals, paired comparisons between the baseline scans and the 12-month scans 
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are underpowered. Of great interest is whether the observation of hubs in the cingulate after 12 

months in the control and light-drinking group may be due to a training effect. There is evidence 

that long-term training does cause functional and structural changes in the brain (Lewis et al., 

2009, Taubert et al., 2011). However, while we are confident that this self-administration model 

has predictive value in determining which animals will ultimately become heavy drinkers, a 

larger sample size would help to differentiate changes that can be attributed to training and 

changes attributed to alcohol intake. 

 Another limitation lies in the nature of graph analysis itself. The main difference between 

graph analysis and traditional fMRI is that graph theory does not measure activity, but rather, it 

measures strong correlations of BOLD signal across the brain (Eguíluz et al., 2005). In contrast 

to studies that assess anatomic connectivity (Hagmann et al., 2008), functional connections can 

highlight regions that may be connected directly or indirectly.  

5.5 Conclusion 
The main finding of this study is that chronic ethanol exposure leads to altered brain network 

organization as demonstrated by changes in the default mode network in vervet monkeys. 

Studies in humans have highlighted the precuneus, superior temporal gyrus and anterior 

cingulate in resting state and task-based studies. Although these animals were anesthetized, 

changes to these regions further show that chronic ethanol exposure does affect these regions. 

More importantly, the observed changes are indicative of intake-dependent changes in brain 

networks. From a qualitative and quantitative standpoint, we observed changes to select brain 

regions that can differentiate light and heavy drinkers. The observed changes to default mode 

network in monkeys are consistent with many changes seen in humans. Nonetheless, future 

studies are needed to help clarify changes that can be attributed to training and ethanol. 
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5.7 Figures and Tables 
Cohort Cohort 1 Cohort 2 
Group Control Drinking Control Drinking 
# of Animals 4 5 3 7 

Scan Received 12 Month 12 Month Baseline 
12 Month 

Baseline 
12 Month 

Table 5-I. Breakdown of vervet monkey cohort and scans received. Animals were divided 
into two cohorts. The animals in Cohort 1 only received a scan at 12 months, while the animals 
in cohort 2 received scans in the treatment naïve state and after 12 months of chronic ethanol 
self-administration. 

 

 
Figure 5.1. Schematic of network and analysis. Voxel time courses (t) are extracted from the 
functional magnetic resonance imaging (fMRI) time series and computing the Pearson’s 
correlation between all voxel pairs, a correlation matrix is produced. A threshold is applied to the 
correlation matrix to generate a binary adjacency matrix. From the adjacency matrix, graph 
metrics are calculated at every node in the network and averaged to produce mean graph metric. 
 

 
Figure 5.2. Regional connectivity map schematic. To assess network organization, network 
connections are classified by first-order and second-order connections of the ROI node. First-
order connections denote the immediate neighbors of the ROI node and are considered direct 
connections. Second-order connections share direct connections with the first-order connections 
and are consider indirection connections of the ROI node. 
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Figure 5.3. Ethanol intake pattern of drinking cohort of vervet monkeys. (a) After 12 
months of free access to alcohol, animals fell into subgroups: heavy drinkers (>2 g/kg/day) and 
light drinkers (<2 g/kg/day). The drinking pattern of the heavy drinkers was significantly higher 
than the light drinkers (p<0.0001). (b) An investigation of the drinking pattern in the last three 
months demonstrates the preservation of this intake pattern within the drinking cohort (p<0.01). 
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Figure 5.4. Comparison of average graph metrics after 12 months of ethanol self-
administration. (a) Comparison of average graph metrics for local efficiency show no 
significant differences between control (0.49 ± 0.11SD), light drinkers (0.51 ± 0.03SD), and 
heavy drinkers (0.50 ± 0.06SD). (b) Similar results were found for global efficiency, with no 
significant differences between control (0.25 ± 0.08SD), light drinkers (0.25 ± 0.03SD), and 
heavy drinkers (0.25 ± 0.08SD). 
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Figure 5.5. Hub maps of top 15% of highest degree nodes in drinking/non-drinking vervet 
cohorts. (a) Hub maps of animals reveal hub maps in the medial prefrontal cortex, anterior 
cingulate, cingulate cortex, visual cortex, parietal lobe, temporal lobe, and superior temporal 
gyrus. (b-c) After 12 months of ethanol self-administration, hub maps in the control and light 
drinkers appear similar. (d) However, heavy drinkers appear to lose hubs in the cingulate cortex 
and right superior temporal gyrus. 
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Figure 5.6. ROI locations for ANOVA analysis. ROIs (4.5mm×4.5mm×4.5mm) were placed in 
seven (for a total of 11) regions in the brain for ANOVA analysis. Regions include the 
precuneus, anterior cingulate, subgenual cingulate, sensorimotor cortex, posterior parietal cortex, 
superior temporal gyrus, and visual cortex. 
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Figure 5.7. Mean degree comparison of ROIs in vervet groups. The average degree was 
calculated in several ROIs across the brain. A single asterisk denotes p<0.05 between heavy 
drinkers and control. A double asterisk denotes p<0.05 between heavy drinkers compared to light 
drinkers and control. A triple asterisk denotes p<0.05 between control and drinkers (heavy and 
light).  
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Region of interest F p 
Precuneus 50.85 7.31×10-15 
superior temporal gyrus L 0.21 0.81 
superior temporal gyrus R 19.35 1.50×10-7 
anterior cingulate 13.06 1.28×10-5 
subgenual cingulate 10.13 1.23×10-4 
posterior parietal L 7.23 1.32×10-3 
posterior parietal R 9.67 1.77×10-4 
sensorimotor L 13.39 1.00×10-5 
sensorimotor R 13.37 1.02×10-5 
visual cortex L 1.52 0.23 
visual cortex R 5.31 6.88×10-3 
Table 5-II. ANOVA results of ROI average degree connectivity. Significant differences in 
connectivity were found in all ROIs except for the left superior temporal gyrus and left visual 
cortex. 

 

 
Figure 5.8. Neighborhood maps of precuneus ROI. (a) Nodes connections were mapped to the 
neighbors of nodes in precuneus ROI. (b) Neighborhood connections of nodes in the precuneus 
were connected to the visual cortex, thalamus, and superior frontal gyrus. (c) The control group 
had similar connectivity to the baseline scans. (d-e) The drinking group showed greater 
connectivity in the cingulate cortex, but most pronounced in the anterior cingulate cortex of the 
heavy drinking group.  
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Figure 5.9. Neighborhood maps of anterior cingulate ROI. (a) Nodes connections were 
mapped to the neighbors of nodes in anterior cingulate ROI. (b) Neighborhood connections were 
found in the superior frontal gyrus, superior temporal gyrus and visual cortex at baseline (c) In 
the control group, connectivity was localized to the superior frontal gyrus and subgenual 
cingulate. (d-e) The drinking group also showed connectivity in the frontal gyrus, but there was 
also increased connectivity across the cingulate cortex. 

 
Figure 5.10. Community structure comparison after 12 months of ethanol self-
administration. After 12 months of self-administration, community structure values of Q were 
not significantly different for control (0.57 ± 0.03SD), light drinkers (0.61 ± 0.07SD), and heavy 
drinkers (0.63 ± 0.06SD). 
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Figure 5.11. Community structure consistency in vervet groups. (a) The precuneus/posterior 
cingulate and somatosensory regions were the most consistent regions at baseline. (b-c) These 
regions appear to remain consistent in the control and light drinkers after 12 months of ethanol 
self-administration. (d) However, in the heavy drinkers, these regions are not highly consistent. 
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Figure 5.12. Consistency of precuneus module. Scaled inclusivity of the module comprising 
the precuneus was evaluated across all groups. (a) Animals at baseline reveal that the module is 
strongly interconnected with itself along with the motor and somatosensory cortex. (b-c) This 
pattern holds after 12-months of self-administration in the control and light drinking group. (d) 
However, in the heavy drinking group there is stronger interconnectivity with the precuneus and 
the cingulate cortex. 

 
Figure 5.13. Mean SI values for precuneus module in vervet groups. The average SI values 
for control (0.12 ± 0.06SD), light drinkers (0.14 ± 0.03SD), and heavy drinkers (0.05 ± 0.01SD). 
A one-way ANOVA found a significant difference between the groups; post hoc comparisons 
found a significant difference between light drinkers and heavy drinkers, F(2,16)=5.35, p=1.66×10-2. An 
asterisk indicates significance between the groups.  
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6 Discussion and future direction 
Over the course of this work, three research questions were addressed. First, what is the 

feasibility of creating networks from nonhuman primate (NHP) neuroimaging data? Secondly, 

what is the organization of the NHP brain network and how is it affected by alcohol? And 

finally, what analysis methods or graph metrics provide the most information on brain networks? 

 The answer to the first question is proven as this work has resulted in two manuscripts on 

NHP brain networks. However, to reiterate the work detailed in Chapter 3, the network 

processing pipeline developed for this dissertation is unique to NHP neuroimaging data. While 

there are a variety of tools to analyze human imaging data, such tools are not available for 

analysis of neuroimaging data acquired in NHPs. One of the challenges in developing this 

pipeline was skull stripping the anatomic data. Tools such as BRAINSMush are intensity based 

methods that use T1 and T2 anatomic scans to skull strip data. One drawback to this method is 

that is sensitive to intensity bias like those caused by magnetic field inhomogeneity (Zhuang et 

al., 2006). Moreover, many skull-stripping algorithms require a sufficient gap in the CSF to 

properly mask non-brain data. Slicer 3D can correct for magnetic field inhomogeneity; however, 

depending on the threshold used in BRAINSMush, the mask can either exceed or fail to reach 

the boundaries of the cerebral cortex. Although skull-stripping continues to be a topic of 

discussion in the literature (Liu et al., 2013, Somasundaram and Kalavathi, 2013), these studies 

are largely focused on data acquired in humans. Nonetheless, recent developments of NHP 

templates may facilitate the skull-stripping process (Rohlfing et al., 2012). In general, image 

preprocessing requires manual user input to refine the skull stripping mask. While feasible with 

smaller data sets, this step is a considerable limitation for larger groups. Consequently, a study 

design using a large animal cohort would require automated processing with greater accuracy.  

Despite some of the difficulty encountered with image preprocessing, the network processing 
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pipeline developed in this work can automatically process functional NHP imaging data 

regardless of image preprocessing. 

6.1 Brain networks in nonhuman primates 
Animal models can be critical in bridging the gap between basic science and clinical studies. In 

particular, using a NHP model of the brain is quite useful because the morphology of the NHP 

cerebral cortex is similar to humans (Shively and Clarkson, 2009). Notwithstanding, there are 

many obstacles that arise in developing such models. In human studies, there are often tools and 

databases available to analyze functional and structural data sets (Marcus et al., 2007, Kempton 

et al., 2008, Biswal et al., 2010, Rosen et al., 2010). In contrast, NHP databases are often 

confined to structural and histological databases (Martin and Bowden, 1996, Black et al., 2004, 

van Essen and Dierker, 2007, Mikula et al., 2007, Quallo et al., 2010, Frey et al., 2011, Fedorov 

et al., 2011). Moreover, even with these imaging templates, there are no NHP-specific templates 

for analyzing functional data. The development of such a model is a critical step for image 

analysis. The main goal of this study was to develop a network science model of the NHP brain 

and apply this analysis to a chronic alcohol self-administration model. The major finding of this 

study was that the default mode organization of the NHP brain is similar to that described in 

humans and that this network is sensitive to both acute and chronic exposure to alcohol. 

 The default mode network in vervet monkeys was characterized by hubs in the frontal 

gyrus, super temporal gyrus, and visual cortex. In addition, community structure highlighted the 

precuneus as a stable region within the network. These hub regions match regions classified as 

the default mode network in other NHP studies (Vincent et al., 2007, Margulies et al., 2009, 

Mantini et al., 2011, Belcher et al., 2013). The most noteworthy finding of this study was that 

brain network organization is sensitive to alcohol and this sensitivity appears to be intake 

dependent. Animals classified as heavier drinkers showed pronounced changes to various regions 
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in the brain, including the right superior temporal gyrus, precuneus and anterior cingulate. These 

regions play a role in default mode organization, but are also part of the working memory 

network (Constantinidis and Procyk, 2004, Lenartowicz and McIntosh, 2005). Consequently, 

disruption to these networks may account for intake dependent differences seen between light 

and heavy drinkers. 

 Another finding was apparent in the acute exposure experiments. Alcohol clearly has an 

effect on brain network organization; however, the precise nature of this effect under acute 

challenge conditions remains unclear due to the low sample size (n=1) and the use of this animal 

in previous drug studies. Although beyond the scope of this investigation, it may be of interest to 

investigate brain network changes due to acute alcohol exposure in a treatment naïve cohort of 

monkeys. In addition, it would be useful to determine whether functional connectivity in animals 

with a drinking history respond to acute alcohol exposure in an intake-dependent fashion 

(heavier versus lighter drinking). 

6.1.1 Post-induction changes in nonhuman primate brain networks 
As described in Chapter 3.1.1, this study consisted of two cohorts that underwent ethanol self-

administration. However, at the beginning of this study, cohort 1 was already undergoing the 12-

month EtOH free access period, thus animals in this cohort only received the final scan (12-

month). In contrast, animals in cohort 2 received all three scans (baseline, post-induction, and 

12-month). But in reviewing the number of controls versus drinkers in cohort 2, the low number 

of control animals (n=3) made it difficult to fully assess the effects of EtOH on the early drinking 

history of animals. Nonetheless, comparisons of animals in this cohort over time may yield 

further insight into whether EtOH affects the brain network after induction training at a time 

when all drinking animals have exposure to the same doses of alcohol. It is worth noting that five 

of the seven drinking animals in cohort 2 were ultimately classified as light drinkers, thus it is 
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difficult to determine if there are any changes post-induction that may predict intake patterns at 

12 months. Statistically, low sample size reduces the power of detecting a true effect, lowers the 

positive predictive value of the measurement, and can exaggerate the true effect (Button et al., 

2013). With regards to this NHP study, it is difficult to determine if there are no differences 

between groups or within groups across scans because the sample size is underpowered. Low 

power increases the chance of type II error, the likelihood of finding a false negative, thus the 

failure to detect differences post-induction increases. Additionally, low sample size particularly 

affects scaled inclusivity analysis because any differences in community structure between two 

subjects affects the level of consistency more than a comparison across ten subjects. 

 As seen in Figure 6.1, there were no significant differences for local efficiency and global 

efficiency between the control and drinking group across all scans. However, in the evaluation of 

community structure, there were significant differences between the control and drinking group 

post-induction (p<0.05) (Figure 6.1b). While the results at baseline for cohort 2 were expected 

(all animals were treatment naïve with no exposure to alcohol), there were differences in Q 

values post-induction. Comparing the SI maps of the post-induction data to baseline scans, it is 

apparent that although there were higher Q values in the control group, it was less consistent 

across animals than in the drinking group (Figure 6.2). Focusing on the precuneus module, it 

becomes clearer as to why the control group shows less consistency (Figure 6.3). Within the 

control group, other brain regions appear within the precuneus module (Figure 6.3b), which 

results in a lower network consistency. In contrast, baseline data compared to post-induction 

drinkers show similar network organization (Figure 6.3a,c). 

 These results highlight an important matter on the use of community structure algorithms 

and the Q value. The Q value is meant to quantitatively assess the partitioning of a network. A 
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high Q value denotes a network that is reliably partitioned compared to a random network, while 

a low Q value denotes a network that is not reliably partitioned. However, a high Q value is not 

indicative of a particular network organization. A group of networks with high Q values can 

appear completely different from each other. Consider the results of post-induction controls; 

although Q values are high, the low consistency across the group suggests that network topology 

differs from animal to animal. 

 With regard to the effects of alcohol on early drinking history, it appears that alcohol 

does not have an effect on brain network organization post-induction after short-term exposure. 

As indicated by the SI maps (Figure 6.2c) and consistency of the precuneus module (Figure 

6.4c), animals in the drinking group had network organization consistent with baseline data. 

Given that all animals received the same pharmacological exposure to EtOH during induction, 

differences in network organization are likely caused by a divergence in drinking pattern during 

the free access period. Animals in the control group showed more variability, as consistency 

across the brain was noticeably lower than the drinking group. While the low consistency seen in 

the control animals may be indicative of variability within the normal population, it may also 

reflect the low sample size of the controls in cohort 2. Since there were only three animals in the 

control group, differences in one animal has a greater impact than if the group were larger. 

6.2 Network analysis of brain networks 
There are various methods for analyzing brain networks with many studies focusing on basic 

network properties. These properties (or graph metrics) include degree, clustering coefficient, 

path length, and efficiency measures. In practice, these metrics are often calculated at each node 

and then averaged across the network. Afterward, these average graph metrics are pooled with 

other networks to compare population means. Alternatively, some researchers average their data 

prior to building a network (e.g., averaging fMRI time courses across subjects) (Power et al., 
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2011). The resulting group network represents the population. Similar to population means, 

average graph metrics are calculated on these group networks and treated as the population mean 

for the group. While these methods provide a simplified representation of the network, they often 

ignore the complex properties inherent in these systems. 

 A recurrent theme in the NHP studies conducted in this work has been the ineffectiveness 

of average graph metrics. In every case where controls and drinkers were compared using 

average graph metrics, there were no significant differences between groups. However, other 

analyses methods were able to highlight differences between the populations. In particular, hub 

maps and scaled inclusivity analysis provided substantive information missing from comparisons 

using average graph metrics. The main drawback of average graph metrics is that node properties 

vary spatially across a network, and this spatial representation is lost with averaging across the 

system. The results from ROI analysis in Chapter 5.3.2 furthers highlights this point as heavy 

drinkers did not appear to be different using average graph metrics, but showed significant 

differences in key areas associated with the NHP default mode network. Therefore, the use of 

average graph metrics should be avoided when conducting network studies. While finding of 

significant differences using average graph metrics is helpful to report, it is more important to 

explore other analyses methods to understand how these networks are organized.  

 As mentioned earlier, hubs maps provide a spatial representation of network properties 

across the brain. Hubs are often defined as high degree nodes and classified by including nodes 

that fall into a particular percentile range. Overlapping these percentile maps not only provides 

spatial localization of hubs, but also shows the consistency of these hubs across a group. 

Although hubs can be defined using other metrics like eigenvector centrality or betweenness, hub 

maps based on degree identify important nodes that comprise the default mode network in NHPs. 
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Scaled inclusivity is another analysis that provides additional information that is not readily 

available from average graph metrics or hub maps. While hubs maps provide the spatial 

locations of high degree nodes, scaled inclusivity analysis describes the consistency of 

community structure by identifying stable modules across a group. In some cases, stable modules 

can encompass high degree nodes, but as shown in human (Moussa et al., 2012) and the present 

NHP study, these stable regions can also include non-hub areas. In the EtOH self-administration 

study, it was changes to the non-hub precuneus module that highlighted differences between 

light drinkers and heavy drinkers.  

 While there are numerous analysis methods for analyzing networks, brain network 

analysis benefits most from methods such as hub maps and scaled inclusivity. In addition to 

these methods providing information readily available using average graph metrics, these 

methods rely on the consistent presence of a particular topological property across a group. Such 

analyses are important for identifying the most connected regions in a network, but are also 

important for identifying stable regions of the network. 

6.2.1 Weighted network analysis 
The network analyses described above utilize networks based on a binary representation of edges 

in the adjacency matrix. In these networks, edges are simply classified as present (assigned a 

value of 1) or not present (assigned a value of 0). This method produces an undirected, binary 

adjacency matrix with every connection having the same weight. Although network topology is 

often described using this approach, a lot of information is lost by the discretization of the 

adjacency matrix. In these networks, edges with more weight are equal to edges with less weight. 

If the weight of edges between node pairs is preserved, this results in an undirected, weighted 

adjacency matrix. 
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 Maintaining edge weight in a network can radically change the interpretation of node 

properties. For instance, a node in a network may have a large number of connections, hence a 

high degree. However, interpretation about the importance of this node can change depending on 

the distribution of weak or strong connections incident to the node. If a node has 100 strong 

connections, this will likely be seen as more important than a node with 100 weak connections. 

Likewise, interpretation of highly clustered regions in the network can dramatically change 

based on the distribution of edge weights in a local cluster. A highly clustered node with strong 

connections versus a highly clustered node with weak connections can dramatically alter the 

designation of important clusters in the network. Weighted network analysis was conducted with 

the baseline NHP brain networks from cohort 2. In this analysis, strength and weighted clustering 

coefficient were evaluated to test if network topology was affected by incorporating edge 

weights, which correspond to fMRI time series correlations between voxel pairs. 

For the purposes of this study, the weighted equivalent for degree (K) and clustering coefficient 

(C) was investigated using the baseline scans of the second NHP cohort (Table 3-I).  

6.2.1.1 Strength 

For all unweighted graph metrics, there is a weighted equivalent (Rubinov and Sporns, 2010). 

Degree measures the connectivity of a node, written as ∑ 𝑎𝑖𝑗𝑁
𝑗=1 . Intuitively, one might consider 

the nodes with more connections as more central to the network. However, this may not be the 

case since a node with few but strong connections may exist in the network. The weighted 

equivalent of degree, termed strength (𝑠𝑖), is defined as 

𝑠𝑖 = �𝑤𝑖𝑗

𝑁

𝑗=1
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where 𝑠𝑖 denotes the strength of the node and 𝑤𝑖𝑗 denotes the weight of the edge at each node. In 

the case of the NHP neuroimaging data, the weight corresponds to edge correlation between a 

voxel pair and the strength corresponds to the sum of all the correlation pairs for a given node. 

6.2.1.2 Weighted clustering coefficient 

Unlike degree, there is no unified weighted equivalent for clustering coefficient. The difficulty in 

understanding clustering in a weighted graph arises from what the metric describes about a node 

and the motivation for looking at a particular form of clustering (Saramäki et al., 2007). Does 

clustering reflect how a particular node compares to the overall network? Alternatively, does it 

describe how a cluster relates to its neighbors? The two weighted clustering coefficients 

described below begin to address these questions.  

 Onnela et al. developed a metric that weighs the clustering of a node compared to the 

maximum weight in the network (Onnela et al., 2005). It is defined as  

𝐶𝑖,𝑂𝑤 =
2

𝐾𝑖(𝐾𝑖 − 1)� �𝑤�𝑖𝑗𝑤�𝑖𝑘𝑤�𝑗𝑘�
1
3 

𝑗,𝑘
 

where i denotes the current node, 𝐾𝑖 denotes node degree, and 𝑤�𝑖𝑗 denotes the weight of an edge 

normalized to the maximum weight in the network, 𝑤�𝑖𝑗 = 𝑤𝑖𝑗 max(𝑤)⁄ . This metric can be 

viewed as a measure of how much weight a particular cluster (or subnetwork) contributes to the 

overall network. A subnetwork with edge weights similar to the maximum weight will have 

higher clustering values than an equivalent subnetwork (i.e., both clusters would be equal in a 

binary network) with much lower weights than the maximum weight. Although this metric 

provides a comparison of how clusters relate to the entire network, it does not account for edges 

connected to nodes with no clustering. In other words, in a binary network, adding a one-degree 

node to a clustered node decreases the clustering coefficient of that node. Adding more one-
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degree nodes further decreases this clustering. However, with this metric, the edges from the 

one-degree nodes are ignored, unless they are the maximum weight. 

 Barrat et al. addresses the problem above with a clustering coefficient that assigns the 

importance of a subnetwork based on the weights of its neighbors (Barrat et al., 2004), thus the 

weight of the one degree nodes described previously will affect the clustering coefficient. It is 

defined as 

𝐶𝑖,𝐵𝑤 =
1

𝑠𝑖(𝐾𝑖 − 1)�
�𝑤𝑖𝑗 + 𝑤𝑖𝑘�

2𝑗,𝑘
 

where i denotes the current node, Ki denotes the node degree, 𝑠𝑖 denotes node strength, and 𝑤𝑖𝑗 

and 𝑤𝑖𝑘 denote the adjacent weights of the nodes in the cluster. More specifically, this metric 

determines whether the strength of the node is distributed in the clustering or outside the 

clustering. If the edge weight resides in the clustering, then the summation of adjacent weights of 

the node in the cluster will neutralize the effect of the strength value in the denominator. 

However, if there are many edges that lie outside the clustering, the summation of the adjacent 

weights will be considerably lower, thus the overall clustering coefficient will decrease. Unlike 

𝐶𝑖,𝑂𝑤 , this metric incorporates the strength of nodes not participating in clustering. By comparing 

clustering, 𝐶𝑖,𝐵𝑤 , to its unweighted equivalent, 𝐶𝑖, if 𝐶𝑖,𝐵𝑤 > 𝐶𝑖, then the network contains clusters 

that are interconnected by connections with higher weights. If 𝐶𝑖,𝐵𝑤 < 𝐶𝑖, then the network 

contains clusters with lower weights. One drawback of this metric is that it ignores the edges 

connecting the adjacent weights in a subnetwork. Regardless of how weak or strong this 

connection might be, the clustering coefficient for a node is only determined by the edges 

directly connected to node i. 
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6.2.2 Comparison of weighted and binary networks 
When the binary edges were converted to their weighted equivalent, it became evident that there 

was minimal difference between the qualitative hub structure for a network that uses degree 

versus one that uses strength (Figure 6.4). While the number of nodes that are included within 

hub regions decreases, the location of these hubs remains unchanged. Moreover, a comparison of 

the degree/strength distribution shows that the probability distribution does not change shape, but 

is instead shifted to lower values (Figure 6.5). In addition, the ranking of nodes remains the 

same, which suggests that the use of weighted edges to calculate node degree adds little 

information.  

 Comparing the different versions of clustering coefficient produced similar results to the 

degree/strength comparison. As seen in Figure 6.6, highly clustered regions remained the same 

regardless of the metric. The main difference in weighted clustering coefficient is that the metric 

devised by Barrat et al. tended to raise the clustering values (Figure 6.6b), while the metric by 

Onnela et al. tended to decrease the values of clustering (Figure 6.6c). When comparing the 

different metrics, it is apparent that the shift is global, thus the ranking of nodes was unchanged 

(Figure 6.7a). As with the comparison of degree and strength, weighted clustering results in a 

shift to the distribution of a node, but does not change the shape of the distribution (Figure 6.7b). 

 The results of weighted network analysis, although providing a more accurate picture of 

the brain, does not change the interpretation of the results made about these networks in previous 

chapters. With strength, the shape of the distribution remained unchanged, but the overall 

magnitude of the network decreased. The decrease in magnitude is a related to the edge weights. 

In a binary network, every edge counts as one, so degree directly reflects the number of edges. 

When the network is converted to its weighted equivalent, the edge weight is based on the 

correlation value between nodes, thus the values are 0<R≤1. In reality, the edge weights of these 
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networks are considerably higher than 0 as a threshold is applied to the network. Given the use of 

a threshold, weaker links that might affect the shape of the strength distribution are not present, 

thus only stronger links remain in the network. After summation of the correlation weights, the 

strength, although lower, does not alter the hubs or distribution of the network. Similar results 

were found for clustering coefficient. Despite values for clustering, the interpretation of the data 

is unchanged. To test if the network topology is unaffected by incorporating edge weights, the 

percent change between binary and weighted network were mapped to a histogram for each 

metric (Figure 6.8). For each weighted metric, the percent change from binary to weighted was 

Gaussian, which suggests that the network topology is not altered by the conversion to a 

weighted network. To assess the level the level that a weighted network would appear 

topologically different from its binary equivalent, a threshold was applied to a weighted network 

at varying levels (Figure 6.9). At each threshold level, the percent change between degree and 

strength was calculated for every node and mapped to a histogram. The Gaussian curve 

represents the mean and standard deviation of the percent change at each threshold level. From 

this analysis, it is apparent that network topology is only affected at lower thresholds. At a lower 

threshold, the distribution is skewed and does not match the Gaussian, which suggests that the 

network topology has changed between the binary and weighted network. In contrast, as the 

threshold increases, the distribution becomes more Gaussian, which demonstrates that the 

weighted and binary distributions are similar at higher thresholds. The results highlight that any 

conversion to a weighted network, while more accurate, will not change the distribution of the 

data nor will it affect the qualitative assessment of the data. 

6.3 Conclusion 
The main purpose of this study was to develop a network science model for the NHP brain and 

more importantly to use this model to understand the effects of alcohol on brain networks. The 
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motivation behind this endeavor was to provide an additional tool for translational research 

utilizing an appropriate animal model. While the neuroscience aspect of this study was 

important, the technical feasibility of producing reliable NHP brain networks and determining 

the best methods to analyze these networks were also critical to this study. 

 The development of this model was not without challenges. One of the main challenges 

encountered in this study was the sample size. Although scans were collected at three time 

points, the lack of post-induction scans in cohort 1 resulted in reduced sample size. 

Consequently, this reduced the ability to differentiate changes that can be attributed to training 

and changes attributed to alcohol intake. However, as animal studies play an increased role in 

neuroimaging studies, as demonstrated in this work, more tools and resources will help to 

streamline data processing and increase the statistical power of studies. Indeed, the use of 

network science in NHPs is gaining recognition in the neuroimaging community (Zahr, 2013). 

With regard to analysis methods, it is evident that average graph metrics are not useful (at least 

in the application to brain networks). Despite the popularity in the literature, methods such as 

hub maps and scaled inclusivity, which emphasize topological consistency, seem to provide 

more information about groups of networks. Similarly, weighted network analysis did not change 

the interpretation of the data in this study. While more information is provided with weighted 

networks, in my estimation it is probably best to use a binary (unweighted) network to analyze 

basic network properties. Nonetheless, other analysis methods may yield more information from 

weighted analyses. For instance, community structure may benefit from weighted network 

analysis (Zongqing, 2013, Liu et al., 2011, Jiang et al., 2009).  

 There are still other areas to explore in networks, particularly in the modeling of 

information flow across networks. The field of network dynamics can provide additional 
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information about a system beyond its structure as it incorporates interactions between nodes in 

the analysis. Moreover, such an analysis will begin to address the aspects of network science that 

make it a unique analytic method: understanding the brain as a complex system. Considering the 

challenges of understanding and quantifying complexity, no particular analysis method can 

provide all the answers. Rather than looking for an analysis method that describes a network in 

its entirety, a better approach is to look for methods that complement each other, while 

highlighting different aspects and properties within a system. 
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6.4 Figures and Tables 

 
Figure 6.1. Average graph metrics and community structure analysis of animal cohort. 
Average graph metrics and community structure were evaluated in the animal cohort that 
received (a) baseline, (b) post-induction and (c) 12-month scans. (a,c) Baseline and 12-month 
scans found no significant differences for graph metrics and community structure. (b) While 
average graph metrics showed no significant differences, community structure Q-values were 
significantly different between control and drinkers after post-induction scans.  
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Figure 6.2. Community structure consistency post-induction. (a) The precuneus/posterior 
cingulate and somatosensory regions were the most consistent regions at baseline. (b) After the 
induction phase, the control group appears to have low consistency across animals (n=3), but the 
most consistent region within these animals is the precuneus/posterior cingulate. (c) Post-
induction drinkers (n=7) have much higher consistency than the control group, and look more 
similar to the baseline images. 

 

 
Figure 6.3. Consistency of precuneus module post-induction. Scaled inclusivity of the module 
comprising the precuneus was evaluated for control and drinkers post-induction and compared to 
baseline data (a) baseline data show high consistency in the precuneus and sensorimotor cortex. 
(b) Consistency in the control group is lower as more areas of the brain are included in the 
precuneus module across the group (c) In contrast, the post-induction drinkers show similar 
consistency to the baseline data. 
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Figure 6.4. Comparison of hub maps in binary and weighted network. Hub maps were 
generated for the top 15% of nodes with the highest (a) degree or (b) strength. Although fewer 
nodes are classified within the hubs using strength, the localization of these hubs remains 
unchanged when compared to the degree hub maps. From this analysis, it is apparent that hubs in 
the network are still classified as hubs. 

 
Figure 6.5. Degree/Strength distribution for single animal from baseline scan. A comparison 
of the degree distribution for degree and strength show that the shape of the distribution is the 
same for both analysis methods. 
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Figure 6.6. Comparison of unweighted and weighted clustering coefficient in single animal. 
Comparison of weighted and unweight clustering coefficient shows that although the values for 
clustering coefficient change, the change appears to be global, thus nodes do not appear different 
besides their magnitude. 
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Figure 6.7. Analysis of unweighted and weighted clustering coefficient distribution. (a) 
Comparison of the clustering coefficient values show that weighted clustering coefficient 
devised by Barrat et al. tends to raise the value of clustering coefficient, while the weight 
clustering coefficient by Onnela et al. tends to decrease the clustering coefficient. (b) 
Nonetheless, comparison of the distributions suggests that the changes to clustering coefficient 
values are global, and the distribution does not change by incorporating edge weights. 
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Figure 6.8. Gaussian fit histogram for percent change of graph metrics from binary to 
weighted network. Measuring the difference between the binary network and its weighted 
equivalent was calculated for every node for (a) strength (0.39±0.039SD), (b) weighted 
clustering coefficient (Onnela) (0.37±0.033SD) and (c) (-0.026 ±0.036SD). Data was compared 
to a Gaussian distribution from the mean and standard deviation of the percent change. The fit of 
the data suggests that the change from binary to weighted networks does not affect the topology 
of the network. 
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Figure 6.9. Gaussian fit histogram for percent change of degree to strength over varying 
thresholds. A threshold was applied to a weighted network at varying levels. At each threshold, 
the percent change between node degree and strength was calculated and plotted as a histogram. 
The Gaussian fit using the mean and standard deviation of the histogram shows that at lower 
thresholds, the distribution does not match the Gaussian curve, while at higher thresholds it does 
match the curve. These results demonstrate that the topology of the network changes at lower 
thresholds when comparing a binary network to its weighted equivalent. 
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