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ABSTRACT 

In the field of neuroscience, researchers are tasked with the enormous question of how and why 

this critical organ containing vast numbers of neurons and synapses is able to produce the 

complex range of behavioural outputs that make up the human experience. In particular, the 

relationship between structure and function in the human brain is a core question in network 

neuroscience, and a topic of paramount importance to our ability to meaningfully describe and 

predict individual functional and behavioural outcomes. In this thesis, I will review the literature 

investigating important structure-function relationships in the brain, before describing the variety 

of novel methods and applications that I have used to address the problem of relating structural 

connectivity to functional connectivity and activity. First of all, I demonstrate that a graph neural 

network deep learning model is able to use structural connectivity to predict the functional 

connectivity and centrality (i.e., how connected and important a region is to the network) 

accounting for more variance than any other previously applied methods in the literature. Next, I 

examine the relationship between graph theory structural measures of centrality and the 

functional complexity of the regional activity, and find that regions in the structural network with 

high centrality that are able to facilitate the integration of information from many sources 

produce more complex functional activation as measured using the Hurst exponent. Then, by 

applying graph theory comparative analyses of structural connectivity and functional analysis of 

language-related activation to patients with left hemisphere temporal lobe epilepsy (TLE), right 

hemisphere TLE, and control groups, I show that both structural connectivity and functional 

activity favour the opposite hemisphere to the locus of TLE, suggesting that both structure and 

function may adapt in tandem as a response to disordered brain activity. Finally, I examine 

explicit graph theory models of information transfer in the brain to determine which of the 

diffusion model and shortest path routing model are better able to account for functional 

connectivity from the underlying structural connectivity, and show that the diffusion model 

seems to be the primary driver of this relationship. Taken together, this program of research has 

led the field of network neuroscience in the direction of both setting a clear benchmark for 

prediction thanks to the novel deep learning model, while also taking important steps to clearly 

elucidate the explicit mathematical and theoretical core of how structure informs function in the 

complex network that is the human brain. 
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CHAPTER 1: Introduction 

Portions of this thesis have been published as:  

Neudorf, J., Kress, S., & Borowsky, R. (2022). Structure can predict function in the human brain: 

A graph neural network deep learning model of functional connectivity and centrality 

based on structural connectivity. Brain Structure and Function, 227(1), 331–343. © 2021 

The Authors. This article is licensed under a Creative Commons Attribution 4.0 

International License (http://creativecommons.org/licenses/by/4.0). 

 (Chapters 1-2); 

Neudorf, J., Ekstrand, C., Kress, S., & Borowsky, R. (2020). Brain structural connectivity 

predicts brain functional complexity: Diffusion tensor imaging derived centrality 

accounts for variance in fractal properties of functional magnetic resonance imaging 

signal. Neuroscience, 438, 1–8. © 2020 IBRO. Published by Elsevier Ltd. All rights 

reserved. 

 (Chapter 3); 

and  

Neudorf, J., Kress, S., Gould, L., Gibb, K., Mickleborough, M., & Borowsky, R. (2020). 

Language lateralization differences between left and right temporal lobe epilepsy as 

measured by overt word reading fMRI activation and DTI structural connectivity. 

Epilepsy & Behavior, 112, 107467. © 2020 The Authors. Published by Elsevier Inc. This 

is an open access article under the CC BY-NC-ND license 

(http://creativecommons.org/licenses/by-nc-nd/4.0). 

 (Chapter 4). 

 

The relationship between structure and function in the human brain is a topic of 

paramount importance to our ability to meaningfully understand how and why this critical organ 

containing a staggering legion of neurons and synapses is able to produce the complex range of 

behavioural outputs that make up the human experience. The endeavor to uncover this structure-
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function relationship is an exceedingly complex task, as only one mm3 of cortex may contain up 

to approximately 100,000 neurons, with some estimates of up to 1 billion synapses connecting 

them (Logothetis, 2008). The whole brain has been estimated to contain between 10 and 20 

billion neurons, with many more synapses connecting them, demonstrating the immense scale of 

this research question (see von Bartheld et al., 2016 for a review). However, for decades 

researchers have investigated multiple scales of the brain from a network perspective, from the 

level of the individual neurons and synapses to larger brain regions and the collective synapses in 

white matter (WM) connectivity tracts. These multiple scales have helped to inform one another, 

and the research community is now closer than ever to understanding comprehensively how the 

physical constituents of the brain produce the complex functional outputs that are observed. This 

structure-function relationship is of critical importance not only to further our understanding of 

the basic relationship between brain and behaviour, but also to society, for informing treatment 

of brain disorder and disease, mental health, physical health, and education. 

Functional magnetic resonance imaging (fMRI) allows us to measure the blood oxygen 

level dependent (BOLD) signal, and imply regional activation based on increases in this signal 

due to the influx of oxyhemoglobin during activation. Additionally, resting state fMRI (rsfMRI) 

studies have revealed interesting baseline patterns of activation (i.e., resting state networks when 

no specific task is given) and have ushered in an era of network science in brain research. The 

use of graph theory analyses of structural and functional networks have been integral to these 

investigations (Bettinardi et al., 2017; Chen et al., 2019; Gollo et al., 2015; Goñi et al., 2014; 

Hagmann et al., 2008; Honey et al., 2010). There is now widespread usage of functional 

connectivity and associated graph theory measures (e.g., centrality, i.e., how connected and 

important a region is to the network). Investigating to what extent the structural connectivity as 

measured by diffusion tensor imaging (DTI) can explain functional connectivity as measured by 

rsfMRI is an important step towards understanding the structural basis of functional macroscale 

networks (the importance of this problem has recently been highlighted; Suárez et al., 2020). 

Some of the first steps towards understanding the relationship between structure and function 

showed moderate correspondence when examining direct structural connections, accounting for 

approximately 50% of the variance (Honey et al., 2009), or looking at a subset of connections 

(62%; Hagmann et al., 2008). However, when examining all functional connections, structural 

connectivity accounts for only 9% of the variance using linear regression by one account 



3 

 

(Rosenthal et al., 2018). Novel graph theory measures calculated using structural connectivity 

have accounted for 23% of the variance in functional connectivity (Goñi et al., 2014), a 

combination of vector encodings of structural connectivity and deep learning with a fully 

connected network (FCN) have accounted for 36% of the variance in functional connectivity 

(Rosenthal et al., 2018), and simulated functional magnetic resonance imaging (fMRI) activation 

using a hybrid approach with both DTI and electroencephalography (EEG) data has accounted 

for 53% of the variance in functional connectivity (Schirner et al., 2018). Still, there remains a 

large amount of variance unaccounted for by these models if researchers are to determine the 

extent to which functional connectivity and measures of centrality based on functional 

connectivity offer insight into the properties of the underlying structural network. Recently, a 

feed-forward FCN deep learning model was able to demonstrate that mean structural 

connectivity as input could predict mean functional connectivity accounting for 81% of the 

variance, and that individual-level structural connectivity could predict individual-level 

functional connectivity accounting for 30% of the variance (Sarwar et al., 2021). These findings 

represent a large improvement in prediction of functional connectivity. Further deep learning 

models should be investigated to determine whether there is a converging upper limit on 

functional connectivity prediction, in order to provide a benchmark to work towards with more 

explicit mathematical and simulation methods. 

There is a general consensus in the neuroscience community that rsfMRI functional 

connectivity measures represent the effective connectivity between regions in the brain. Effective 

connectivity describes the meaningful result of communication between regions that are sparsely 

connected by direct and indirect structural connections (WM tracts). To support this view 

researchers have noted that patterns of connectivity seem to occur between regions that are 

expected to function together based on previous research and neuroanatomy (see van den Heuvel 

& Hulshoff Pol, 2010 for a review). Modern preprocessing methods are able to account for the 

effects of physiological factors (e.g., respiration and cardiac function), in order to increase the 

neuronal basis of the BOLD signal relative to noise (e.g., Birn et al., 2008; Chang et al., 2009; 

Falahpour et al., 2013; Golestani et al., 2015; Kassinopoulos and Mitsis, 2019; Salas et al., 

2021). Even with these advances, coordinated functional BOLD signals (functional connectivity) 

have yet to be robustly linked to the organization of the underlying structural network. Searching 

for the upper limit in predicting functional connectivity from structure remains an important goal 
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for investigating to what extent the rsfMRI functional connectivity is influenced by the 

connectivity of the structural architecture of the brain. 

One issue with structural connectivity is that DTI tractography data is sparse, meaning 

the majority of values are zeros. On the other hand, functional connectivity data has many more 

non-zero values, even when thresholded. This difference occurs in part because many routes of 

communication between brain regions are indirect rather than direct and is one reason functional 

connectivity has been widely used. Measures of indirect (‘effective’) connectivity are available 

using graph theory, including shortest path length, mean first passage time (Wang & Pei, 2008), 

communicability (Estrada & Hatano, 2008), and novel measures designed for brain research 

(e.g., search information and path transitivity; Goñi et al., 2014), but research is still 

investigating the extent to which these measures are based on sound assumptions about how 

information is transferred through the underlying structural network at the macroscale. 

The importance of understanding the relationship between structure and function is not 

limited to the field of network neuroscience. As one example, structural biology is a field of 

research concerned with how the structural characteristics of a molecule determine the properties 

and functions that molecule will play in the biological system of interest. Graph theory has 

provided important methods for investigating this relationship in molecules (see Yan et al., 2011 

for an overview related to protein structure and function), just as it has for investigating how 

structure informs function in network neuroscience research. Furthermore, deep learning 

approaches that make use of graph theory principles (graph neural networks) have demonstrated 

success in predicting molecular function from the structural features of the molecule (e.g., Ye et 

al., 2020). Graph theory methods have also been applied to physiology where, for example, the 

musculoskeletal system has been represented as a graph with bones connected by muscles, which 

provided a valuable whole-body perspective on the functional role of each muscle (Murphy et 

al., 2018). By investigating the efficacy of these methods for brain research, network 

neuroscientists join a broad community of researchers that have found valuable applications for 

graph theory concepts within their field of research. The research in this thesis will use graph 

theory concepts throughout in order to clearly describe important aspects of the complex human 

brain network. 

In the early stages of network neuroscience research investigating the in vivo human 

brain, functional connectivity measures calculated as a statistical correlation or similar measure 
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were convenient because of the common usage of fMRI and the computational ease of 

calculating a correlation. However, advances in tractography algorithms for DTI have made 

structural connectivity calculation just as attainable for researchers, leading to the important task 

of reconciling these two approaches. More recent methods for calculating functional connectivity 

have included dynamic functional connectivity, which attempts to account for the idiosyncratic 

delays that are expected to occur between activation of one region before the signal is received at 

another region. This delay should differ based on the length of the DTI streamlines connecting 

the regions and the corresponding conduction speed. In addition, the hemodynamic response 

function (HRF) is known to differ between regions (e.g., see Rangaprakash et al., 2018; although 

the approximated average HRF is often used when working with fMRI models), leading to 

slower or faster time for the HRF to fully activate depending on the region. Furthermore, 

depending on the specific brain state (e.g., task vs. rest) it has been shown that some aspects of 

functional connectivity change despite the unchanging nature of WM structural connectivity over 

short time periods (e.g., the length of an MRI protocol; see Cole et al., 2014). Even within a 

resting-state fMRI scan, research has shown that over different time windows the functional 

connectivity network reconfigures itself into different connectivity patterns during the course of 

the imaging (Hindriks et al., 2016; Vergara et al., 2019). Considering the history of using 

functional and structural connectivity as separate measures, and the ongoing efforts to investigate 

the changing nature of functional connectivity via dynamic connectivity analyses, it is important 

to first take a step back and determine to what extent the static functional connectivity 

(traditional method of functional connectivity calculated over the entire scan time) is actually 

related to the underlying structural connectivity, as has been implicitly assumed by many during 

the use of functional connectivity measures. 

1.1 The Current Research  

Considering the ultimate goal of relating DTI structural connectivity to resting state 

functional connectivity, a graph neural network deep learning approach has not yet been 

established. Based on past successes predicting other measures using brain connectivity this type 

of model is a promising candidate. Chapter 2 demonstrates the use of a Graph Nets (Battaglia et 

al., 2018) deep learning model to determine to what extent structural connectivity can predict 

functional connectivity, as well as functional connectivity derived centrality measures. This 

model will establish a benchmark for how well structural connectivity should be able to account 
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for variance in functional connectivity, given an approach that respects the underlying network 

system involved. The remaining chapters will explicitly define and describe specific aspects of 

the structure-function relationship in the brain. Chapter 3 will investigate whether functional 

complexity can be predicted based on structural connectivity graph theory measures of centrality 

(i.e., how connected and centrally important a region is to the overall network). This relationship 

is expected based on the premise that complexity is sensitive to the number of distinct sources of 

the functional activation signal, while structural connectivity centrality similarly describes the 

number of connections to a region and therefore the opportunities to integrate information from 

many sources. Chapter 4 will examine temporal lobe epilepsy (TLE) patient brains as a model of 

perturbation in a focal region of a single hemisphere, to observe whether there are functional 

brain changes consistent with language reorganization, as well as the corresponding structural 

connectivity changes in language related WM connectivity tracts. If language function is 

crucially supported by the underlying structural connectivity, then the functional differences 

should correspond with differences observed in the structural connections related to language. 

Chapter 5 will implement graph theory diffusion model measures of mean first passage time and 

communicability to determine whether these measures are able to mathematically relate 

structural connectivity to functional connectivity, while also examining the comparative ability 

for the shortest path routing measure of shortest path length to relate structural connectivity and 

functional connectivity. By comparing the ability of these measures to relate structure to 

function, the accuracy of the underlying assumptions about how information transfer occurs at 

the macroscale in the human brain can be inferred. Finally, in Chapter 6 I will discuss how these 

lines of research inform one another and address important aspects of the structure-function 

relationship in the brain.  
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CHAPTER 2: Structure Can Predict Function in the Human Brain: A Graph Neural 

Network Deep Learning Model of Functional Connectivity and Centrality Based on 

Structural Connectivity 

Portions of this chapter have been published. Minor edits have been made to adapt the 

manuscript for use in this thesis. 

Neudorf, J., Kress, S., & Borowsky, R. (2022). Structure can predict function in the human brain: 

A graph neural network deep learning model of functional connectivity and centrality 

based on structural connectivity. Brain Structure and Function, 227(1), 331–343. 

https://doi.org/10.1007/s00429-021-02403-8 

 

2.1 Introduction 

Research employing graph theory measures have become an important focus of recent 

network neuroscience research involving structural and functional connectivity (see Fornito et 

al., 2013), including measures of centrality, which describe a region’s importance to the network. 

Some common centrality measures include degree centrality (number of connections to a 

region), eigenvector centrality (number of connections to a region weighted by the centrality of 

its neighbours), and PageRank centrality (a variant of eigenvector centrality developed for use in 

ranking web pages, with the advantage that it addresses the issue of eigenvector centrality 

sometimes being excessively high when a low degree node is connected to a high degree node; 

Page et al., 1999). Figure 1.1A depicts an example graph with labels showing which node has the 

highest centrality for each of these measures. This example graph is relatively sparse (fewer 

connections) like the structural connectivity network of the brain, in comparison to functional 

connectivity networks, which are denser (highly connected). Functional connectivity centrality 

has been used to demonstrate age and sex related differences (Zuo et al., 2012), differences 

between patient and control groups (for patients with schizophrenia, Chen et al., 2015; bipolar 

disorder, Deng et al., 2019, Zhou et al., 2017; retinitus pigmentosa, Lin et al., 2021; and diabetic 

optic neuropathy, Xu et al., 2020), and differences related to genotype (Wink et al., 2018). 
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Structural connectivity centrality has also been used to demonstrate differences between patient 

and control groups (for patients with prenatal alcohol exposure, Long et al., 2020; traumatic 

brain injury, Raizman et al., 2020; gut inflammation, Turkiewicz et al., 2021; and brain tumours, 

Yu et al., 2016). An important question that has not yet been explored, to our knowledge, is to 

what extent variance in functional connectivity-based centrality measures can be accounted for 

by structural connectivity and structural connectivity-based centrality. 

 

Figure 2.1. Graph neural network deep learning architecture. (A) An example graph illustrating 

degree centrality, eigenvector centrality, and PageRank centrality. (B) Depiction of Graph Nets 

update functions, where e𝑘
′  refers to the updated edge value, and where v𝑖 and v𝑖

′  refer to the 

node being updated and then its updated value. Adapted from Battaglia et al. (2018). (C and D) 

Depiction of the steps in the edge prediction model (C), and centrality prediction model (D), 

where 𝜙𝑒 represents the FCN update function for edges taking an edge and 2 connected nodes as 

input, 𝜙𝑣 represents the FCN update function for nodes taking a node and the aggregated value 

of connected edges as input, and 𝜌𝑒⟶𝑣 represents the aggregation of edge values. (C and D) The 

example brain for functional connectivity and centrality depicts three example regions and their 

functional activity waveforms. Adapted from Battaglia et al. (2018). 

The problem of developing a deep learning model approach to using brain connectivity 

for prediction has been a focus of recent research. In a graph neural network model for deep 

learning, the structure of the connectivity data as a network (graph) is maintained, making this 

model ideal for prediction problems related to connectivity data. One implementation of this 

model architecture (not using additional global values in this case), Graph Nets (Battaglia et al., 

2018), trains a small FCN edge update function to update the value of each edge. This edge 

update function takes as input the current value of the edge as well as the values of each 
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connected node. Another trainable FCN node update function updates the value of each edge. 

This node update function takes as input the current value of the node as well as the aggregated 

value of all connected edges (see Figure 1.1B). These two FCN functions can produce very good 

prediction results even at a very constrained scale, given only two layers with 16 nodes each 

(many fewer parameters to train than previous deep learning models predicting functional 

connectivity from structural connectivity; e.g., 4 layers with 350 nodes each in Rosenthal et al., 

2018; 8 layers with 1024 nodes each in Sarwar et al., 2021), owing to the ability of the model to 

preserve the network structure of the data. Any number of updates can be performed, each using 

the updated values from the last step, before calculating the loss function and training the update 

functions (message passing). Graph neural network approaches to deep learning have been 

consistently outperforming other models of deep learning with brain connectivity data, as 

evidenced by higher prediction accuracy. Some applications of a graph neural network model to 

brain connectivity data include demonstrations of sex prediction from functional connectivity 

(88% accuracy; Arslan et al., 2018), a similarity metric learning model for predicting the 

similarity between two functional connectivity networks (63% accuracy; Ktena et al., 2017), 

prediction of Alzheimer’s disease from functional connectivity that outperformed previous 

methods (81% accuracy; Bi et al., 2020; Parisot et al., 2018), and prediction of Autism Spectrum 

Disorder outperforming previous methods (61% to 71%; Arya et al., 2020; Parisot et al., 2018; 

Wang et al., 2021; Zhang and Wang, 2020). To understand why graph neural network 

approaches have consistently outperformed other deep learning methods in neuroscience, it is 

important to understand that unlike FCN methods used previously, the graph neural network 

approach maintains the network structure of structural and functional connectivity. Conversely, 

the drawback of a FCN method is that all edge values are reduced to a single dimensional vector, 

which discards the vital network level patterns of connectivity. By maintaining the network 

structure, the graph neural network approach is able to produce superior performance using a 

much more constrained architecture with many fewer parameters (an edge and a node update 

function with only 2 layers of 16 nodes each, compared to FCN methods for example with 8 

layers of 1024 nodes each). Additionally, because the graph neural network update functions 

apply the same function for every edge and node, this model applies a graph theory function that 

may represent a plausible explicit structure-function relationship to be explored with future 

research. 
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This research will employ a graph neural network deep learning approach to relate DTI 

structural connectivity to resting state functional connectivity, which is expected to be successful 

based on past successes predicting other measures using brain connectivity with this model. This 

chapter demonstrates the use of a Graph Nets (Battaglia et al., 2018) deep learning model to 

determine to what extent structural connectivity can predict functional connectivity, as well as 

functional connectivity derived centrality measures. 

2.2 Method 

2.2.1 Dataset 

 High quality DTI and resting state fMRI data for 998 subjects were obtained from the 

Human Connectome Project (HCP) database (Van Essen et al., 2013; please see this paper for 

ethics statements). The HCP preprocessed rsfMRI data was used, which has been FSL FIX 

(Salimi-Khorshidi et al., 2014) preprocessed, along with the DTI preprocessed data (see HCP 

preprocessing pipelines for more information on preprocessing steps, Glasser et al., 2013). The 

mean activation at each timepoint was calculated for each region of the Desikan-Killiany 66 

region atlas (DK; Desikan et al., 2006; removed the corpus collosum region as in recent updates; 

e.g., Destrieux et al., 2010; Klein & Tourville, 2012) and of the Automated Anatomical 

Labelling 90 region atlas (AAL; Tzourio-Mazoyer et al., 2002). The DK atlas was used in the 

previous best prediction attempt (Sarwar et al., 2021), and multiple atlases were examined as the 

structure-function relationship is known to be atlas dependent (Messé, 2020). Each of the 4 

rsfMRI sessions was then z-score standardized for each region independently from each other 

session. Each region was then bandpass filtered for each session separately to keep frequencies 

between 0.01 Hz and 0.1 Hz (see Hallquist et al., 2013).  

2.2.2 Connectivity measures 

The Pearson correlation coefficient was then calculated for each pair of regions using the 

4800 total time points (all 4 sessions concatenated), as a measure of functional connectivity. DSI 

Studio’s (http://dsi-studio.labsolver.org) deterministic tracking algorithm that uses quantitative 

anisotropy (Yeh et al., 2013) as the termination index was used to produce structural connectivity 

matrices of streamline count. For reconstruction in DSI Studio the Generalized Q-sampling (Yeh 

et al., 2010) method was used, and tracking was performed using a fiber count of 1 million 

fibers, maximum angular deviation of 75 degrees, and a minimum and maximum fiber length of 

20 mm and 500 mm respectively. A whole brain seed was used to calculate the structural 
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connectivity matrix as the count of streamlines between each combination of the atlas regions. 

Graph theory centrality measures of degree centrality, eigenvector centrality, and 

PageRank centrality were calculated using the NetworkX python library (Hagberg et al., 2008;  

using functions degree, eigenvector_centrality, and pagerank). These measures were calculated 

using a thresholded functional connectivity matrix, with the lower threshold set to the critical 

correlation coefficient for R with p = .0001 (see Zuo et al., 2012). Likewise, the DTI structural 

connectivity matrix was used to calculate degree, eigenvector, and PageRank centrality for each 

atlas region. The structural and functional centrality measures were then z-score standardized 

and rescaled to have values between -1 and 1. 

2.2.3 Model architecture 

 The Graph Nets (Battaglia et al., 2018) python library, which relies on Tensorflow 

(Abadi et al., 2015), was used with a message passing design, using 10 message passing steps (as 

in the default model defined by Battaglia et al., 2018; accessible at 

https://github.com/albertotono/graph_nets; the code used to apply this library is available upon 

reasonable request). Following Battaglia et al., (2018) two latent layers were used with 16 nodes 

in each layer for the update functions. Seventy percent of the data was used as a training set, with 

10 percent used for validation during training and 20 percent saved for testing (as done 

previously; e.g., Wang et al., 2020). By training the data on a training set of the data that is 

separate from the validation and testing sets, it can be assessed whether the model has overfit to 

the training set, which would reduce the generalizability to other data. The Adam (Kingma & Ba, 

2017) optimizer was used with default values (learning rate = .001, β1 = .9, β2 = .999, and ε = 1 * 

10-7). Training was performed using batch gradient descent, with a batch size of 32 used for 

training the models. The loss function used was the mean squared error (MSE) of the functional 

measures compared to the predicted values. One epoch was completed when enough batches 

were completed to randomly sample as much unique test data as possible (21 batches for batch 

size of 32). For the edge prediction models, structural connectivity values were given as the input 

edges, all input nodes were initialized with a value of 1.0, and functional connectivity measures 

were compared to the output edges to calculate loss (see Figure 2.1C). For the centrality 

prediction models, structural connectivity values were given as the input edges, structural 

centrality measures were given as the input nodes, and functional centrality measures were 

compared to the output nodes to calculate loss (see Figure 2.1D). In order to encourage the 
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model to find an effective solution in as few steps as possible, the loss was calculated as the 

mean MSE for all 10 message passing steps. A Nvidia GTX 3080 graphical processing unit 

(GPU) was used to train the models and required approximately 11 hours to run 3000 epochs for 

the centrality prediction models and approximately 83 hours to run 5000 epochs for the edge 

prediction model. 

2.3 Results 

2.3.1 Edges 

The edge prediction model was trained for 5000 epochs, and there was no evidence for 

overfitting of the model to the training set, as the validation set decreased its loss along with the 

training set (Figures 2.2A and 2.3A). Figures 2.2B and 2.3B depict the empirical versus the mean 

predicted values of functional connectivity, accounting for 89.4% (DK) and 81.3% (AAL) of the 

variance in the 201 subject testing set (20% of the total participants). Furthermore, functional 

connectivity was predicted at the individual-level accounting for 55.7% (DK) and 47.8% (AAL) 

of the variance. The structural connectivity of each individual atlas region was iteratively 

lesioned, and this lesioned network was given to the previously trained model as input. The MSE 

lesioned loss was then calculated, whereby an increase in loss following a removal of that region 

indicates the importance of that region to model performance (see Figures 2.2C and 2.3C). For 

the DK atlas the top 10 regions that impacted the model performance the most included bilateral 

superior frontal cortex, bilateral precentral gyrus, superior parietal lobe, insula, and lingual 

gyrus. For the AAL atlas the top 10 regions that impacted the model performance the most 

included the bilateral middle occipital gyrus, right hemisphere (RH) angular gyrus, left 

hemisphere (LH) precentral gyrus, RH superior frontal lobe, RH middle cingulum, RH olfactory 

cortex, LH insula, LH middle temporal pole, and RH lingual gyrus. In order to gain a better 

understanding of what features of the regions make them important for model performance, I 

tested a hypothesis that higher structural degree centrality (more centrally important to the 

network as a whole because of the high number of connections) may be related to higher impact 

on model performance. This was the case, as it was observed that the centrality of a region was 

positively related to lesion loss (Figures 2.2D and 2.3D; DK: R(64) = .774, p < .001; AAL: R(88) 

= .322, p = .002), indicating that high centrality regions were more important for model 

performance (see Figure 2.2D). 
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Figure 2.2. DK atlas edge prediction model performance. (A) Edge prediction model MSE loss 

for training and validation sets as a function of the number of training epochs. (B) Predicted 

rsfMRI functional connectivity as a function of empirical rsfMRI functional connectivity (R2 

= .894). (C) Functional connectivity loss (MSE) related to lesioning structural connectivity to 

each atlas region, where dark blue indicates a lesser effect on the model performance and dark 

red indicates a greater effect. Larger sphere size also indicates a greater effect of the simulated 

lesion on model performance. Figure produced using BrainNet Viewer (Xia et al., 2013). (D) 

Lesioned functional connectivity loss as a function of structural connectivity degree centrality 

(R(64) = .774, p < .001). 
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Figure 2.3. AAL atlas edge prediction model performance. (A) Edge prediction model MSE loss 

for training and validation sets as a function of the number of training epochs. (B) Predicted 

rsfMRI functional connectivity as a function of empirical rsfMRI functional connectivity (R2 

= .813). (C) Functional connectivity loss (MSE) related to lesioning structural connectivity to 

each atlas region, where dark blue indicates a lesser effect on the model performance and dark 

red indicates a greater effect. Larger sphere size also indicates a greater effect of the simulated 

lesion on model performance. Figure produced using BrainNet Viewer (Xia et al., 2013). (D) 

Lesioned functional connectivity loss as a function of structural connectivity degree centrality 

(R(88) = .322, p = .002). 

 Using the predicted functional connectivity, measures of centrality for degree, 

eigenvector, and PageRank were calculated by undoing the z-score standardization process first 

(resulting in the functional connectivity values equaling the Pearson R correlation coefficient) 

before following the same thresholding and centrality calculation as described in the Methods. 

The mean predicted values for degree centrality accounted for 88.2% (DK) and 80.8% (AAL) of 

the variance in the empirical data (see Figures 2.4A and 2.5A), for eigenvector centrality 

accounted for 89.9% (DK) and 84.0% (AAL) of the variance in the empirical data (see Figures 

2.4B and 2.5B), and for PageRank centrality accounted for 88.9% (DK) and 80.0% (AAL) of the 

variance in the empirical data (see Figures 2.4C and 2.5C). The individual-level predicted values 

for degree centrality accounted for 81.0% (DK) and 73.1% (AAL) of the variance in the 
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empirical data, for eigenvector centrality accounted for 55.3% (DK) and 53.0% (AAL) of the 

variance in the empirical data, and for PageRank centrality accounted for 55.0% (DK) and 50.8% 

(AAL) of the variance in the empirical data. These results demonstrate that the model has 

accounted for a large amount of variance in connectivity as well as centrality, but in order to 

determine if even better performance could be produced, the model designed to directly predict 

centrality was utilized. 

 

Figure 2.4. DK atlas edge prediction model derived centrality measure performance. (A) Degree 

centrality measures calculated from the predicted functional connectivity values as a function of 

empirical degree centrality (R2 = .882). (B) Eigenvector centrality measures calculated from the 

predicted functional connectivity values as a function of empirical eigenvector centrality (R2 

= .899). (C) PageRank centrality measures calculated from the predicted functional connectivity 

values as a function of empirical PageRank centrality (R2 = .889). 
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Figure 2.5. AAL atlas edge prediction model derived centrality measure performance. (A) 

Degree centrality measures calculated from the predicted functional connectivity values as a 

function of empirical degree centrality (R2 = .808). (B) Eigenvector centrality measures 

calculated from the predicted functional connectivity values as a function of empirical 

eigenvector centrality (R2 = .840). (C) PageRank centrality measures calculated from the 

predicted functional connectivity values as a function of empirical PageRank centrality (R2 

= .800). 

2.3.2 Degree centrality 

The degree prediction model was trained for 3000 epochs, and there was no evidence for 

overfitting of the model to the training set, as the validation set decreased its loss along with the 

training set (Figures 2.6A and 2.7A). Figures 2.6B and 2.7B depict the empirical versus the 

predicted mean values of functional degree centrality, accounting for 99.3% (DK) and 99.0% 

(AAL) of the variance in the 201 subject testing set (20% of the total participants). The 

individual-level functional degree centrality was predicted accounting for 63.7% (DK) and 

64.7% (AAL) of the variance. This alternative model performed better than the previous model 

predicting the mean centrality, which accounted for 88.2% (DK) and 80.8% (AAL) of the 

variance, but performed worse than the previous model predicting the individual-level centrality, 

which accounted for 81.0% (DK) and 73.1% (AAL) of the variance. 
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Figure 2.6. DK atlas centrality prediction model performance. (A) Degree centrality model MSE 

loss for training and validation sets as a function of the number of training epochs. (B) Predicted 

rsfMRI functional connectivity degree centrality as a function of empirical rsfMRI functional 

connectivity degree centrality (R2 = .993). (C) Eigenvector centrality model MSE loss for 

training and validation sets as a function of the number of training epochs. (D) Predicted rsfMRI 

functional connectivity eigenvector centrality as a function of empirical rsfMRI functional 

connectivity eigenvector centrality (R2 = .994). (E) PageRank centrality model MSE loss for 

training and validation sets as a function of the number of training epochs. (F) Predicted rsfMRI 

functional connectivity PageRank centrality as a function of empirical rsfMRI functional 

connectivity PageRank centrality (R2 = .992). 
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Figure 2.7. AAL atlas centrality prediction model performance. (A) Degree centrality model 

MSE loss for training and validation sets as a function of the number of training epochs. (B) 

Predicted rsfMRI functional connectivity degree centrality as a function of empirical rsfMRI 

functional connectivity degree centrality (R2 = .990). (C) Eigenvector centrality model MSE loss 

for training and validation sets as a function of the number of training epochs. (D) Predicted 

rsfMRI functional connectivity eigenvector centrality as a function of empirical rsfMRI 

functional connectivity eigenvector centrality (R2 = .981). (E) PageRank centrality model MSE 

loss for training and validation sets as a function of the number of training epochs. (F) Predicted 

rsfMRI functional connectivity PageRank centrality as a function of empirical rsfMRI functional 

connectivity PageRank centrality (R2 = .990). 

2.3.3 Eigenvector centrality 

The eigenvector prediction model was trained for 3000 epochs, and there was no 

evidence for overfitting of the model to the training set, as the validation set decreased its loss 

along with the training set (Figures 2.6C and 2.7C). Figures 2.6D and 2.7D depict the empirical 

versus the predicted mean values of functional eigenvector centrality, accounting for 99.4% 

(DK) and 98.1% (AAL) of the variance in the 201 subject test group. The individual-level 

functional eigenvector centrality was predicted accounting for 62.3% (DK) and 61.2% (AAL) of 

the variance. This alternative model performed better than the previous model, which accounted 

for 89.9% (DK) and 84.0% (AAL) of the mean variance and 55.3% (DK) and 53.0% (AAL) of 

the individual-level variance. 

2.3.4 PageRank centrality 

The PageRank prediction model was trained for 3000 epochs, and there was no evidence 

for overfitting of the model to the training set, as the validation set decreased its loss along with 

the training set (Figures 2.6E and 2.7E). Figures 2.6F and 2.7F depict the empirical versus the 
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predicted mean values of functional PageRank centrality, accounting for 99.2% (DK) and 99.0% 

(AAL) of the variance in the 201 subject test group. The individual-level functional PageRank 

centrality was predicted accounting for 64.0% (DK) and 64.9% (AAL) of the variance. This 

alternative model performed better than the previous model, which accounted for 88.9% (DK) 

and 80.0% (AAL) of the mean variance and 55.0% (DK) and 50.8% (AAL) of the individual-

level variance. 

2.4 Discussion 

Resting state fMRI has been used to calculate functional connectivity networks in brain 

research for many years, and graph theory measures such as centrality have been calculated for 

these functional networks, yet a clear relationship between the physical structural connectivity 

derived values and what is assumed to be the ‘effective’ functional connectivity has been elusive. 

The most successful previous effort to predict mean functional connectivity from mean structural 

connectivity at the whole-brain level was able to account for 81% of the variance in functional 

connectivity, and individual-level functional connectivity was predicted from individual-level 

structural connectivity accounting for 30% of the variance. The importance of continuing efforts 

to improve model prediction performance has been recently highlighted (Suárez et al., 2020). By 

using the Graph Nets (Battaglia et al., 2018) deep learning model architecture, which is well 

suited to modeling network datasets, mean functional connectivity was predicted from 

individual-level structural connectivity accounting for 89% of the variance (surpassing the 

previous attempt, without relying on mean structural connectivity as input), and individual-level 

functional connectivity was predicted from individual-level structural connectivity accounting 

for 56% of the variance (far surpassing the previous attempt). In addition, mean functional 

centrality was predicted from individual-level structural connectivity and centrality data 

accounting for up to 99% of the variance, and up to 81.0% of individual-level functional 

centrality variance was accounted for from individual-level structural connectivity, 

demonstrating that these functional centrality measures can be robustly derived from the 

underlying structural connectivity and structural centrality measures. These results demonstrate 

that it is possible to account for nearly all of the mean-level variance in functional centrality with 

structural connectivity and centrality measures, suggesting that by calculating graph theory 

measures, information from the whole network is integrated, bridging the gap that is much more 

difficult to cross between structure and function at the edge level, and should encourage further 
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research to explicitly define the nature of this relationship using graph theory and simulation 

modelling. Note that there is still variance left to be accounted for in predicting centrality at the 

individual level, which is not surprising considering that local structural connectivity at the 

microscale very likely contributes to functional centrality in a way that cannot be captured using 

macroscale methods. These results set an important benchmark in what should be a continuing 

effort in the network neuroscience community to determine the extent to which functional 

connectivity and graph theory measures such as centrality can be derived from structural 

connectivity, and therefore to what extent functional connectivity can be inferred from structural 

connectivity. 

The regions of the brain that are particularly important for the performance of the edge 

prediction model were highlighted by iteratively lesioning each region. In order to test whether 

the centrality may affect how important a region is to model performance, degree centrality was 

compared to lesion loss. Indeed, higher centrality was associated with greater importance for 

model performance, indicating that part of what makes a region more important to the model is 

the extent to which the region is centrally important to the network, connected to many other 

regions. As with all deep learning approaches, the limitations of this model include the nonlinear, 

underlying function that acts on the structural connectivity to predict the functional connectivity. 

Although I have addressed this limitation in part by showing a brain map of the regional 

importance to model performance via iterative lesioning, future research is needed using explicit 

graph theory measures and simulation models to define the nature of the structure-function 

relationship.  

2.4.1 Future directions 

The graph neural network deep learning model architecture is one that is designed with 

networks in mind, and maintains the structure of the brain connectivity data, whereas other 

commonly used deep learning approaches do not. I have demonstrated that this is an effective 

deep learning model for use with structural and functional connectivity data, whether the edge-, 

node-, or participant-level measures are of interest. Future research predicting patient, 

demographic, or behavioural data should also make use of this method in order to improve on 

past deep learning attempts using the “global” participant-level output available for training in 

the graph neural network model. Prediction of task activation from structural connectivity has 

also been explored in recent research using linear regression modelling approaches (e.g., 
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Ekstrand, Neudorf et al., 2020; Osher et al., 2016; Wu et al., 2020). The use of a graph neural 

network model to predict fMRI task activation from structural connectivity represents an 

important advancement that could lead to improvements in task activation prediction. 

As this model is further developed to account for more variance in individual-level 

functional connectivity, this approach may also lead to predictive functional mapping for patients 

who are unable to follow fMRI instructions. Alternatively, there may be an upper limit on the 

amount of information about functional connectivity that is contained in structural connectivity 

measures. This upper limit may exist due to a number of factors. Neuromodulation selectively 

inhibits and excites neurons throughout the brain network, leading to dynamic patterns of 

functional connectivity, so although the underlying structure does not change during MRI 

imaging, the functional connectivity is in constant flux (Bell & Shine, 2016; Shine, 2019). The 

relatively low spatial resolution of the atlas used also means that the precise structural and 

functional connectivity patterns between neurons cannot be measured. In addition, functional 

boundaries vary across individuals and between sessions, as does the exact location of structural 

connections (Gordon et al., 2017; Laumann et al., 2015; Mueller et al., 2013; Salehi et al., 2020; 

Suárez et al., 2020; D. Wang et al., 2015), so the use of atlases is a source of error for this reason 

as well. The temporal dynamics also differ from one region to the next, affecting the calculation 

of functional connectivity (Gollo et al., 2015; Keitel & Gross, 2016; Murray et al., 2014; Shafiei 

et al., 2019; Suárez et al., 2020). Depending on how unimodal or transmodal a region is, there 

may be a higher (unimodal) or lower (transmodal) degree of coupling between structure and 

function (Margulies et al., 2016; Preti & Van De Ville, 2019; Suárez et al., 2020; Vázquez-

Rodríguez et al., 2019). Based on our deep learning model results, there is clearly a large amount 

of variance (between 81% and 89% depending on the atlas) in functional connectivity that can be 

accounted for by structural connectivity. Although the relationship discovered by deep learning 

is difficult to interpret directly, further graph theory and simulation modeling research can define 

this relationship explicitly, accounting for increased variance until maximal levels of variance 

are accounted for. 

2.4.2 Conclusion 

 Our graph neural network deep learning model provides a new benchmark for prediction 

of rsfMRI functional connectivity (89% of mean variance; 56% of individual-level variance) and 

functional centrality (99% of mean variance; 81% of individual-level variance) from DTI 



22 

 

structural connectivity, which far exceeds the individual-level performance of the non graph 

neural network models previously reported by others (81% of mean variance; 30% of individual-

level variance). This research has not only brought us closer to finding the upper limit on 

prediction of connectivity and centrality of function from structural connectivity, it has opened 

new doors for understanding the structure-function network relationships in the human brain. 

 Moving forward with the knowledge that structure can predict function in brain networks 

to a high degree of accuracy, Chapters 3, 4, and 5 will test explicit frameworks for how structure 

is related to function. In particular, the upcoming Chapter 3 will investigate whether focusing on 

connectivity measures specific to each region rather than each connection can also give insight 

into the structure-function relationship. Graph theory measures of centrality (e.g., degree; 

measure of how many connections a region has) indicate how important a region is in the context 

of the entire structural network and indicate the extent to which that region integrates 

information from many other brain regions. Correspondingly, regional measures characterizing 

the functional activity in the brain include complexity, which should increase as a result of more 

sources of information. This potential relationship will be investigated in Chapter 3 in order to 

better describe this specific aspect of the structure-function relationship at the regional level. 
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CHAPTER 3: Brain Structural Connectivity Predicts Brain Functional Complexity: DTI 

Derived Centrality Accounts for Variance in Fractal Properties of fMRI Signal 

Portions of this chapter have been published. Minor edits have been made to adapt the 

manuscript for use in this thesis. 

Neudorf, J., Ekstrand, C., Kress, S., & Borowsky, R. (2020). Brain structural connectivity 

predicts brain functional complexity: Diffusion tensor imaging derived centrality 

accounts for variance in fractal properties of functional magnetic resonance imaging 

signal. Neuroscience, 438, 1–8. https://doi.org/10.1016/j.neuroscience.2020.04.048 

 

3.1 Introduction 

Neuroimaging analyses have evolved since the advent of techniques such as fMRI to 

better understand what the BOLD signal implies about the underlying processing in the brain. 

For example, analyses have improved from a simple average of BOLD signal during task vs. 

rest, to modeling expected activation time course based on an empirically derived hemodynamic 

response function convolved with the time course of stimuli presentations. Furthermore, resting 

state fMRI studies have revealed interesting baseline patterns of activation (i.e., resting state 

networks), and ushered in an age of network science in brain research. With the rise in resting 

state fMRI research, predicting resting state fMRI functional connectivity from DTI structural 

connectivity has been an important recent endeavor for researchers, and the use of graph theory 

analyses of structural networks have been integral to these investigations (e.g., Bettinardi et al., 

2017; Z. Chen et al., 2019; Goñi et al., 2014; Honey et al., 2010; W. Zhang & Wang, 2020). 

Furthermore, there has been recent interest in predicting task-based fMRI activation from DTI 

structural connectivity (Ekstrand, Neudorf et al., 2020; Osher et al., 2016). Beyond these fMRI 

activation descriptions of functional connectivity and task activation values, other novel methods 

to describe function include functional complexity, using metrics such as the Hurst exponent (H; 

e.g., Bullmore et al., 2001; Fadili et al., 2001; Shimizu et al., 2004). An important next step is to 

explore the extent to which one can predict the complexity in fMRI activation from the 
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underlying DTI structure. 

Since early demonstrations of using the Hurst exponent from the toolbox of chaos theory 

and fractals to analyse fMRI BOLD signal complexity (e.g., Bullmore et al., 2001; Fadili et al., 

2001; Shimizu et al., 2004), interest has grown in this novel method for characterizing 

complexity of fMRI activation. The Hurst exponent has been applied to many domains of 

research including Alzheimer’s disease (e.g., Maxim et al., 2005), signal complexity change over 

the adult lifespan (Dong et al., 2018), distress related to medical treatment (Churchill et al., 

2015), task versus rest states (He, 2011), and alcohol-induced intoxication versus non-intoxicated 

states (Weber et al., 2014). Other measures of complexity such as functional variability have also 

demonstrated meaningful real-world associations (e.g., children develop more complex brain 

activity with age, see McIntosh et al., 2008). In the present research I apply network science 

graph theory metrics of centrality (i.e., how connected and centrally important a particular region 

is to the network) as a novel way to further explore this important application of fractal analysis 

for characterizing fMRI activation complexity. 

3.1.1 Fractal analysis of fMRI BOLD signal complexity 

Fractal analysis of time course data measures the self-similarity or autocorrelation of the 

signal over different scales. High autocorrelation signifies a “long-memory” process that is 

similar over shorter and longer time scales, whereas low autocorrelation signifies a “short-

memory” process that varies between shorter and longer time scales. Complexity can be used as 

a descriptive analogous concept relating to these measures, whereby high autocorrelation is less 

complex than low autocorrelation. The Hurst exponent (H) is one method of measuring signal 

complexity with fractal analysis, and describes the extent to which time course data such as 

fMRI BOLD signal activity is simple (H closer to 1) vs. complex (H closer to 0). 

 The complexity of brain activity has recently been investigated using H. Previous 

research has demonstrated that fMRI activity is more complex before consumption of alcohol 

than after consumption of alcohol (Weber et al., 2014) and more complex during task than 

resting state (He, 2011). Aging has been associated with a reorganization of complexity, with left 

parietal and frontal regions losing complexity with age, while increases in complexity with age 

were observed in the insula, limbic system, and temporal lobe (Dong et al., 2018). Alzheimer’s 

disease has been associated with lower complexity than healthy controls in regions of the brain 

including medial and lateral temporal cortex, dorsal cingulate cortex, premotor cortex, left 
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precentral gyrus, and left postcentral gyrus (Maxim et al., 2005). The measurement of H in 

resting state and task fMRI is a novel method that requires the investigation of additional factors 

contributing to BOLD signal complexity. One possible factor to be investigated is the connective 

structure of the brain network, which should play a vital role in determining the intrinsic patterns 

of coactivation of brain regions. 

3.1.2 Graph theory analysis of brain network centrality 

Graph theory analyses of networks such as the DTI structural connectivity network of the 

brain allow for assessment of how centrally important to the network a particular region is, via 

calculation of that region’s centrality. The most basic example of centrality is degree centrality, 

which is the count of connections between all other regions in the network to the region of 

interest. Other methods of calculating centrality represent more specific features of how centrally 

important to the network that regions is, such as weighting connections to the region based on 

how connected each other region is (eigenvector centrality; Bonacich, 1987), a method 

conceptually similar to eigenvector centrality that adjusts for the biased effect of largely 

connected regions on regions with low connections (PageRank centrality; Page et al., 1999), 

counting the number of shortest paths between two regions in the network that pass through the 

region of interest (betweenness centrality; Anthonisse, 1971; Freeman, 1977), and average 

shortest path length from the region to each other region in the network (closeness centrality; 

Bavelas, 1950). Variants based on current flow for betweenness centrality (current flow 

betweenness centrality; Brandes & Fleischer, 2005) and closeness centrality (current flow 

closeness centrality; Brandes & Fleischer, 2005; Stephenson & Zelen, 1989) capture similar 

features while using an electrical current model for information spreading, which may be more 

applicable to brain activity. Closeness and betweenness centrality are particularly sensitive to the 

topological role of a region in routing information between regions along shortest paths, and less 

sensitive to the number of connections. Graph theory centrality metrics allow for assessing 

specific ways that information is integrated and communicated through regions in the brain 

network (see Rubinov & Sporns, 2010 for a description of these methods; see Figure 3.1 for an 

example network with the highest centrality nodes labeled for each centrality measure). 
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Figure 3.1. Example network with labeled nodes for highest values of a given centrality 

measure. Centrality measures sensitive to integration of information from many sources 

highlighted in red, and centrality measures sensitive to routing information highlighted in blue. 

3.1.3 Relating complexity to centrality 

Task vs. rest (He, 2011) and sober vs. intoxicated (Weber et al., 2014) states have been 

used to show that BOLD activity is more complex as measured by H during more organized 

cognitive states. Sufficient understanding has not yet been reached as to the reasons for increased 

complexity during these states, and one possibility is that this increased complexity during 

organized brain processing may be due to integrated co-processing of information from various 

brain regions concurrently. If this is the case, then regardless of task, regions that are more 

highly integrated via WM tract connections to the rest of the brain network should have more 

complex activity than regions that are less connected to other brain regions, as these regions 

would be integrating information from more sources than other regions. The current research 

tests the hypothesis that DTI structural connectivity derived centrality measures sensitive to 

integration from many sources should be able to account for variation in the complexity of 

functional activity, based on the supposition that more sources of information to integrate should 

result in more complex activity. 

3.2 Method 

High quality DTI and resting state fMRI data for 100 unrelated subjects were obtained 

from the HCP database (Van Essen et al., 2013; please see this paper for ethics statements). The 

HCP resting state fMRI data was used, which has been FSL FIX (Salimi-Khorshidi et al., 2014) 



27 

 

preprocessed, WM and cerebrospinal fluid activation regressed, and has undergone non-linear 

registration to Montreal Neurological Institute (MNI) standard space. All four sessions of this 

resting state fMRI data from HCP (4 sessions of 1200 acquisitions each, totalling 58 minutes) 

were used to calculate H for each voxel using the rescaled range estimation approach (e.g., first 

proposed by Hurst, 1951; see Hamed, 2007 for a discussion of rescaled range methods) in 

Python (Python Software Foundation, https://www.python.org) using adapted code from the 

hurst package (https://pypi.org/project/hurst/). The rescaled range estimation approach involves 

finding the rescaled range of partial samples of the time-series, having length n, defined as 

𝑅(𝑘)

𝑠(𝑘)
=

max
1<𝑘<𝑛

(𝑆𝑘) − min
1<𝑘<𝑛

(𝑆𝑘) 

s
………………………………………………...……(3.1) 

where Sk is the kth cumulative sum of deviations from the mean for each partial sample of 

varying sizes, which is given by 

𝑆𝑘 = ∑ (𝑥𝑖 − �̅�)𝑘
𝑖=1  …………………………………………………………………(3.2) 

In equation 2, �̅� is the mean of the sample, and in equation 1, s is the standard deviation of the 

sample given by 

𝑠(𝑛) = √
1

𝑛
∑ (𝑥𝑖 − �̅�)2𝑛

𝑖=1 ……………………………………………….………(3.3) 

Finally, the Hurst exponent is estimated by finding the slope of a least-squares regression line 

between log(R/s) and log(n) for each sample size n for which R/s was calculated, given that 

𝐸 (
𝑅(𝑛)

𝑠(𝑛)
) ~ 𝐶𝑛𝐻

………………………………………………………………………(3.4) 

The mean H of the 4 sessions was calculated for each voxel, and then mean H was calculated for 

each of the 268 regions from the Shen functional atlas (Shen et al., 2013). 

Probabilistic tractography was performed on the DTI data using FSL’s GPU 

implementation of probtrackX (Behrens et al., 2003; Hernandez-Fernandez et al., 2019) with a 

NVIDIA GTX 1080 graphics card, and the streamline pathway length correction option was 

applied. Importantly, the GPU implementation of probtrackX allowed for the computation of the 

268 region connectivity matrix for more than one participant per day, allowing us to complete 

the calculations in approximately 3 months, whereas the default central processing unit (CPU) 
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implementation would have taken more than a week for each participant with the HCP high 

resolution DTI data (1.25mm x 1.25mm x 1.25mm resolution, 90 directions), which would have 

led to over 2 years of computation time. Probabilistic tractography is much more 

computationally intensive than deterministic tractography, and as such this resulting data 

represents an important contribution to the field of brain connectome research. The probabilistic 

tractography produced asymmetric structural connectivity matrices, which were converted to 

symmetric matrices by calculating the maximum streamline count between the cell in row i 

column j, and the cell in row j column i. The unthresholded connectivity matrix was then used to 

compute streamline weighted graph theory centrality measures of: 1) degree centrality (total 

connections to the region); 2) eigenvector centrality (number of connections weighted by degree 

of the connected region); 3) PageRank centrality (computes a ranking of the nodes based on the 

structure of the incoming links, originally designed as an algorithm to rank web pages; computed 

with α equal to the default of 0.85); 4) current flow closeness centrality (current flow method 

based on mean connectivity distance to other regions); and 5) current flow betweenness 

centrality (current flow method based on the number shortest paths the region is on). These graph 

theory metrics were calculated using the NetworkX python library, and the definitions provided 

are informed by the NetworkX documentation (Hagberg et al., 2008; using functions degree, 

eigenvector_centrality_numpy, pagerank, current_flow_closeness_centrality, and 

approximate_current_flow_betweenness_centrality). The reciprocal of the DTI connectivity 

matrix was calculated and used as the weights for the current flow closeness centrality and 

current flow betweenness centrality, as these models determine shortest paths assuming that edge 

weights represent effective resistance in that path. 

The means for H and degree centrality metrics were computed across subjects so that a 

mean value was assigned to each of the 268 brain regions. Mean H was then modeled as the 

criterion variable in a linear regression with centrality metrics as predictors. H was regressed on 

each of these centrality metrics separately and then multiple regression models were examined to 

investigate shared variance between the centrality metrics. Inter-individual correlation analyses 

were conducted to see if the effects were robust across regions, by examining for each region, 

when correlating centrality with H across all 100 subjects, how many regions out of 268 

produced a significant positive or negative correlation, and whether the mean of this correlation 

is significant. Inter-region correlation analyses were conducted to see if the effects were robust 
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across individual subjects, by examining for each subject, when correlating centrality with H 

across all 268 regions, how many subjects out of 100 produced a significant positive or negative 

correlation, and whether the mean of this correlation is significant. In order to assess inter-

individual reliability, for each centrality metric and for H the values for each of the 268 regions 

for one subject are correlated with the 268 values for another subject, for all combinations of 

subjects (4950 combinations), which will result in a high positive correlation if there is good 

inter-individual reliability. 

3.3 Results 

Mean H was used as the criterion variable in simple and multiple linear regression 

models with centrality measures as predictor variables. For the simple regression models, degree 

centrality (β = -6.543 × 10-3, t(266) = -5.889 , p < .0001, R = -.340; see Figure 3.2A), eigenvector 

centrality (β = -7.175 × 10-3, t(266) = -6.544, p < .0001, R = -.372; see Figure 3.2B), and 

PageRank centrality (β = -6.296 × 10-3, t(266) = -5.639, p < .0001, R = -.327; see Figure 3.2C) 

were found to be negatively associated with H, while current flow closeness centrality (β = 

3.866× 10-3, t(266) = 3.341, p = .0001, R = .201; see Figure 3.2D), and log transformed current 

flow betweenness centrality (β = 3.481× 10-3, t(266) = 2.996, p = .0030, R = .181; see Figure 

3.2E) were found to be positively associated with H (see Figure 3.2 for scatterplots of Hurst 

exponent as a function of centrality). The degrees of freedom used in these analyses correspond 

to the 268 regions of the brain, with each region averaged over the 100 subjects. In these linear 

regression models current flow closeness centrality and current flow betweenness centrality are 

positively associated with H, likely owing to their particular sensitivity to their position along 

shortest paths and distance from other regions, which measures routing rather than integration. 
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Figure 3.2. Scatterplots of Hurst exponent as a function of centrality, where centrality measures 

used are: (A) degree centrality, R = -.340, p < .0001; (B) eigenvector centrality, R = -.372, p 

< .0001; (C) PageRank centrality, R = -.327, p < .0001; (D) current flow closeness centrality, R 

= .201, p < .0001;  and (E) log(current flow betweenness centrality), R = .181, p = .0030. 

Considering the high amount of collinearity between degree centrality, eigenvector 

centrality, and PageRank centrality, and also between current flow closeness centrality and log 

current flow betweenness centrality (see Table 3.1), these predictor variables were not included 

in the same multiple linear regression. A multiple linear regression of eigenvector centrality and 

current flow closeness centrality on H resulted in a significant model (R = .376, R2 = .141, 

F(2,265) = 21.78, p < .0001), with a significant negative effect of eigenvector centrality (β = -

6.731× 10-3, t(266) = -5.581, p < .0001), and no significant effect of current flow closeness 

centrality (β = 1.065× 10-3, t(266) = .883, p = .3780). Including eigenvector centrality with log 
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current flow betweenness centrality in a multiple linear regression model also resulted in a 

significant model (R = .376, R2 = .142, F(2,265 = 21.90), p < .001), with a significant negative 

effect of eigenvector centrality (β = -6.778× 10-3, t(266) = -5.807, p < .0001), and no significant 

effect of log current flow betweenness centrality (β = 1.156× 10-3, t(266) = .990, p = .3231). 

Analogous models including degree or PageRank centrality in place of eigenvector centrality 

yield the same pattern of results, but the models with eigenvector centrality consistently 

accounted for the most variance. These models demonstrated that the current flow centrality 

metrics do not account for a significant amount of variance when included in a multiple linear 

regression model with either degree centrality, eigenvector centrality, or PageRank centrality, 

and that the negative association between centrality and H is robust, whereby higher degree, 

eigenvector, and PageRank centrality is associated with lower H (higher complexity). 

Consistently in each of the degree centrality, eigenvector centrality, and PageRank centrality 

models, examples of the highest centrality regions, which also had some of the lowest values of 

H (highest complexity), included the left and right anterior and posterior regions of the thalamus 

(well-known to be important for connecting regions related to various different modalities), and 

regions of the medial temporal gyrus including the right posterior hippocampus (commonly 

viewed as being integral in the encoding of multi-modal information from many disparate brain 

regions, e.g., Damasio, 1989; see also Bird & Burgess, 2008 for a review; see Figure 3.3 for 

example sagittal and axial brain slices of eigenvector centrality and H in various regions 

including the thalamus and hippocampus; see Table 3.2). 
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Figure 3.3. Example brain maps of eigenvector centrality (left) and Hurst exponent (right), 

where yellow indicates higher values and blue indicates lower values. Centrality tended to be 

negatively associated with H, such that higher centrality (greater central importance to the 

network) was associated with lower H (more complexity). 

 

Table 3.1. Predictor variable correlation matrix to assess multicollinearity. Values represent 

Pearson’s R correlation. Asterisks denote high collinearity (R > .95). 

 Degree Eigenvector PageRank Closeness log(Betweenness) Hurst 

Degree 1 .985* .999* -.391 -.315 -.340 

Eigenvector  1 .978* -.416 -.343 -.372 

PageRank   1 -.380 -.304 -.327 

Closeness    1 .979* .201 

log(Betweenness)     1 .181 

Hurst      1 
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Table 3.2. Examples of highest degree, eigenvector, and PageRank centrality regions with some 

of the lowest H values. 

Region Region Name Eigenvector Degree PageRank Hurst 

127 Right Posterior Thalamus .159 4.836×106 .010 .466 

264  Left Posterior Thalamus .152 4.78×106 .010 .462 

93 Right Posterior Hippocampus .140 4.35×106 .009 .466 

263 Left Anterior Thalamus .136 3.94×106 .009 .461 

128 Right Anterior Thalamus .136 4.01×106 .009 .468 

3.3.1 Inter-region correlation analysis 

 Given that the observed effect of centrality on H was relatively small (less than 20% of 

variance accounted for), additional analyses are conducted, first of all to see if this effect is 

robust across individuals. For all metrics, a large number of individual subjects had significant 

correlation values in the same direction as the primary analysis (negative for degree, eigenvector, 

and PageRank centrality; positive for current flow closeness centrality and log(current flow 

betweenness centrality)), and the mean correlation values for all metrics were also significant 

(see Table 3.3).  Based on these additional analyses, I can say that the effects observed, 

especially for degree centrality, eigenvector centrality, and PageRank centrality, are robust 

across individuals. 

Table 3.3. Inter-region correlation values between centrality metrics and H. Listed are the 

number of individual subjects (out of 100) showing significant positive or negative R values, the 

mean R value and standard deviation (SD), and the corresponding Fisher’s R-to-Z and p-value. 

Centrality Metric # Subjects 

sig. pos. R 

# Subjects 

sig. neg. R 

R SD Fisher’s 

R-to-Z 

p 

Degree 0 99 -.290 .062 -4.853 <.0001 

Eigenvector 0 99 -.303 .069 -5.088 <.0001 

PageRank 0 99 -.282 .061 -4.723 <.0001 

Closeness 75 0 .164 .074 2.696 .0070 

log(Betweenness) 61 0 .133 .077 2.175 .0296 

Note. This analysis demonstrates that observed effects are robust across individuals. 

3.3.2 Inter-individual correlation analysis 

 In this case, none of the metrics produced consistent, significant correlation values (see 

Table 3.4). This analysis clearly demonstrates this effect is not driven by individual differences 
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in the values of these metrics, but rather that the relative values of centrality and H are related 

within each individual’s brain, as seen in the inter-region correlation analysis. 

Table 3.4. Inter-individual correlation values between centrality metrics and H. Listed are the 

number of regions (out of 268) showing significant positive or negative R values, the mean R 

value and SD, and the corresponding Fisher’s R-to-Z and p-value. 

Centrality Metric # Subjects 

sig. pos. R 

# Subjects 

sig. neg. R 

R SD Fisher’s R-

to-Z 

p 

Degree 0 14 -.086 .076 -.852 .3944 

Eigenvector 4 2 .018 .088 .178 .8590 

PageRank 4 4 .001 .104 .095 .9243 

Closeness 2 0 .078 .060 .768 .4423 

log(Betweenness) 16 8 .002 .114 .024 .9805 

Note. This analysis demonstrates that observed effects are not driven by individual differences in 

the values of these metrics. 

3.3.3 Inter-individual reliability 

 All centrality metrics and H produced high reliability, with at least 4949 out of 4950 

combinations of subjects producing a significant correlation, and high mean correlation values 

between .770 and .913 (see Table 3.5). This inter-individual reliability analysis indicates that the 

regional pattern of H and centrality metrics was highly reliable across individuals. 

Table 3.5. Inter-individual reliability analysis values for centrality metrics and H. Listed are the 

number of subject combinations (out of 4950) showing significant positive R values, the mean R 

value and SD, and the corresponding Fisher’s R-to-Z and p-value. 

Variable # Subjects 

sig. pos. R 

R SD Fisher’s 

R-to-Z 

p 

Degree Centrality 4950 .909 .045 107.122 <.0001 

Eigenvector Centrality 4949 .852 .109 88.854 <.0001 

PageRank Centrality 4950 .913 .043 108.733 <.0001 

Closeness Centrality 4950 .837 .057 85.120 <.0001 

log(Betweenness Centrality) 4950 .770 .055 72.195 <.0001 

Hurst Exponent 4950 .841 .058 86.222 <.0001 

Note. The regional pattern of H and centrality metrics was highly reliable across individuals. 
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3.4 Discussion 

 Fractal analysis of fMRI activity is a recent technique demonstrating that lower H is 

related to higher complexity of cognitive processing (e.g., He, 2011; Maxim et al., 2005; Weber 

et al., 2014). Our research demonstrated that higher complexity fMRI activity (lower H) can be 

explained in part by the centrality of the region in the structural DTI connectivity network. 

Specifically, degree centrality, eigenvector centrality, and PageRank centrality were negatively 

associated with H, meaning higher centrality on these measures was associated with more 

complex functional activity (lower H). Conversely, current flow closeness centrality and current 

flow betweenness centrality were positively associated with H, suggesting that these metrics are 

associated with less complex activation, which may be because they are particularly sensitive to 

simple routing of information rather than integration of information from many sources. Overall, 

in both simple and multiple regression analyses, eigenvector centrality consistently showed the 

strongest negative relationship with H (positive relationship with complexity), and as such may 

be the most robust metric of centrality to use in the future when associating DTI structural 

connectivity to resting state fMRI BOLD activity. Conversely, the interesting positive 

relationship with H demonstrated by current flow closeness centrality and current flow 

betweenness centrality was not robust, as it was not significant in the multiple regression model. 

The positive relationship between these current flow centrality metrics and H may be related to 

the sensitivity of these regions to topological location along shortest paths, which facilitate 

communication between distant regions in the network. In general, increased complexity with 

increased degree centrality suggests that the complexity of fMRI BOLD activation increases in 

the presence of integration of information from many sources.  

With this evidence that complexity measured by H is related to centrality in the network, 

baseline expectations for complexity could be assessed at the level of each brain region using 

DTI structural connectivity networks before assessing task-based differences in fMRI 

complexity. Task fMRI data could also be examined with respect to complexity measured with 

H, as an indicator of information integration during tasks that manipulate integration of multiple 

modalities of information, such as semantic processing involving integration of action, shape, 

colour, emotional, and auditory modalities. Amodal semantic hubs hypothesized to be involved 

in integration of multiple modalities (e.g., the anterior temporal lobe; see Neudorf et al., 2019; 

Patterson et al., 2007) may have higher complexity as measured by H than modal regions 
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focused on a single modality (e.g., action, shape, colour, etc.) during semantic tasks, and other 

potential integrative hubs may also be identified in this way. Additionally, this knowledge of the 

relation of structural connectivity patterns to fMRI signal complexity could aid investigations 

into reorganization of brain signal complexity with age from the lens of comorbid structural 

connectivity reorganization (see Dong et al., 2018). 

The investigation of the fractal indicator, H, of complexity and its relation to DTI 

structural network dynamics via graph theory centrality analyses undertaken in this research has 

demonstrated inherent differences in the complexity of fMRI BOLD signals can be accounted for 

by structural connectivity centrality of the various regions in the brain. This finding suggests that 

complexity is dependant not just on task (e.g., He, 2011) or on biological state (e.g., Weber et al., 

2014), but also on the structural pattern of the connections as studied through graph theory 

analysis of DTI probabilistic streamlines. Supporting the validity of our approach, regions known 

to be highly connected, including the thalamus and hippocampus, were among the highest in 

centrality and complexity. The number of connections to other regions in the brain (degree 

centrality) is positively and consistently related to the complexity of brain activity as measured 

with fMRI, as are eigenvector and PageRank centrality. This research contributes to a greater 

understanding of the novel use of the Hurst exponent in assessing complexity of fMRI BOLD 

signals and may represent an important facet of the relationship between structural connectivity 

and function in the brain. 

In the upcoming Chapter 4, I will use patient groups with either left or right hemisphere 

focused TLE as an initial exploration of how disease relates to the structure and function in the 

brain. In particular, I will examine the relative preference for left or right hemisphere functional 

activity during language processing to determine whether TLE dysfunctional activity in one 

hemisphere is related to a greater reliance on the opposite hemisphere. If this pattern is observed, 

then differences in structural connectivity (particularly language related connections) will be 

investigated to determine how structural connectivity may adapt to produce the observed 

language-related functional differences. 
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CHAPTER 4: Language Lateralization Differences Between Left and Right Temporal 

Lobe Epilepsy as Measured by Overt Word Reading fMRI Activation and DTI Structural 

Connectivity 

Portions of this chapter have been published. Minor edits have been made to adapt the 

manuscript for use in this thesis. 

Neudorf, J., Kress, S., Gould, L., Gibb, K., Mickleborough, M., & Borowsky, R. (2020). 

Language lateralization differences between left and right temporal lobe epilepsy as 

measured by overt word reading fMRI activation and DTI structural connectivity. 

Epilepsy & Behavior, 112, 107467. https://doi.org/10.1016/j.yebeh.2020.107467 

 

4.1 Introduction 

In cases of intractable TLE, partial temporal lobectomies are a common surgical 

treatment, involving resection of a substantial portion of the anterior temporal lobe (ATL), to 

remove the focus of epileptic activity (Dupont et al., 2006; Gould et al., 2015; Gould, Wu, 

Tellez-Zenteno, Neudorf  et al., 2020). Prior to cortical resection, the epileptic activity itself 

causes cortical atrophy in the ATL over time. Functional recovery or maintenance of cognitive 

function has been observed in many types of brain damage (e.g., see Cummine et al., 2009, for 

examples involving hemispherectomy). 

This sparing of function has been theorized to rely on degenerate systems in the brain 

(more than one system supporting a cognitive function), whereby redundancy allows other 

regions capable of supporting that function to be used when the affected region is no longer able 

to (Price et al., 2006). For example, the LH Broca’s area (of which pars opercularis is a primary 

region; see Hagoort, 2005, 2014 for a discussion of the extent of Broca’s area) has a 

corresponding RH Broca’s homologue that is primarily activated in some individuals who have 

right lateralized language processing, or similarly activated for individuals with bilateral 

language processing. The LH ATL is also primarily important for semantic processing during 

reading for individuals with left lateralized language processing, but the RH ATL also processes 
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semantic information (see Patterson et al., 2007 for a review). In the event of damage to the LH 

or RH ATL, semantic and language processing would be expected to rely more on the opposite 

hemisphere based on the theory of redundancy. The equipotentiality model of language 

development is a similar theory, which suggests if damage to the language-dominant hemisphere 

occurs early in development, then the other hemisphere is able to develop language processing 

capabilities instead (de Bode et al., 2015; Stark et al., 1995).  

4.1.1 Language laterality in TLE 

Language processing is predominantly left-lateralized, with some reports suggesting that 

90% to 95% of the healthy population may have LH dominant (typical) language processing 

based on fMRI activation (Mazoyer et al., 2014; Springer et al., 1999). However, higher rates of 

bilateral or RH (atypical) language dominance have been noted for patients with epilepsy 

compared with healthy controls (e.g., Berl et al., 2014; Dijkstra & Ferrier, 2013; Goldmann & 

Golby, 2005; Janszky et al., 2006). In particular, up to 33% of right-handed patients with 

epilepsy have been reported to have atypical language dominance based on Wada tests and fMRI 

(see Berl et al., 2014; Gaillard et al., 2007; Thivard et al., 2005 for fMRI studies; see also 

Adcock et al., 2003; Janecek et al., 2013 for studies comparing Wada tests and fMRI). A number 

of factors may contribute to the prevalence of atypical language laterality in both healthy 

individuals and clinical populations, resulting in a continuum of asymmetric lateralization 

(Springer et al., 1999). For clinical populations, these factors include age at seizure onset (Berl et 

al., 2014; Brázdil et al., 2003; Gaillard et al., 2007; Helmstaedter et al., 1997; Springer et al., 

1999), and localization and type of lesion (Gaillard et al., 2007; Helmstaedter et al., 1997). For 

both healthy and clinical populations, handedness (Berl et al., 2014; Gaillard et al., 2007; 

Janecek et al., 2013; Janszky et al., 2006; Szaflarski et al., 2012), and age (Kemmotsu et al., 

2012; Springer et al., 1999) may correlate with language laterality. Many of the clinical studies 

examined both patients with left TLE (lTLE) and right TLE (rTLE); however, some studies only 

examined patients with lTLE (Gaillard et al., 2007; Janszky et al., 2006). In order to better 

understand this difference in language lateralization, it is important to examine what effect 

epileptic hemisphere has on language laterality, and also to make comparisons with healthy 

controls. Differences between control participants, groups with lTLE, and rTLE have been 

observed in Broca’s area fMRI resting state functional connectivity related to verb generation 

task performance (Protzner & McAndrews, 2011). Concurrent investigation of DTI whole brain 
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structural connectivity of these patient groups is an important topic of investigation to understand 

how differences in functional activity related to language processes may be related to differences 

in the underlying structural connectivity. 

4.1.2 Language and white matter connectivity 

 Past DTI research has identified three WM tracts that appear particularly relevant to 

ventral stream reading processes and connect with the critical temporal pole region: the uncinate 

fasciculus (UF), the inferior fronto-occipital fasciculus (IFOF), and the inferior longitudinal 

fasciculus (ILF; see Figure 4.1).  

 

Figure 4.1. ILF, IFOF, and UF fibres depicted in single-subject reconstruction, reproduced from 

Thiebaut de Schotten et al. (2015) with permission. 

4.1.2.1 Uncinate fasciculus 

It has been reported that healthy normal participants had lower UF fractional anisotropy 

(FA; a measure of DTI tract integrity) with slower English exception word reading reaction times 

(RT; Cummine et al., 2015). Clusters of WM fibres were identified with FA that was 

significantly correlated with reading skill in Chinese and English participants, including the UF, 

ILF, and IFOF for both groups of readers (Zhang et al., 2014). However, other research did not 

observe language disturbances or long term language deficits in French-speaking patients during 

subcortical stimulation of the UF and following the removal of portions of the UF (Duffau et al., 

2009).  
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4.1.2.2 Inferior fronto-occipital fasciculus 

Past research with dyslexic and normal readers has shown that lower IFOF FA was 

associated with poorer performance on behavioural measures of orthographic processing, while 

lower arcuate fasciculus FA was associated with poorer performance on behavioural measures of 

phonological processing (Vandermosten et al., 2012). Other research supports this finding, as 

they also observed a correlation between IFOF FA and reading skill in their longitudinal study 

with children (Vanderauwera et al., 2018). In addition, a case study observed that during 

subcortical stimulation of the IFOF, the patient was unable to read the presented Japanese 

sentences or write any Kanji characters in response to a cue (Motomura et al., 2014).  

4.1.2.3 Inferior longitudinal fasciculus 

The ILF has also been identified as being important for reading (Epelbaum et al., 2008, p. 

200) and connecting visual representations with lexical labels (Catani & Mesulam, 2008). The 

role of the ILF in reading has been supported by Yeatman et al. (2012) who found, in a 

longitudinal study with 39 children, that the growth rate of the ILF was positively associated 

with reading skill development. Vanderauwera et al. (2018) found that ILF FA was also 

associated with reading skill. A clinical study also highlighted the importance of the ILF in 

language, as stimulation of the ILF during awake craniotomy elicited speech deficits during a 

picture naming task (Mandonnet et al., 2007). 

4.1.3 The current experiment 

4.1.3.1 fMRI 

 The ventral-lexical stream proceeds from V1 to the ATL via the ILF, and then to Broca’s 

area via the UF, and is predominantly left-lateralized (e.g., Cummine et al., 2013; Price, 2012). 

Given the specialization of the ventral stream for lexical processing, exception words (words that 

have exceptions to regular pronunciation rules, e.g., ‘yacht’; Borowsky et al., 2006, 2007; 

Cummine et al., 2013; Gould et al., 2015) are ideal for localizing the language regions important 

for visual processing of words (e.g., fusiform gyrus including the so called visual word form 

area; FuG, see Price, 2012 for a review of the importance of the FuG in visual word reading) of 

the ventral stream (Gould et al., 2015). In this research, I examine groups of patients with lTLE 

and rTLE (and healthy controls), and hypothesize that LH dominance in language regions 

utilized during lexical reading aloud (e.g., FuG, pars opercularis) should be more apparent in 

patients with rTLE than in patients with lTLE given that the locus of epileptic activity in patients 
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with rTLE is focused in their right temporal lobe, whereas lTLE epileptic activity is focused in 

the left temporal lobe, which may result in functional reorganization to homologous language 

processing regions in the opposite hemisphere (Price et al., 2006). These results reflect the 

language processes related to reading, which primarily include orthographic and phonological 

processing of the written words, semantic processing, and articulation. Although this is not a 

longitudinal study of changes in laterality of language processing over time due to TLE, 

differences in laterality of language processing can be observed between patients with lTLE and 

rTLE and healthy controls as an overall test of this theory. 

4.1.3.2 DTI 

If there are differences in the exception word reading fMRI activation between patients 

with lTLE and rTLE, I expect differences in DTI structural connectivity to support the differing 

pattern of functional language related activation (Mandonnet et al., 2007). If an observed 

difference in the laterality of exception word reading is observed, then a corresponding 

difference should be expected in the integrity of the UF, IFOF, and ILF between lTLE and rTLE, 

whereby patients with lTLE would have better tract integrity than patients with rTLE patients in 

the RH, and vice versa. 

4.2 Methods 

4.2.1 Participants 

A group of 14 patients with lTLE (7 females and 7 males, mean age = 34.5 years, range = 

17 to 59 years, all right-handed, mean age at epilepsy onset = 20.0 years, 10 mesial and 4 lateral 

TLE), 8 patients with rTLE (5 females and 3 males, mean age = 48.0 years, range = 23 to 61 

years, all right-handed, mean age at epilepsy onset = 27.6 years, 4 mesial and 4 lateral TLE), and 

14 healthy controls (11 females and 3 males, mean age = 26.1 years, range = 20 to 31 years, all 

right-handed) underwent an exception word reading fMRI task. The healthy controls, which were 

used for the fMRI analyses, were not matched on age as they were from a University student 

sample being tested in another study. The patients with rTLE were not significantly older than 

the lTLE, t(20) = 1.885, p = .074, but the control participants were significantly younger than 

both the lTLE, t(14.230) = -2.394, p = .031, and patients with rTLE, t(7.514) = -4.677, p = .002. 

Note that it has been shown that language lateralization tends to become more bilateral with age 

(Springer et al., 1999), so any effects that could be due to age differences will be interpreted with 

caution. Only patients with TLE with no previous temporal lobectomy and no other evidence of 
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brain damage were included in the sample. The participants’ consent was obtained, and the 

experiment was performed in compliance with the relevant laws and institutional guidelines and 

was approved by the University of Saskatchewan Research Ethics Board. 

4.2.2 Stimuli 

Twenty-five monosyllabic exception words were used as critical stimuli (see Appendix). 

The mean length of these words was 4.48 (SD = 0.65), and mean logHAL word frequency was 

8.88 (SD = 1.67) based on the measures reported in the English Lexicon Project (Balota et al., 

2007). The words subtended a horizontal visual angle of between 13° and 19°, and a vertical 

angle of 4°. 

4.2.3 FMRI protocol 

All imaging was conducted using a 3-Tesla Siemens Skyra scanner. Whole-brain 

anatomical scans were acquired using a high-resolution axial magnetization prepared rapid 

acquisition gradient echo (MPRAGE) sequence, consisting of 192 T1-weighted images of 1 mm 

thickness (no gap) with an in-plane resolution of 1 × 1 mm (field of view = 256; repetition time, 

TR = 1900 ms; echo time, TE = 2.1 ms). For the functional scans, T2*-weighted single-shot 

gradient-echo echo-planar imaging (EPI) scans were acquired using an interleaved ascending 

EPI sequence, consisting of 55 volumes of 25 axial slices of 4 mm thickness (1 mm gap) with an 

in-plane resolution of 2.7 × 2.7 mm (field of view = 250), using a flip angle of 90°. The top 2 

coil sets (16 channels) of a 20-channel Siemens head-coil were used, with the bottom set for 

neck imaging (4 channels) turned off. Additional foam padding was used to reduce head motion. 

In order to obtain verbal behavioural data from the MRI, I used a sparse-sampling (gap 

paradigm) fMRI method that allows the participant to respond during a gap in image acquisition 

(TR = 3300 ms, with a 1650 ms gap of no image acquisition, TE = 30 ms; see Esopenko et al., 

2008, 2012). That is, a stimulus was presented at the offset of an image acquisition for 1650 ms, 

providing a silent gap for participants to name aloud the stimulus. 

4.2.4 Procedure and apparatus 

Stimuli were presented to participants in the center of a screen using a PC running 

EPrime software (Psychology Software Tools, Inc., http://www.pstnet.com) through MRI 

compatible goggles (Cinemavision Inc., http://www.cinemavision.biz). Participants were 

instructed to read aloud the word as quickly and accurately as possible. For each run, 25 words 

were presented in a random order in blocks of five stimuli, with each block followed by a 
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relaxation block of equivalent duration. One word was presented for each TR. The leading edge 

(10 μs) of the fiber-optic signal that is emitted by the MRI at the beginning of each acquisition 

volume was detected by a Siemens fMRI trigger converter and passed to the EPrime PC via the 

serial port. In this way, perfect continuous synchronization between the MRI and the 

experimental paradigm computer was obtained at each volume. In order to avoid head movement 

while speaking, the participants were instructed to speak with their mouth kept slightly open to 

minimize mouth and jaw movements and were told to not swallow or lick their lips during the 

experimental trials.  

4.2.5 FMRI analysis 

All preprocessing and statistical analyses for functional images were performed using 

FMRIB Software Library (FSL; Jenkinson et al., 2012). Functional images were preprocessed 

including slice scan time acquisition correction, 3D motion correction, spatial smoothing with a 

5mm Full Width Half Maximum (FWHM) gaussian filter, and temporal filtering with a high-

pass filter to filter frequencies lower than one complete block/rest cycle (10 TRs; period of 33 s). 

Motion parameters were regressed as variables in the model to eliminate any artifacts from 

motion. Functional volumes were then registered to anatomical brain images using FSL flirt with 

7 degrees of freedom for the individual level laterality analysis, before being registered to 

standard MNI space with 12 degrees of freedom for the group analysis.  

For the laterality analysis, precise cortical reconstruction and volumetric segmentation 

was performed with the FreeSurfer image analysis suite (http://surfer.nmr.mgh.harvard.edu/). 

This segmentation was used to identify pars opercularis (FreeSurfer region number 111112 for 

LH, 12112 for RH) and the FuG (lateral occipitotemporal gyrus and lateral occipitotemporal 

fusiform gyrus; FreeSurfer region number 11161 and 11121 for LH, 12161 and 12121 for RH). 

The regions of interest (ROI) were used to calculate the mean, standard deviation, and number of 

voxels from the thresholded Z statistic fMRI images (thresholded to values greater than 1.5; see 

(Seghier, 2008) for a discussion of laterality index methods including thresholding decisions). 

Using this information, a novel t statistic laterality index (tLI) was calculated as a t test of the RH 

minus the LH ROI activation (positive values represent RH dominance and negative values 

represent LH dominance).  

𝑡𝐿𝐼 =  
�̅�𝑅𝐻−�̅�𝐿𝐻

𝑠𝑝∙√
1

𝑛𝑣𝑜𝑥𝑅𝐻
+

1

𝑛𝑣𝑜𝑥𝐿𝐻

………………………………………………………………………(4.1) 
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Finally, the tLI was compared across groups using an independent samples t test. 

Additionally, using the same thresholded Z statistic fMRI images, a typical laterality index (LI) 

was computed for reference as  

𝐿𝐼 =
𝑅−𝐿

R+L
……………………………………………………………………………………….(4.2) 

where R and L correspond to the sum of all Z values in the corresponding hemisphere of the 

fMRI brain activation ROI.  

For the group analysis, the group level contrasts were calculated for exception word 

reading activation, and significant contrasts were identified for rTLE > lTLE, lTLE > Control, 

and rTLE > Control. Statistics were calculated using FSL randomise with 5000 permutations and 

Threshold Free Cluster Enhancement (TFCE) at p < .05. 

4.2.6 DTI protocol 

Diffusion tensor imaging was conducted in the same session as the T1 and fMRI data for 

the patients with lTLE and rTLE, with images acquired using a dual spin-echo single-shot EPI 

sequence. For 8 out of the 22 patients, 20 non-collinear directions of diffusion-sensitizing 

gradients were acquired, while for the remaining patients 30 directions were acquired. The voxel 

resolution was 1.72 × 1.72 × 4 mm, with diffusion sensitivity b = 1000 s/mm2, TR = 3700 ms, 

and TE = 95 ms, a field of view of 220 mm, and an acquisition matrix of 128 × 128. 

4.2.7 Network-based statistic 

The network-based statistic (Zalesky et al., 2010) was used to find a DTI brain network 

component that was significantly different between patients with lTLE and rTLE. DSI Studio’s 

(http://dsi-studio.labsolver.org/) deterministic tracking algorithm that uses quantitative 

anisotropy (Yeh et al., 2013) as the termination index was used to produce structural connectivity 

matrices of streamline count for the Brainnetome 246 region atlas (Fan et al., 2016). For each 

pair of regions in the atlas, the number of identified streamlines was compared with an 

independent samples t-test, which was then used to create a single thresholded difference matrix, 

thresholded at p < .025 (see Fornito et al., 2016). Significance of the largest network component 

was assessed based on the number of regions in the component using a permutation test with 

5000 permutations. 

4.2.8 Multivariate distance matrix regression 

 To determine the location of differences in DTI structural connectivity in the brain 

between patients with lTLE and rTLE, multivariate distance matrix regression (see Shehzad et 
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al., 2014 for an implementation of this method on functional connectivity matrices) was 

performed on the DTI structural connectivity matrix. The DSI Studio software was used to 

calculate the connectivity matrix for each voxel of the 4mm × 4mm × 4mm MNI standardized 

DTI images, representing how many streamlines pass through each pair of voxels. For all 

combinations of the 22 TLE cases (14 lTLE and 8 rTLE), a voxelwise distance measure was 

calculated as  

𝑑𝑖𝑗 = √2(1 − 𝑟𝑖𝑗)……………………………………………………………………………..(4.3) 

where 𝑑𝑖𝑗 is the measure of distance between participants i and j, and 𝑟𝑖𝑗 is the Pearson 

correlation coefficient between participants i and j of the vector of connectivity values from the 

voxel in question to each other voxel in the brain. These distance measures create a 22 × 22 

distance matrix, corresponding to the 22 patients with TLE. Multivariate distance matrix 

regression was then used to determine if the distance measures between individuals within the 

same patient group (lTLE or rTLE) were smaller than the distance between individuals across 

different groups. The result of multivariate distance matrix regression is a pseudo-F-statistic that 

was associated with a p value based on 15,000 permutations of a permutation test. Finally, 

family-wise error rate (FWER) was controlled across the voxels of the brain using a cluster size 

permutation test with 500 permutations. 

4.3 Results 

4.3.1 Exception word reading fMRI laterality 

Group differences were observed when comparing patients with lTLE with patients with 

rTLE in the FuG, with patients with rTLE showing more left lateralized exception word reading 

fMRI activation than patients with lTLE, who showed bilateral activation (see Tables 4.1 and 

4.2). In addition, comparing patients with rTLE with healthy controls in pars opercularis showed 

more left lateralized exception word reading fMRI activation for patients with rTLE. Although 

not reaching the level of significance, there was a trend towards lTLE FuG activation being less 

left-lateralized than healthy controls (p = .058); however, this effect should be interpreted with 

caution in light of increasing rates of bilateral language as a function of aging (Springer et al., 

1999). 
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Table 4.1. Comparisons of the tLI values (t-tests of the exception word reading fMRI activation 

of voxels in right minus left hemisphere pars opercularis and Fusiform gyrus) between groups 

with lTLE, rTLE, and the control group. 

Comparison Region t df p 

rTLE - lTLE 
Pars Opercularis -1.308 20 .206 

Fusiform Gyrus -2.134* 20 .045 

lTLE - Control 
Pars Opercularis -.043 26 .674 

Fusiform Gyrus 1.984 26 .058 

rTLE - Control 
Pars Opercularis -2.151* 20 .044 

Fusiform Gyrus -.411 20 .686 

Note: Asterisks (*) denote significant differences between groups. 

Table 4.2. Mean exception word reading tLI (with one-sample t-test from 0 and corresponding p-

value) and typical LI for reference in the rTLE, lTLE, and control groups. 

Group Region tLI t-test from 0 p LI t-test from 0 p 

rTLE 
Pars Opercularis -3.514 -3.971* .005 -.328 -4.755* .002 

Fusiform Gyrus -1.464 -2.496* .041 -.116 -1.511 .175 

lTLE 
Pars Opercularis -1.768 -2.033 .063 -.118 -.956 .356 

Fusiform Gyrus 0.523 .849 .411 .074 1.292 .219 

Control 
Pars Opercularis -1.322 -2.268* .041 -.112 -2.208* .046 

Fusiform Gyrus -1.114 -2.029 .063 -.067 -1.165 .265 

Note: Asterisks (*) denote significant differences from 0. 

When looking at mean tLI values in these groups, rTLE pars opercularis was the only 

case where the tLI was significantly left lateralized (tLI = -3.514 < -1.96; a threshold of ±1.96 

was used as these ROIs contained hundreds of voxels). However, one-sample t-tests compared 

with 0 indicated that patients with rTLE had tLI values consistently negative (indicating more 

left than right activation) in both pars opercularis and FuG (see Table 4.2). Patients with lTLE 

did not have tLI values significantly different from 0, although there was a left leaning trend in 

pars opercularis (p = .063; a one-tailed t-test would make this significant at p = .032, and would 

be justified considering past research demonstrating left lateralization of language-related 

activation). Healthy controls also had consistently negative tLI values in pars opercularis, but not 

in FuG, although the trend was left leaning (p = .063; a one-tailed t-test would make this 

significant at p = .032). The one-sample t-test method on the typical LI values was not as 

sensitive to the laterality observed using the tLI method, as the LI produced less extreme t values 
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overall, and did not detect the significant negative (left-lateralized) laterality in rTLE FuG (see 

Table 4.2).  

4.3.2 Exception word reading fMRI group contrasts 

As an additional analysis to provide converging evidence for differences in the laterality 

of activations in individually tailored FreeSurfer ROIs for pars opercularis and FuG, I also 

conducted group level contrasts from the whole brain perspective, which has the advantage of 

being able to show differences in activation with no a priori predictions, but has the disadvantage 

of losing the power and specificity of a ROI approach. Another important distinction between 

these approaches is that the individual ROI tLI approach compares LH with RH activation within 

individuals, whereas the group contrast analysis looks only at differences between groups in each 

individual voxel. In particular, the fMRI contrast approach demonstrated rTLE greater than lTLE 

activation in a LH lateral region of the FuG, which is in agreement with the tLI finding of more 

left-lateralized (negative tLI) FuG activation for patients with rTLE than patients with lTLE (see 

Figure 4.2). Additionally, the lTLE greater than healthy control contrast suggests that there may 

be a larger extent of activation for FuG in the RH than the LH (see Figure 4.3). There was no 

evidence of a significant rTLE greater than healthy control contrast in LH pars opercularis, 

which would have been congruent with the finding of more left-lateralized pars opercularis 

activation in patients with rTLE than healthy controls. However, recall that the tLI analysis has 

the advantage of comparing activation at the individual level, and is directly comparing 

activation from both hemispheres, whereas this analysis only looks at each voxel separately. 
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Figure 4.2. Exception word reading rTLE > lTLE contrast in a LH lateral region of the FuG. 

 

Figure 4.3. Exception word reading lTLE > controls contrast in bilateral medial regions of the 

ventral occipitotemporal gyrus including the FuG, suggesting a larger RH than LH extent of 

significant contrast. 

4.3.3 Network-based statistic 

The network-based statistic analysis was used to find a DTI brain network component 

that was significantly different between patients with lTLE and rTLE (see Figure 4.4). Looking 

at the differences between these groups, the identified component was significant at the level of p 

= .009 based on the permutation test, and the highest degree (most connected) regions in this 
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network component included the RH anterior superior temporal gyrus, frontal regions including 

orbitofrontal cortex, dorsal caudate, and ventral anterior cingulate gyrus. Overall, this network 

component is composed primarily of lTLE greater than rTLE connections, clustered primarily in 

the RH anterior temporal to frontal connections, suggesting that the UF may have stronger 

connections in the RH for patients with lTLE than patients with rTLE. Additionally, this network 

component includes a connection between the RH occipital pole and anterior inferior temporal 

cortex, which describes the ILF, and a connection from RH superior occipital cortex to 

orbitofrontal cortex, which describes the IFOF (see Figure 4.1 for a depiction of the ILF, IFOF, 

and UF, reproduced from Thiebaut de Schotten et al., 2015 with permission). These results 

suggest that patients with lTLE have more DTI streamline connections than patients with rTLE 

in RH occipital to frontal fibres (IFOF), RH occipital to temporal fibres (ILF), and RH anterior 

temporal to frontal fibres (UF). Of these three WM fasciculi, the UF and IFOF have the strongest 

evidence suggesting differences between patients with lTLE and rTLE, given the large number 

of highly clustered connections between anterior temporal and frontal regions (UF), and the 

occipital to frontal connections (IFOF). 
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Figure 4.4. Network-based statistic identified DTI structural connectivity network component 

exhibiting a significant difference between patients with lTLE and rTLE (green represents 

lTLE > rTLE streamlines, red represents rTLE > lTLE streamlines). Some of the highest degree 

(most connected, as indicated by the size of the sphere) regions are labeled: Anterior Cingulate 

(Ant. Cingulate), Orbitofrontal Cortex (Orbitofrontal), Superior Temporal Gyrus (STG), and 

Caudate. Note that all except two edges are green (lTLE > rTLE), and that the majority of edges 

are located in the right hemisphere. Also note the presence of edges that represent the ILF, IFOF, 

and UF. 

4.3.4 Multivariate distance matrix regression 

 To further investigate where in the brain there are differences in DTI structural 

connectivity between patients with lTLE and rTLE, multivariate distance matrix regression was 

performed on the DTI structural connectivity matrix. The cluster-based permutation test with 500 

permutations resulted in a cluster size threshold of 24 voxels, which was exceeded by a cluster 

with 28 voxels. This cluster identified voxels with a patient dependent distance between the 

connectivity profiles (see Equation 4.2; where distance equals 0 if connectivity is perfectly 

correlated, 1 if completely uncorrelated, and 2 if perfectly negatively correlated) in the RH 

caudate and RH WM regions anterior and medial to the insula, which are in the path of the IFOF 
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(see Figure 4.5).  

 

Figure 4.5. Axial slices of the multivariate distance matrix regression identified regions in 

yellow/orange exhibiting a patient group dependent distance between the connectivity profiles of 

patients with rTLE and lTLE, including RH caudate and WM regions along the path of the IFOF. 

Also depicted are the IFOF (blue) and UF (green), showing that the multivariate distance matrix 

regression region overlaps with the IFOF, confirming what was seen in Figure 4.4 for this 

fasciculus (fasciculi regions from Rojkova et al., 2016). 

4.4 Discussion 

These results provide support for greater LH dominance in language regions involved in 

reading aloud (including the FuG and pars opercularis) for patients with rTLE. With less 

efficient LH language processing in patients with lTLE given the locus of their epilepsy, they 

show greater bilateral (i.e., less lateralized) language activation than patients with rTLE, 
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particularly in the FuG. This finding was supported by the group contrast fMRI analysis, which 

showed greater exception word reading activation for patients with rTLE than lTLE in the LH 

FuG. The more pronounced left lateralization for these patients in pars opercularis compared 

with controls provides converging evidence for their increased LH dominance for language 

processing. With less efficient LH ventral-lexical processing in patients with lTLE, it is 

noteworthy that their FuG activation trended towards bilateral activation compared with controls, 

and the fMRI group contrast also showed a greater extent of the lTLE greater than controls 

contrast for exception word reading. These findings support some of the theories of function 

reorganization, such as redundancy (Price, 2012) and equipotentiality (de Bode et al., 2015; 

Stark et al., 1995), which suggest reorganization of function from one hemisphere to the other 

may occur as a result of the damaging effects of epileptic activity in the temporal lobe. Although 

I cannot show any transfer of function effects because this was not a longitudinal study, I have 

presented compelling evidence that there is an important difference between these groups in the 

lateralization of language processing, based on which hemisphere contains the locus of epilepsy. 

In addition, the novel tLI method demonstrated that only in a minority of cases are lateralized 

language processing observed to the extent that there is a statistically significant difference 

between the hemispheres, whereas research has commonly referred to a majority of the 

population having left lateralized language processing based on arbitrary thresholds of relative LI 

values. The tLI method provides a more objective statistical measure by which to assess 

lateralization of processing. 

I have also demonstrated that there is a corresponding difference in the DTI structural 

connectivity between patients with lTLE and rTLE. Using the network-based statistic, I found 

that patients with lTLE have greater tract integrity than patients with rTLE in RH connections 

involved in ILF, IFOF, and UF. These findings were supported by multivariate distance matrix 

regression for RH IFOF, which provided evidence of important patient group dependent 

connectivity differences in WM regions along the path of the IFOF. Supported by past research 

showing that ILF (Catani & Mesulam, 2008; Epelbaum et al., 2008; Mandonnet et al., 2007; 

Vanderauwera et al., 2018; Yeatman et al., 2012), IFOF (Motomura et al., 2014; Vanderauwera 

et al., 2018; Vandermosten et al., 2012), and UF (Cummine et al., 2015; M. Zhang et al., 2014) 

tract integrity are positively associated with reading and naming ability, our findings suggest that 

ILF, IFOF, and UF DTI connectivity differs in tandem with functional differences in language 
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laterality, in the case of patients with TLE. These findings may suggest that the patients with 

lTLE have developed better tract integrity than rTLE in important language-related WM tracts in 

the RH in order to support the more bilateral activity for language processing. 

4.4.1 Implications 

A novel approach was demonstrated for calculating laterality using a statistical test of 

activation differences between hemispheres, which allows the variability of activation to be 

taken into account, rather than only the relative difference in means as has been used in past 

research (see Seghier, 2008 for a discussion of LI methods). This research has important 

implications for patients with TLE, whereby the ubiquitous assumption of predominantly left 

lateralized language processing may be incorrect in cases where LH epileptic activity encourages 

reorganization of language processing to rely more on RH regions. For example, with a patient 

with lTLE, language processing in the RH should be expected more so than usual, particularly 

involving WM tracts including the RH ILF, IFOF, and UF given the potentially increased 

reliance on these RH tracts for language processing. 

4.4.2 Limitations and future directions 

 It should be stated that the patient samples were not able to be perfectly matched on age. 

However, I found that the slightly older group with rTLE exhibited more strongly left-lateralized 

language related activation, in accordance with my hypotheses, whereas Springer et al. (1999) 

found that language lateralization tends to become more bilateral with age, which should have 

worked against my hypotheses. I also found a very select network component showing group 

differences in the DTI connectivity in line with my hypotheses, which should not have resulted if 

there were greater bilateral language lateralization in the group with rTLE stemming from the 

slight age difference. Although a longitudinal investigation of a change in lateralization would be 

useful, this was also not possible given that the first point of contact with these patients was only 

at the point in time immediately before their partial temporal lobectomy surgery. Future research 

could solve these issues by performing fMRI and DTI analyses at the onset of epilepsy and at 

multiple stages throughout the course of disease before any temporal lobectomy surgery becomes 

necessary. In this way, one could explore a causal mechanism of functional reorganization in 

individuals over time in the course of TLE.  
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4.4.3 Conclusion 

Based on the hemisphere of the locus of epileptic activity in TLE, I have demonstrated 

that language processing tends to be more left lateralized for patients with rTLE and less 

lateralized for patients with lTLE. I have also found that compared with rTLE, lTLE is 

associated with increased DTI tract integrity in RH ILF, IFOF, and UF connections using the 

network-based statistic analysis method, and multivariate distance matrix regression provided 

converging evidence for the involvement of the IFOF. This research provides a novel approach 

to measuring lateralization of language processing in general, has identified WM structural 

connectivity differences between patients with rTLE and lTLE, and has helped to guide 

neurosurgeons performing temporal lobectomies on patients with TLE, thus benefiting patient 

standard-of-care, as well as informing future longitudinal studies of reorganization of language 

lateralization. 

The previous chapters have demonstrated that structural connectivity can predict 

functional connectivity with a high degree of accuracy, that regional graph theory measures of 

structural centrality are associated with the corresponding functional complexity, and that 

language-related structural connections may adapt in order to produce the altered functional 

activation during language processing. In Chapter 5, I will explore the structure-function 

relationship through the lens of graph theory models of information transfer. I will define and 

examine both shortest path routing and diffusion models of information transfer, in order to 

determine the relative ability for graph theory measures based on these models applied to the 

structural connectivity network to account for variance in functional connectivity. Whether one 

of these models of information transfer is better able to account for variance in functional 

connectivity will be crucial for making informed decisions about how best to model this level of 

processing. 
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CHAPTER 5: Comparing Models of Information Transfer in the Structural Brain 

Network and their Relationship to Functional Connectivity: Diffusion Versus Shortest Path 

Routing 

This chapter is part of a manuscript that has been submitted for publication. Minor edits have 

been made to adapt the manuscript for use in this thesis. 

Neudorf, J., Kress, S., & Borowsky, R. (submitted). Comparing models of information transfer in 

the structural brain network and their relationship to functional connectivity: Diffusion 

versus shortest path routing. 

 

5.1 Introduction 

Graph theory analyses of structural brain connectivity have been vital to providing 

breakthroughs in our understanding of how the underlying structure of the brain can influence 

the patterns of coordinated functional activity (e.g., Goñi et al., 2014; Neudorf, Ekstrand, et al., 

2020; Neudorf et al., 2022; Neudorf, Kress, et al., 2020). However, when it comes to choosing 

graph theory measures of connectivity, important assumptions must be made about how 

information is transferred through the structural network, and the effectiveness of these measures 

for predicting functional connectivity is dependent on the accuracy of these assumptions about 

the human brain. Two primary graph theory models of information transfer in the brain include 

shortest path routing and diffusion. The shortest path routing model relies on the calculation of 

the shortest path to the destination region. This model is straightforward to calculate and 

underlies many useful graph theory measures that have been helpful in describing brain networks 

and networks in general (e.g., characteristic path length, Watts & Strogatz, 1998; global 

efficiency as an indicator of small-worldness, Latora & Marchiori, 2001; nodal and local 

efficiency, Latora & Marchiori, 2001; van den Heuvel & Sporns, 2013; etc.). One problem with 

the shortest path routing model when it comes to brain networks is that it assumes each region 

has whole-brain level knowledge about the most efficient path to use. 
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An alternative graph theory model has been proposed that does not assume whole-brain 

knowledge about the shortest path, but instead assumes that information diffuses along random 

paths in the network influenced by the relative weighting of each path. Under these model 

assumptions, information propagates through the network as a “random walker” that is 

constrained by the structural architecture. Furthermore, information can be transferred in parallel, 

whereas shortest path routing describes information traveling along a single path to the 

destination (Fornito et al., 2016a). 

Novel graph theory metrics combining both diffusion and shortest path routing models 

have been developed for use in brain research and applied to the task of predicting functional 

connectivity from the underlying structural connectivity (Goñi et al., 2014). Search information 

was developed as a measure of how many distractor paths may lead a random walker away from 

the shortest path, while path transitivity measures how likely a random walker on a detour will 

end up back on the shortest path. While these measures were more successful than shortest path 

length alone at predicting functional connectivity from structural connectivity, there are other 

graph theory measures of connectivity that consider the full range of possible paths based on a 

diffusion model, rather than hinging on what happens around the shortest path during 

information transfer. One such measure of diffusion efficiency is the mean first passage time 

(Wang & Pei, 2008), which calculates the number of steps it takes a random walker on average 

to travel from region A to region B. This measure has been used to show that biological brain 

networks typically display a balance between diffusion efficiency and global efficiency 

(sensitive to shortest path length; Goñi et al., 2013). Another measure relying on the diffusion 

model of information transfer is communicability (Estrada & Hatano, 2008), which takes into 

consideration all possible walks from region A to region B. Walks with less edges, n, are 

weighted much higher than those with more, with walks weighted by the factor 1/n!. 

Communicability is described as reflecting the capacity for a network to transfer information in 

parallel assuming a diffusion model of information transfer (Fornito et al., 2016). This measure 

has been useful in distinguishing patients from controls, including stroke (Crofts et al., 2011) and 

multiple sclerosis (Li et al., 2013). 

Considering past success with the hybrid measures combining the diffusion and shortest 

path routing models of information transfer (Goñi et al., 2014), this chapter will apply the 

exclusively diffusion-based measures of mean first passage time and communicability as well as 
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the shortest path routing measure of shortest path length to structural connectivity, and the results 

will be used to predict functional connectivity to determine to what extent these measures are 

able to account for variance in functional connectivity. Additionally, multiple linear regression 

analyses, partial least squares regression, and principal components analysis will be used to 

investigate the diffusion and shortest path routing measures and determine which graph theory 

model is most important in this relationship. Multiple linear regression will allow for an 

assessment of which measures are primarily driving the relationship between structure and 

function, while partial least squares regression will allow for converging evidence of these 

findings. Finally, principal components analysis will allow for an overall analysis of how the 

structural and functional connectivity measures relate to one another in component space. 

Research suggests that brain networks (at both the macroscale and microscale) typically 

demonstrate a balance of diffusion efficiency and global efficiency (Goñi et al., 2013), while also 

suggesting that this balance may lean more towards dominance of diffusion efficiency in human 

brains, in which case I expect that the diffusion measures examined here will be more relevant 

than shortest path length to the structure-function relationship in the brain. 

5.2 Method 

5.2.1 Dataset 

 As described previously in Chapter 2, high quality DTI and resting state fMRI data for 

998 subjects were obtained from the HCP database (Van Essen et al., 2013; please see for ethics 

statements). The HCP preprocessed rsfMRI data was used, which has been FSL FIX (Salimi-

Khorshidi et al., 2014) preprocessed, along with the DTI preprocessed data (see HCP 

preprocessing pipelines for more information on preprocessing steps; Glasser et al., 2013). The 

mean activation at each timepoint was calculated for each region of the AAL 90 region atlas 

(Tzourio-Mazoyer et al., 2002) and of the Brainnetome 246 region atlas (Fan et al., 2016). 

Multiple atlases were examined as the structure-function relationship is known to be atlas 

dependent in some cases (Messé, 2020). Each of the 4 rsfMRI sessions was then z-score 

standardized for each region independently from each other session. Each region was then 

bandpass filtered for each session separately to keep frequencies between 0.01 Hz and 0.1 Hz 

(see Hallquist et al., 2013).  
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5.2.2 Connectivity measures 

The methods for calculating functional and structural connectivity described in this 

paragraph are equivalent to what was described in Chapter 2. The Pearson correlation coefficient 

was then calculated for each pair of regions using the 4800 total time points (all 4 sessions 

concatenated), as a measure of functional connectivity. DSI Studio’s (http://dsi-

studio.labsolver.org) deterministic tracking algorithm that uses quantitative anisotropy (Yeh et 

al., 2013) as the termination index was used to produce structural connectivity matrices of 

streamline count. For reconstruction in DSI Studio the Generalized Q-sampling (Yeh et al., 

2010) method was used, and tracking was performed using a fiber count of 1 million fibers, 

maximum angular deviation of 75 degrees, and a minimum and maximum fiber length of 20 mm 

and 500 mm respectively. A whole brain seed was used to calculate the structural connectivity 

matrix as the count of streamlines between each combination of the atlas regions. Finally, the 

mean connectivity values for structural and functional connectivity were calculated across all 

brains. 

Graph theory structural connectivity measures of mean first passage time (Wang & Pei, 

2008) and communicability (Estrada & Hatano, 2008) were calculated as diffusion model 

measures (also discussed in Fornito et al., 2016). Mean first passage time was calculated as 

𝑀𝐹𝑃𝑇𝑖𝑗 =  ∑ [(𝐼 − 𝑈𝑗)−1]
𝑛𝑖

𝑁
𝑛=1 ……………………………………..………(5.1) 

where I is the identity matrix, i is the starting node, j is the destination node, and N is the number 

of regions in the network, and  

𝑈𝑗 =  𝑊𝑆−1
……………………………………..………………………………………(5.2) 

but with the jth row set to zero so that a random walker is unable to enter j. W is the weighted 

structural connectivity adjacency matrix, and 

𝑆 =  [
𝑠1 0 0
0 ⋱ ⋮
0 … 𝑠𝑁

]……………………..…………………………….………………(5.3) 

with 𝑠𝑛 representing the strength (weighted number of connections) of region n. 

Communicability was calculated as 



59 

 

𝐶𝑜𝑚𝑖𝑗 =  [𝑒𝑆−1/2𝑊𝑆−1/2
]

𝑖𝑗′
……………………………………………..………(5.4) 

where 𝑒𝑆−1/2𝑊𝑆−1/2 is the matrix exponential of 𝑆−1/2𝑊𝑆−1/2, the reduced structural 

connectivity adjacency matrix. Long walks are weighted more weakly (by a factor of n! where n 

is the number of steps) in this formula as the series expansion equates to 

𝐶𝑜𝑚𝑖𝑗 =  ∑
[(𝑆−1/2𝑊𝑆−1/2)𝑛]

𝑖𝑗

𝑛!
∞
𝑛=0 ……………………………….….………(5.5). 

Shortest path length was calculated as the shortest path routing model measure using the 

NetworkX python library (Hagberg et al., 2008; function shortest_path_length, using the 

Dijkstra algorithm described by Dijkstra, 1959, and given the inverse value of structural 

connectivity edges so that the edges represent resistance in the network). 

5.2.3 Analysis Techniques 

 In order to assess the relationship between these structural connectivity graph theory 

measures and functional connectivity, a number of analysis techniques were used in order to 

provide converging evidence for our hypothesis. Firstly, linear regression models were used to 

assess the relationship between each structural connectivity measure and functional connectivity. 

Following this, a number of techniques were used to assess all structural connectivity measures 

in the same model, in order to determine which measures were primarily driving the relationship. 

Multiple linear regression was used first to determine the primary drivers of this relationship, 

before utilizing partial least squares regression, which should provide converging evidence but 

with the added benefit of being robust against multicollinearity. Lastly, I utilized principal 

components analysis in order to demonstrate how each of these variables were situated in 

component space. 

5.3 Results 

5.3.1 Linear regression models 

5.3.1.1 AAL 

Linear regression models were computed for each log transformed independent variable 

(mean first passage time, communicability, and shortest path length) with functional connectivity 

as the dependent variable using the lm function from the lme4 library (Bates et al., 2015) in R (R 

Core Team, 2018). Mean first passage time demonstrated an inverse relationship with functional 
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connectivity, whereby a high mean first passage time was associated with poorer functional 

connectivity, as expected, R(4003) = -.376, p < .001 (see Figure 5.1A). Communicability 

demonstrated a positive relationship with functional connectivity, whereby high communicability 

was associated with better functional connectivity, as expected, R(4003) = .316, p < .001 (see 

Figure 5.1 B). Shortest path length demonstrated an inverse relationship with functional 

connectivity, whereby a high shortest path length was associated with poorer functional 

connectivity, as expected, R(4003) = -.379, p < .001 (see Figure 5.1C). The magnitude of the 

structure-function relationship for each of these measures was relatively comparable, so 

additional multiple linear regression approaches were also taken to determine which measures 

are primarily driving the relationship in section 5.3.2. 

 

Figure 5.1. AAL linear regression models with functional connectivity as the independent 

variable and dependent variables of: (A) mean first passage time (MFPT; log transformed); (B) 

communicability (COM; log transformed); (C) and shortest path length (SPL; log transformed). 

5.3.1.2 Brainnetome 

Using the Brainnetome atlas, there was again an inverse relationship between mean first 

passage time and functional connectivity, whereby a high mean first passage time was associated 

with poorer functional connectivity, as expected, R(30133) = -.232, p < .001 (see Figure 5.2A). 

Communicability demonstrated a positive relationship with functional connectivity, whereby 

high communicability was associated with better functional connectivity, as expected, R(30133) 

= .270, p < .001 (see Figure 5.2B). Shortest path length demonstrated an inverse relationship 

with functional connectivity, whereby a high shortest path length was associated with poorer 

functional connectivity, as expected, R(30133) = -.250, p < .001 (see Figure 5.2C). Again, the 

magnitude of the structure-function relationship for each of these measures was relatively 

comparable, so additional multiple linear regression approaches were also taken to determine 



61 

 

which measures are primarily driving the relationship in section 5.3.2. 

 

Figure 5.2. Brainnetome linear regression models with functional connectivity as the 

independent variable and dependent variables of: (A) mean first passage time (MFPT; log 

transformed); (B) communicability (COM; log transformed); (C) and shortest path length (SPL; 

log transformed). With outlier clusters removed from (A) by excluding cases with log(MFPT) > 

8 and (C) by excluding cases with log(SPL) > 5.33 the correlation remains significant, with R = -

.207 for log(MFPT) and R = -.224 for log(SPL). These outlier clusters are due to more isolated 

regions of the atlas that take more steps to reach than most other regions. 

5.3.2 Multiple linear regression models 

5.3.2.1 AAL 

Multiple linear regression models were then investigated starting with mean first passage 

time and shortest path length included in the model as independent variables, with functional 

connectivity as the dependent variable. These models were again calculated in R using the lm 

function from the lme4 library, as well as spcor from the ppcor library to calculate the semi-

partial correlation (Kim, 2015) and vif from the car library to calculate the variance inflation 

factor (Fox & Weisberg, 2019). Prior to this, the correlation matrix of these measures was 

examined, which indicated that there were no extreme correlations (e.g., greater than .9) between 

the independent variables, with the highest value being R = .841 between mean first passage time 

and shortest path length (see Table 5.1). This correlation is theoretically interesting though, as it 

indicates there is a high level of redundancy between mean first passage time and shortest path 

length, suggesting that information in the diffusion model naturally follows paths that are 

similarly efficient when compared to the shortest path. As seen in Table 5.2, mean first passage 

time and shortest path length both produced significant effects, with shortest path length having a 

slightly larger semi-partial correlation. However, when adding communicability to the model as 

seen in Table 5.3, the overall variance accounted for increases, and the semi-partial correlation of 
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shortest path length is greatly reduced (though still significant), while the diffusion-based 

measures of mean first passage time and communicability have a much larger combined 

magnitude of semi-partial correlation. It should be noted that the variance inflation factor (VIF) 

for shortest path length in model 2 is greater than 5 (VIF = 5.567), indicating that 

multicollinearity between the independent variables may be affecting the variance of shortest 

path length. In order to address this, I examined these variables using partial least squares 

regression in section 5.3.3, which is robust against multicollinearity. 

Table 5.1. AAL independent variable correlation matrix. Variables include mean first passage 

time (MFPT), communicability (COM), and shortest path length (SPL). 

Variable  MFPT  COM SPL 

MFPT  1 -.236 .841 

COM  -.236 1 -.491 

SPL  .841 -.491 1 

Table 5.2. AAL multiple linear model 1, with dependent variable functional connectivity. R2 

= .158. Abbreviations include semi-partial correlation (SPC) and variance inflation factor (VIF). 

Effects SPC Estimate  Std. Error t-value p-value VIF 

Intercept  .337 .002 36.577 <.001  

log(MFPT) -.117 -.060 .007 -8.051 <.001 2.927 

log(SPL) -.127 -.067 .008 -8.745 <.001 2.927 

Table 5.3. AAL multiple linear model 2, with dependent variable functional connectivity. R2 

= .165. Abbreviations include semi-partial correlation (SPC) and variance inflation factor (VIF). 

Effects SPC Estimate  Std. Error t-value p-value VIF 

Intercept  .851 .023 36.960 <.001  

log(MFPT) -.138 -.075 .008 -9.592 <.001 3.229 

log(COM) .089 .012 .002 6.184 <.001 2.493 

log(SPL) -.030 -.022 .010 -2.112 .035 5.567 

5.3.2.2 Brainnetome 

Multiple linear regression models were also investigated for the Brainnetome atlas. The 

correlation matrix for the independent variables is shown in Table 5.4. As seen in Table 5.5, 

mean first passage time and shortest path length both produced significant effects, with shortest 

path length having a larger semi-partial correlation. However, when adding communicability to 
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the model as seen in Table 5.6, the overall variance accounted for increases, and the significance 

of shortest path length is greatly reduced (though still significant), while the diffusion-based 

measures of mean first passage time and communicability have a much larger combined 

magnitude of semi-partial correlation. The variance inflation factor for shortest path length in 

model 2 is slightly less than 5 (VIF = 4.970), indicating that multicollinearity between the 

independent variables should not be affecting the variance of shortest path length, but to be sure I 

examined these variables using partial least squares regression in section 5.3.3. 

Table 5.4. Brainnetome independent variable correlation matrix. Variables include mean first 

passage time (MFPT), communicability (COM), and shortest path length (SPL). 

Variable  MFPT  COM SPL 

MFPT  1 -.087 .824 

COM  -.087 1 -.342 

SPL  .824 -.342 1 

Table 5.5. Brainnetome multiple linear model 1, with dependent variable functional connectivity. 

R2 = .067. Abbreviations include semi-partial correlation (SPC) and variance inflation factor 

(VIF). 

Effects SPC Estimate  Std. Error t-value p-value VIF 

Intercept  .614 .008 73.783 <.001  

log(MFPT) -.067 -.025 .002 -12.024 <.001 2.275 

log(SPL) -.116 -.052 .002 -20.796 <.001 2.275 

Table 5.6. Brainnetome multiple linear model 2, with dependent variable functional connectivity. 

R2 = .090. Abbreviations include semi-partial correlation (SPC) and variance inflation factor 

(VIF). 

Effects SPC Estimate  Std. Error t-value p-value VIF 

Intercept  .558 .008 65.877 <.001  

log(MFPT) -.112 -.044 .002 -20.383 <.001 2.534 

log(COM) .152 .015 5.442*10-4 27.643 <.001 2.702 

log(SPL) .034 .022 .004 6.107 <.001 4.970 

5.3.3 Partial least squares regression 

5.3.3.1 AAL 

A partial least squares regression analysis was conducted with a dependent variable of 

functional connectivity and independent variables of mean first passage time, communicability, 
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and shortest path length, using the plsr function from the pls library in R (Mevik & Wehrens, 

2007). The independent variables were log transformed and standardized to have a mean of 0 and 

standard deviation of 1. To validate the model and check for overfitting a k-fold cross-validation 

scheme was used with 10 folds. The number of components to include was decided based on the 

root mean squared error of prediction, choosing to stop adding components when the root mean 

squared error of prediction does not decrease substantially by adding more. With 2 components 

included, the root mean squared error of prediction reached its minimum of .161, so 2 

components were used. Cross-validation determined that the model was able to account for 

16.3% of the variance in functional connectivity of novel validation samples, while the model 

accounted for 16.4% of the variance in functional connectivity when predicting the data for all 

connections. These cross-validation results indicate that over-fitting is minimal. Finally, by 

investigating the coefficients for each of the independent variables the pattern of results seen in 

the multiple linear regression model can be confirmed. For diffusion measures, mean first 

passage time had a coefficient of -.037, communicability had a coefficient of .018, and shortest 

path length had a coefficient of -.025. Note that the negative relationship between structure and 

function for mean first passage time and shortest path length was expected, as a higher value for 

these structural measures indicates weaker connectivity, while the positive relationship was 

expected for communicability as higher values indicate stronger connectivity. These coefficients 

support what was observed for the multiple linear regression, indicating that the effect of the 

diffusion model-based measures were greater in combined magnitude than that of shortest path 

length. 

5.3.3.2 Brainnetome 

A partial least squares regression analysis was also conducted for the Brainnetome atlas. 

With 2 components included, the root mean squared error of prediction reached its minimum 

of .148, so 2 components were used. Cross-validation determined that the model was able to 

account for 8.7% of the variance in functional connectivity of novel validation samples, while 

the model accounted for 8.7% of the variance in functional connectivity when predicting the data 

for all connections. These cross-validation results indicate that over-fitting is minimal. For 

diffusion measures, mean first passage time had a coefficient of -.015, communicability had a 

coefficient of .034, and shortest path length had a coefficient of -.003. These coefficients support 

what was observed for the multiple linear regression, indicating that the effect of the diffusion 
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model-based measures were greater in combined magnitude than that of shortest path length. 

5.3.4 Principal components analysis 

5.3.4.1 AAL 

The principal components analysis for functional connectivity, mean first passage time, 

communicability, and shortest path length shown in Figure 5.3 demonstrates the unique 

component space occupied by each measure. This analysis was conducted using the prcomp 

function of the core stats library in R. To aid interpretation of the principal component loadings 

of each variable, mean first passage time and shortest path length were multiplied by -1 so that 

larger values indicate better connectivity for all measures. In particular, Principal Component 1 

seems to be sensitive to the variance in common between functional connectivity and the graph 

theory measures, as these all loaded in the same direction (Figure 5.3A and Table 5.7). 

Conversely, functional connectivity loads strongly onto Principal Component 2, while the graph 

theory measures load weakly and in the opposite direction, suggesting that this component 

identifies variance in functional connectivity that are not well accounted for by the graph theory 

measures (Figure 5.3A and Table 5.7). Finally, functional connectivity and shortest path length 

load very weakly onto Principal Component 3, while the loadings for mean first passage time 

and communicability are strong and in opposite directions, suggesting that this component 

speaks to the unique position in the component space of these diffusion model measures (Figure 

5.3B and Table 5.7). 
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Figure 5.3. AAL principal components analysis with data points and variable loadings as 

vectors. Variables considered were functional connectivity (FC), mean first passage time 

(MFPT; log transformed and multiplied by -1 so that more positive values indicate better 

connectivity), communicability (COM; log transformed), and shortest path length (SPL; log 

transformed and multiplied by -1 as with MFPT). 

Table 5.7. AAL principal components analysis loadings for all 3 principal components. Variables 

considered were functional connectivity (FC), mean first passage time (MFPT; log transformed 

and multiplied by -1 so that more positive values indicate better connectivity), communicability 

(COM; log transformed), and shortest path length (SPL; log transformed and multiplied by -1 as 

with MFPT). 

Variable PC1  PC2 PC3 

FC -.359 -.926 .112 

-1*log(MFPT) -.529 .113 -.671 

log(COM) -.501 .274 .728 

-1*log(SPL) -.583 .232 -.086 

5.3.4.2 Brainnetome 

The principal components analysis was again conducted, but this time for the 

Brainnetome atlas. This analysis replicated the pattern of results seen for the AAL atlas (see 

Figure 5.4, Table 5.8). 
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Figure 5.4. Brainnetome principal components analysis with data points and variable loadings as 

vectors. Variables considered were functional connectivity (FC), mean first passage time 

(MFPT; log transformed and multiplied by -1 so that more positive values indicate better 

connectivity), communicability (COM; log transformed), and shortest path length (SPL; log 

transformed and multiplied by -1 as with MFPT). 

Table 5.8. Brainnetome principal components analysis loadings for all 3 principal components. 

Variables considered were functional connectivity (FC), mean first passage time (MFPT; log 

transformed and multiplied by -1 so that more positive values indicate better connectivity), 

communicability (COM; log transformed), and shortest path length (SPL; log transformed and 

multiplied by -1 as with MFPT). 

Variable PC1  PC2 PC3 

FC -.288 -.954 -.074 

-1*log(MFPT) -.520 .194 -.710 

log(COM) -.532 .087 .700 

-1*log(SPL) -.603 .211 .030 

5.4 Discussion 

 This investigation and comparison of graph theory structural connectivity measures based 

on two different theories of how information passes from one region to another in the brain has 

highlighted the importance of the diffusion model relative to the more straightforward but less 

biologically plausible shortest path routing model. Diffusion measures of mean first passage time 

and communicability as well as the shortest path routing measure of shortest path length were 

calculated from the brain structural connectivity, and these measures were related to functional 
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connectivity. In isolation, each of these measures were comparable in the level to which they 

were related to functional connectivity. However, when analysed together in multiple linear 

regression, partial least squares regression, and principal components analysis, it was clear that 

the diffusion model and the ideas it can express captures more of the variance in functional 

connectivity than shortest path routing, and therefore may be closer to describing how 

information travels from one region to another in the structural connectivity network to produce 

the observed patterns of functional connectivity. These findings suggest that shortest path routing 

may be somewhat redundant when diffusion models are able to travel along similarly efficient 

routes in the brain, and that diffusion models are able to additionally tap into aspects of 

functional connectivity that shortest path routing is not able to. These results are not surprising, 

given that diffusion models are more biologically plausible than shortest path routing as there is 

no evidence to suggest that regions have global network knowledge about what path would be 

the shortest. Past research has demonstrated that both diffusion models and shortest path routing 

models are important frameworks for understanding the architecture of brain networks (Goñi et 

al., 2013, 2014), but this work has taken an important next step in distinguishing the greater 

relative ability for the diffusion measures to accurately predict function from the underlying 

structural connectivity. 

5.4.1 Limitations and future directions 

 While diffusion and shortest path routing models are the most commonly discussed in 

network neuroscience, other models have been suggested that may add a unique perspective on 

how information travels in the brain. One such proposed theory for how information may 

transfer is greedy navigation, in which the Euclidean (three dimensional) or geodesic (two-

dimensional flattened surface of cortex) distance between regions is used to travel through the 

network to whichever region is closest to the target region. This model has been investigated in 

simulated networks, which have shown that greedy navigation is able to successfully send 

information between regions without getting stuck (i.e., ending up at a node that is closer than all 

neighbours to the destination but unconnected to the destination) when there is a balance 

between clustered connections of proximal nodes and a power-law like distribution whereby 

clusters are connected by a small number of highly connected hub nodes (Boguñá et al., 2009). 

The pattern of navigation under these conditions is such that the path tends to travel to a nearby 

hub node, travel a long distance to another hub node, then travel to a low degree node in a cluster 
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close to the destination. This pattern has also been demonstrated in the macaque brain network 

(Harriger et al., 2012) and in C. elegans (Towlson et al., 2013). Future research should 

implement a model of greedy navigation to test whether a greedy navigator is able to 

consistently reach the intended destination without getting stuck, whether the path length of a 

greedy navigator predicts functional connectivity, and whether the pattern of paths resembles 

that seen in simulated models and animal models. 

 Internet and computer analogies have also been proposed for application to brain 

networks, with encouraging results (Graham & Rockmore, 2011; Mišić et al., 2014). Information 

flow in computer networks (such as the internet) is limited by bandwidth, which represents the 

amount of information that can travel in a certain amount of time (e.g., bits/s). Information can 

be transmitted via packet switching, which breaks messages into packets that are labeled with the 

intended destination. These packets traverse the network efficiently by utilizing connections at 

separate times and buffering in a node if a connection is full, with the downside that if the node 

buffer is full then the information is lost. The structural connectivity of the macaque has been 

used to simulate this packet switching model of information flow, showing that compared to 

other networks there was more message loss, lower throughput, but faster transit times (Mišić et 

al., 2014). This suggests that under the model assumptions speed would be optimized in the 

macaque brain over maintaining the integrity of each individual signal. Future research should 

work on also applying a packet switching simulation model using the human brain to uncover 

whether similar signatures of information flow are seen between human and macaque networks, 

and whether the time taken for information to travel between regions is predictive of functional 

connectivity measures. 

 As a final example of further work to be done in the field, brain network analysis of the 

cat brain has found that regions with similar connectivity profiles (connect to the same or similar 

regions) tended to correspond with groups of regions performing similar tasks (Zamora-López et 

al., 2010). One measure of the similarity between connectivity profiles of regions is cosine 

similarity, which has been used to demonstrate that in the macaque brain functionally similar 

regions also had high cosine similarity, and that regions with high cosine similarity were also 

likely to be connected and located close together (Song et al., 2014). Future research should 

investigate whether human brain regions with high cosine similarity are more likely to be 

connected, to what extent this pattern differs between functionally similar clusters and core hub 
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regions, and whether the structural cosine similarity is able to predict the functional connectivity 

and functional cosine similarity. 

5.4.2 Conclusion 

 Although the models described here do not claim to be a fully accurate and 

comprehensive description of how information is transferred in the brain, especially considering 

that the nature of the structure-function relationship will inevitably vary as the scale of interest 

goes from the macroscale to the microscale, by examining the diffusion and shortest path routing 

models together, this research has demonstrated that diffusion models are better suited to 

describing the relationship between structural and functional connectivity. In the future, 

alternative models discussed in section 5.4.1 could be examined together, in order to contribute 

to a fuller picture of which aspects of these theoretical models are able to best approximate the 

reality of information transfer in the human brain network. 
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CHAPTER 6: General Discussion 

 As a whole, this thesis has taken a significant step into deepening the network 

neuroscience research community’s understanding of how structure drives function in the human 

brain. I have first demonstrated that there is a large amount of variance in functional connectivity 

and centrality that can be explained by functional connectivity using the graph neural network 

deep learning model, which has not previously been applied to brain research. This model was 

ideally suited to the network structure of the data and outperformed all past models. With this 

knowledge, I then set out to explicitly define specific aspects of this structure-function 

relationship. I have demonstrated that structural connectivity graph theory measures of centrality 

(i.e., how connected and centrally important to the network a region is) can predict how complex 

the functional signal in that region is, suggesting that regions with high degree, eigenvector, and 

PageRank centrality (hub regions) integrate information from many sources, manifesting in 

functionally complex activity. I have also demonstrated that there may be a language-related 

functional shift away from the hemisphere containing the locus of TLE, and that this functional 

shift coincides with a structural reconfiguration of language-related structural connectivity. 

Finally, I found that applying both diffusion models and shortest path routing models to the 

structural connectivity network accounts for significant variance in functional connectivity, but 

that multiple linear regression models, partial least squares regression, and principal components 

analysis revealed that the diffusion models account for the majority of variance, and that 

diffusion models are tapping into aspects of this relationship that shortest path routing is unable 

to. 

 Just as other fields of research have had success using graph theory to elucidate structure-

function relationships (e.g., molecular structure and function, musculoskeletal structure and 

function), I have demonstrated that from multiple perspectives, graph theory and its applications 

are invaluable in the investigation of how structure relates to function in the human brain 

network. I focused on the static functional connectivity network based on the entire resting state 

fMRI scan time, and this allows these findings to be extrapolated to the large number of studies 
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based on static functional connectivity. However, these methods should also prove useful for 

investigating the structure-function relationship for dynamic functional connectivity. Based on 

these findings, I predict that graph neural network deep learning approaches will be among the 

top performing models for predicting a number of further measures based on structural 

connectivity, including behaviour, demographics, and even genetics, owing to the ability for 

graph neural network models to maintain the network structure and train based on output at the 

level of the edge, node, and/or global values (specific to the individual). I also expect that 

research examining complexity and graph theory measures in conjunction will continue to grow 

and add to our understanding of how these techniques are complimentary. A comprehensive 

examination of both structure and function in patients with TLE was fruitful in our analyses, and 

I expect that further research using graph theory approaches will help to improve knowledge 

about the whole-brain changes that occur with various diseases. For example, informative 

differences may be expected when comparing encapsulated vs. non-encapsulated tumours, 

congenital vascular malformations of various sizes, or different types of stroke (e.g., ischemic vs. 

hemorrhagic stroke). Finally, I expect that novel graph theory measures tailored specifically for 

network neuroscience will benefit from leaning more heavily towards diffusion model-based 

graph theory measures, and that a decreased reliance on shortest path routing models will be 

advantageous when attempting to relate structure to function in the brain. 

6.1 Limitations 

It is important to note that the research outlined in this thesis has focused solely on the 

macroscale of human brain atlas regions using fMRI and DTI, and that these findings may not 

reflect the relationship between structure and function at the microscale level of the neuron and 

synapse. However, as has been noted in Chapter 5, research looking at graph theory measures of 

brain connectivity has identified characteristic patterns of brain networks that appear to be 

observed at both the macroscale and microscale (e.g., a balance between global and diffusion 

efficiency when looking at the human brain macroscale as well as microscale investigations with 

the C. elegens nervous system; Goñi et al., 2013). To address this limitation, the research 

undertaken here with respect to macroscale human brains should be translated to the microscale 

in other animal nervous systems to determine the important differences and similarities when 

comparing across scales and types of nervous systems. 
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6.2 Future directions 

The balance of diffusion efficiency and global efficiency could be investigated as a 

potential indicator of cognitive function in young adults and the healthy aging population. 

Research has indicated that brain signal complexity increases between childhood and young 

adulthood, and that this increase in complexity was associated with greater cognitive 

performance (McIntosh et al., 2008; Misić et al., 2010; Szostakiwskyj et al., 2017). Changes due 

to the aging that occurs between younger and older adulthood followed a more nuanced 

trajectory, whereby more complexity was observed locally with lower complexity at global 

network scales during healthy aging (McIntosh et al., 2014; Sleimen-Malkoun et al., 2015), and 

these changes may be adaptive as they were associated with better cognitive ability (Heisz et al., 

2015). Given that I have demonstrated complexity is related to the underlying structural 

connectivity graph theory measures, I would expect that the balance between structural 

connectivity measures of diffusion efficiency (sensitive to information at the local scale 

facilitated by fast temporal scales) and global efficiency (sensitive to long range connections 

facilitated by slow temporal synchrony) may also adapt in healthy aging and that this 

development should predict the relative low and high temporal scale functional complexity as 

well as cognitive ability (Goñi et al., 2013; Harris & Gordon, 2015; Palva et al., 2010; Singer, 

2009). 

 Investigating structural graph theory measures at the region level will also give insight 

into which regions of the brain appear to be adapting in healthy aging to better support local 

processing. In particular, local efficiency could be calculated for each brain region, a measure of 

how efficiently other local regions can communicate following disruptions in the region of 

interest (fault tolerance; Achard & Bullmore, 2007; Latora & Marchiori, 2003). To offer 

converging evidence for the above hypothesis, researchers could investigate the relationship 

between structural connectivity-based local efficiency and the relative local and global scale 

functional complexity in young adults and during healthy aging. I expect that the functional 

development of more local scale complexity and less global scale complexity will coincide with 

an increase in structural connectivity-based local efficiency, and that regions with more 

pronounced functional complexity changes will also demonstrate greater local efficiency in the 

structural connectivity network. Identifying regions with the most extensive maturation on these 

measures across the lifespan will allow researchers to better understand the crucial subnetwork 
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involved in healthy aging adaptation. 

These measures could be used in conjunction with complexity measures to calibrate the 

parameters of brain simulation models such as individualized brain simulations for The Virtual 

Brain (TVB; Ritter et al., 2013; Schirner et al., 2018). By documenting the signature of young 

adult and healthy aging brains as measured by functional complexity in tandem with structural 

graph theory measures, TVB can be improved to more accurately simulate the projected healthy 

aging process and better predict cognitive changes. I would expect that tuning the TVB model 

parameters based on these structural graph theory and functional complexity measures will 

improve the performance of the model and contribute to a greater understanding of the young 

adult brain and healthy aging trajectory. 

The lines of research examined in this thesis and future directions suggested could also be 

considered with an eye for sex- and gender-based analysis, whereby the healthy aging trajectory 

of brain structure and function can be sex- and gender-disaggregated in order to determine where 

crucial differences in healthy aging of the brain exist based on sex and gender. In the same way, 

socioeconomic status could be examined in the context of young adults and healthy aging brain 

adaptations. By including analyses of sex, gender, and socioeconomic status, these models could 

be tailored to improve their predictive power and the effectiveness of targeted interventions 

informed by this research. Little work has been done in either age group to examine differences 

in the structure-function relationship based on these factors, so this important research will surely 

be rich in important novel discoveries. These examples would expand this research to focus on 

how specific factors unique to the individual (age, sex, gender, socioeconomic status, etc.) create 

variation in the structure-function relationship in the brain.  

Neuronal networks have been shown to have small-world properties, whereby a small 

number of highly connected hub regions facilitate connections between less connected regions. 

Additionally, these less connected regions tend to group together into modular clusters with high 

interconnectivity and a few connections to highly connected hubs (e.g., Watts & Strogatz, 1998). 

An index representing the modularity of a cluster of regions has been developed that represents 

the difference between the degree of intramodular connectivity compared to what would be 

expected by chance (Newman, 2004). Many methods have been developed for using this type of 

index to determine what defines a modular cluster of regions, including one of the most recent 

and successful methods, the Louvain algorithm (Blondel et al., 2008). This algorithmic method 
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has been successful in defining sensible modules in both functional connectivity (Meunier et al., 

2009) and structural connectivity (Bassett et al., 2010). However, the differences between 

functionally defined and structural defined modules have not been examined, so future research 

should compute structural connectivity-based and functional connectivity-based modular 

definitions in matched subjects using the Louvain algorithm in order to examine how these 

modules relate. Furthermore, functionally defined ‘resting state networks’ (e.g., default mode 

network) calculated using independent components analysis (ICA; Damoiseaux et al., 2006; 

Naveau et al., 2012) have been widely relied upon in the literature, and an examination of the 

structural basis for these statistical patterns will be performed by comparison to the modules 

defined by the Louvain algorithm. Additionally, it will be important to examine differences in 

modularity during task states as well as across various time windows during resting state fMRI, 

leading to dynamic modularity depending on brain state. This dynamic modularity will allow for 

a determination of whether the structural connectivity can lead to observations consistent with 

functional ICA resting state networks, that are dependent on specific brain states. Although this 

thesis has focused solely on static connectivity networks in the brain, the extension of this 

research to dynamic functional connectivity and how it is constrained by the underlying 

structural connectivity is an important next step in our understanding of the structure-function 

relationship in the brain. 

6.3 Conclusion 

 This thesis has tackled the critical question of how the intricate structural network of the 

brain leads to the coordinated functional activity our brains rely upon to function effectively. I 

first discussed the past attempts that have been made to describe the structure-function 

relationship, before demonstrating the ability for a deep learning model able to preserve the data 

as a network (i.e., graph neural network) to outperform past attempts by the international 

network neuroscience research community. In the following chapters I investigated the structure-

function relationship with particular interest in how graph neural network deep learning is able to 

use structural connectivity to predict functional connectivity (Chapter 2), how structural 

centrality is related to the complexity of functional activity (Chapter 3), how language-related 

structural connectivity and functional activity are jointly implicated in the TLE diseased brain 

(Chapter 4), and how the graph theory diffusion model of information transfer through the 

structural connectivity network is better able to relate structural connectivity to functional 
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connectivity than the alternative shortest path routing model (Chapter 5). 

While functional connectivity has often stood in as a proxy for the end result of the 

structural connectivity in the brain, research into the explicit relationship between structure and 

function has grown immensely in recent years. The work presented in this thesis has played a 

significant role in this research that explicitly defines the mechanisms by which structure is so 

strongly linked to the functional end results as demonstrated by the graph neural network deep 

learning model. By investigating this relationship from many different lenses (deep learning, 

centrality and complexity, disorder and reorganization, and graph theory models of information 

transfer) this research has taken important foundational steps to defining specific aspects of how 

structure drives function that will hopefully inspire continued research comprehensively 

describing the extent to which the physical, structural connections determine how the brain 

ultimately functions effectively. 
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