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Abstract

The human brain is a complex and dynamical system that changes throughout the lifetime. Non-invasive

imaging techniques, including magnetic resonance imaging (MRI), allow for the measurement of large-scale

functional and structural connectivity networks in the brain. Beyond trends, the dynamics across long

timescales are still poorly understood. Our research aims to address the question of these long-term dy-

namics by carefully adapting and applying the stochastic actor-oriented model to brain networks derived

from MRI data in an aging population. The resulting models of network change suggest that the brain is

promoting modularity, local efficiency, and short-range connectivity during aging with more adaptive func-

tional networks compared to structural networks. Differences between individuals with and without cognitive

impairment suggest a disruption in the maintenance of key brain topology in the progression of cognitive

impairment with age. These results are modulated by subnetwork and sex differences that contribute further

to the emerging picture of long-term dynamics in aging.
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Chapter 1

Introduction

1.1 Complex Systems

In observing the world around us, one may notice that many of the systems that shape our world are

comprised of complex and dynamic components. Viewing these systems, from the furthest galaxies to the

earth to our very own bodies, as complex can provide great insight into their behavior through the interactions

and dynamics of their components [Mitchell 2009b, Holovatch 2017, Bar-Yam 2019, Siegenfeld 2020]. These

interactions underpin emergent properties that are absent from the elements alone. Interactions can be

defined in diverse ways, and these approaches acknowledge that the interactions of elements in a system

are interconnected in ways that can be characterized and measured. These interactions may be pairwise or

higher-order, physical or relational, small-scale or large-scale, and many more carefully selected definitions

that define these relationships [Costa 2007, Mitchell 2009b]. Complexity science also acknowledges the

dynamics of complex systems, whether of the interactions themselves or of the larger patterns of changes on

the network [Holovatch 2017, Saxena 2020]. Complex systems find complexity in most, if not all, of these

places, and the brain is no exception.

1.2 The Brain as a Complex System

In recent years, a significant amount of research has been done using complex approaches to study the

brain [Bassett 2006, Hagmann 2007, Lillis 2008, Feldt 2011, Deco 2012, Litwin-Kumar 2012, Smith 2013,

Allen 2014, Mazzucato 2015, Vidaurre 2017, Scholtens 2022, Brinkman 2022, Onuchin 2023]. When viewed

as a complex system, the brain demonstrates complex dynamics on many physical and temporal scales.

Great strides have been made in defining and studying various kinds of brain networks. Specifically, one can
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define structural networks based on physical connections and functional networks based on brain activity.

Structural and functional networks can be defined on small and large physical scales and studied as they

change on short and long timescales.

On small physical scales, structural networks can be defined by the synapses or gap junctions between

individual neurons [Scholtens 2022, Onuchin 2023]. Functional networks can be defined by correlations of

spiking activity [Lillis 2008, Feldt 2011]. Apart from certain animals (e.g. C. elegans), these interactions

generally create local rather than whole-brain circuits, and studies of small-scale networks are most often

performed on animals or through simulation.

On large physical scales, structural networks can be defined by diffusion MRI tractography and related

methods [Hagmann 2007]. Functional networks can be defined by statistical dependencies in time series

between brain regions [Bassett 2006, Smith 2013]. These whole-brain networks often sacrifice single-neuron

resolution to explore the whole brain. These kinds of studies are able to be performed non-invasively on

human populations.

Several studies have explored the dynamics of these networks on short timescales. In small-scale net-

works, spiking activity reveals metastable dynamics that transition between different states, which have been

investigated using modeling approaches. At the cellular level, these dynamics are often explored with recur-

rent network models of spiking neurons [Deco 2012, Litwin-Kumar 2012, Mazzucato 2015, Brinkman 2022].

The large-scale networks have shown similar state transition dynamics using methods like sliding-window

functional connectivity and hidden Markov Models [Allen 2014, Vidaurre 2017, Zuo 2017].

However, the long-term dynamics of these networks are still poorly understood. Many studies have

reported trends across larger timescales [Fair 2008, Hagmann 2010, Tomasi 2012, Gu 2014, Chan 2014, Sala-

Llonch 2015, Betzel 2019, Deery 2023], and very few studies utilize dynamical approaches to study how these

networks change over time [Shappell 2019, Scheinost 2019]. Dynamical approaches are able to go beyond

the overall trends of what changes are occurring over time to address questions of underlying patterns in the

system. These dynamics can begin to reveal how changes occur rather than just what changes occur over

long timescales.

1.3 Network Dynamics

This project is designed to contribute to filling this gap in the literature by utilizing a dynamical approach to

studying brain networks over time. There are several methods for studying long-term network dynamics in

networks of other complex systems, most especially in social networks. These approaches include longitudinal

network models [Duxbury 2023], event-based models [Leifeld 2015, Duxbury 2023], and simulation models
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[Welch 2011, Zhang 2019]. Each of these approaches has different advantages, limitations, and assumptions.

Understanding these allows for the selection of an approach to apply to brain networks. Longitudinal network

models are able to integrate several complex network behaviors and test specific hypotheses, but include

strong assumptions and a discrete timescale [Duxbury 2023]. Event-based models are also able to integrate

several complex network behaviors and use a continuous timescale, but require knowledge of specific network

changes [Leifeld 2015, Duxbury 2023]. Simulation models are highly customizable and explanatory for any

kind of network, but are difficult to tune and sensitive to initial assumptions [Welch 2011, Zhang 2019]. All

of these approaches attempt to explain complex dynamics on the network. For this work, a longitudinal

network approach was selected for its explanatory power, testability, and dataset compatibility. Specifically,

the stochastic actor-oriented model (SAOM) was selected [Snijders 2010, Kim 2017]. This model postulates

a set of factors that drive change on the network. The goal of this work is to apply the SAOM to brain

networks, specifically, functional and structural human brain networks in an aging population.

1.4 Aging

Human brains experience many changes throughout the lifetime. Recent research has brought insight into

the changes in brain structure and function in later life [Tomasi 2012, Dai 2014, Brier 2014, Chan 2014,

Betzel 2014, Sala-Llonch 2015, Zuo 2017, Soman 2020, Deery 2023, Schulz 2024, Jauny 2024, Ranasinghe 2024,

Kalpouzos 2025]. Understanding these changes dynamically is essential as populations in Canada and other

peer nations continue to age [Public Health Agency of Canada 2020]. More individuals will experience the

effects of age, and more resources will be required for the care of this population. Additionally, 6.3% of

adults 65 and older live with cognitive impairment [Canadian Insitute for Health Information 2018]. This

disability has a profound impact on the lives of these individuals, and more insight is needed to understand

the progression of this disease.

High-level studies of brain networks across the lifespan have revealed several consistent patterns [Bet-

zel 2014, Zuo 2017, Deery 2023]. Structural and functional networks tend to show decreases in modularity

and global efficiency with age, reflecting a shift toward less segregated and more integrated network organi-

zation [Betzel 2014, Deery 2023]. These changes are interpreted in the context of dedifferentiation theories,

which suggest that functional specialization diminishes with age [Chan 2014].

Studies of cognitive impairment have identified consistent patterns of structural and functional network

disruption. Networks in individuals with Mild Cognitive Impairment (MCI) often show decreased modularity,

reduced global efficiency, and altered hub connectivity compared to their same-aged peers, reflecting a

breakdown in the balance between segregation and integration [Dai 2014, Brier 2014, Ranasinghe 2024].
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Together, these patterns provide a foundation for understanding long-term network changes and further

motivate the application of the SAOM to investigate how these networks age and how diseases like MCI

progress dynamically.

This project attempts to fill a gap in our understanding of long-term brain dynamics by applying the

stochastic actor-oriented model to functional and structural brain networks. This project will develop models

of network change in aging to provide greater insight into aging and cognitive impairment.

1.5 Research Objectives

The goal of this project is to develop a set of longitudinal models of network change in the aging brain. To

achieve this goal, the specific objectives are as follows,

1. Develop a data-driven procedure for deriving factors in SAOM and evaluate the procedure on a simu-

lated dataset.

2. Apply the procedure to functional and structural aging brain data to derive models of network change

over time.

3. Analyze and compare the resultant longitudinal models to demographic measures of impairment, sex,

and age to understand the models in the context of aging and neurodegenerative illness.
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Chapter 2

Background

This project, as with most interdisciplinary projects, requires background from a number of sources, in-

cluding physics, neuroscience, mathematics, and computer science. I have included in this chapter relevant

background information while keeping in mind the greater complexities of the subject matter in all categories.

This project is focused on building models of change using brain imaging data. The overall models are

highly complex and require careful consideration of the measurements, assumptions, and applicability at

each level of complexity. I will begin by discussing the imaging data itself and the physical elements being

measured. Second, I will discuss the unique advantages and assumptions of the formation of networks from

this imaging data. I will, then, explore the measurements, assumptions, and applicability of the model-

building approaches. The models in this project are stochastic models, which require stochastic approaches

to various components of the models. Therefore, I will discuss the background of stochastic models generally

and the relevant stochastic approaches applied in the models of this project.

2.1 Brain Imaging

Non-invasive imaging techniques have been utilized for decades to better understand the structure and

function of the brain. Since these techniques are non-invasive, a larger diversity of populations may be

studied. In our research, we utilized functional magnetic resonance imaging (fMRI) and diffusion tensor

imaging (DTI) to access information about the function and structure of aging brains. In this background

section, I will discuss how these imaging techniques work, their history, and their current use in research in

order to answer a basic question—how are these imaging techniques able to retain functional or structural

information about the brain? Additionally, this section will underpin many of the actions that are required

during data preprocessing (Chapter 3).
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2.1.1 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) forms the basis of both fMRI and DTI. The premise of MRI images is

that the behavior of molecules differs in various kinds of tissues in the body. Knowing that tissues produce

different signals under the electromagnetic conditions of an MRI machine allows for the building of an image

from the measured values. Different MRI sequences are used to produce different kinds of images, like those

for fMRI and DTI; however, they all contain a few important components. These components occur in

various combinations in the different MRI sequences.

MRI begins with the introduction of the main magnetic field (B0) along the body (z-axis), which influences

the magnetic moments of atoms. In B0, these atoms will have a net magnetization vector that is in the

direction of the magnetic field, and the procession of these atoms will be at a set frequency. The frequency

of these atoms is dependent on the magnetic field and the type of atom, but not on the type of tissue being

imaged. This frequency is referred to as the Larmor frequency,

f0 = γB0 (2.1)

where γ is the gyromagnetic ratio for the specific atom (in most cases, we will be discussing hydrogen

γ = 42.58 MHzT−1).

So far, no signal is produced as there is no transverse magnetization, magnetization perpendicular to B0.

A radiofrequency pulse equal in frequency to the Larmor frequency is introduced. This induces resonance;

the atoms will flip to contain some transverse component. Radiofrequency pulses in MRI are often titled

after the flip angle by which the pulse changes the net magnetization vector. The flip angle is directly

dependent on the duration of the pulse. A 90° pulse will induce the maximum transverse magnetization, and

other flip angles are often used to save scanning time [Bernstein 2004].

Once a radiofrequency pulse is applied, the process of relaxation can be split into two components—T1

relaxation, the recovery of longitudinal magnetization, and T2 relaxation, the loss of transverse magnetization.

T1 relaxation, or the recovery of longitudinal magnetization, is highly dependent on the type of tissue

to which the atom belongs. T1 relaxation occurs under spin-lattice interactions. These are the interactions

between the atoms of interest and other materials in the tissue. T1 refers to the time that it takes for 63%

of the longitudinal magnetization to recover after a 90° radiofrequency pulse. The direct measurement of

T1 relaxation is not possible as only transverse magnetization is measurable. However, upon a repetition of

another 90° pulse, only the recovered longitudinal magnetization will be impacted by this second pulse, and

the contrast between various tissues will be measurable. The time to repetition, TR, refers to the time at

which the second 90° pulse is applied.
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Figure 2.1: Comparison of T2 curves. In this graph, reproduced from Denck [Denck 2022], the differences
between the T2∗ decay and the T2 decay, demonstrating the more rapid decline of the T2∗ curve due to
magnetic heterogeneity.

T2 relaxation, or the loss of transverse magnetization, is the process by which the atoms fall out of

phase with one another. It is also highly dependent on the type of tissue to which the atom belongs and

is considered independent of the T1 relaxation. There are two different values of T2: T2 and T2∗. T2∗

refers to the time that it takes for 63% of the transverse magnetization to be lost after a 90° radiofrequency

pulse under free induction decay. This, however, includes the relaxation of transverse magnetization due

to spin-spin interactions as well as due to magnetic field heterogeneity. Magnetic field heterogeneity refers

to any local distortions in the magnetic field due to the scanner, magnetic materials in the body, or local

magnetic fields from nearby atoms. T2∗ shows a very rapid decay in the transverse magnetization, which is

often unwanted in the creation of MRI images. Figure 2.1 shows the differences between T2∗ decay and T2

decay [Denck 2022].

T2∗ effects can be compensated for to better reflect the T2 curve, or the loss of transverse magnetization

under spin-spin interactions alone. This is the interaction between the atoms of interest and themselves.

Compensation is done through a 180° radiofrequency pulse, which reverses the positions of differing decay

rates so that faster decaying atoms are forced to catch up with slower decaying atoms. Thus, at a time after

the 180° pulse equal to the time between the 90° and 180° pulses, all the decaying atoms will be in phase

once again. This time is referred to as the time to echo or TE, and it is when the signal is measured. This

eliminates the effects of magnetic field heterogeneity, which creates those faster and slower decaying atoms.

As previously stated, different MRI sequences will adjust components, like TR and TE, in order to access

relevant information. A shorter TR and TE will mean that most of the contrast between tissues is due to

the T1 curve. This is called a T1-weighted image. A longer TR and TE will mean that most of the contrast

between regions is due to the T2 curve. This is called a T2-weighted image.
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Figure 2.2: Timing diagram for the spin echo sequence used in MRI. This diagram shows the radio
frequency pulses (RF), the slice selection gradient (SSG), the frequency encoding gradient (FEG), and the
phase encoding gradient (PEG). This figure was adapted from those shown in these tutorials [Nel 2023].

When a radiofrequency pulse is applied, the signal measured is the net magnetization vector, meaning that

all the spatial information is lost. Spatial encoding is done for each of the three spatial axes by introducing

gradients at different times in order for the signal to contain unique information about all three axes that

may be decoded. The z-axis introduces the slice selection gradient (SSG), the x-axis introduces the frequency

encoding gradient (FEG), and the y-axis introduces the phase encoding gradient (PEG); each encodes on a

different component of the signal. Figure 2.2 shows the spin echo sequence that is used for anatomical MRI

scans that are required for coregistration of the fMRI and DTI images.

The slice selection gradient (SSG) is applied along the z-axis, meaning that instead of all areas of the

body along the z-axis experiencing a magnetic field B0, regions on one end of the axis will experience a

higher magnetic field. In applying this gradient, it means that only a certain slice of the z-axis will have a

Larmor frequency that matches the radiofrequency pulse. Thus, only that narrow slice will have resonance

and produce a signal. As a result, particular slices of the z-axis can be selected by applying a radiofrequency

pulse that corresponds with the Larmor frequency of that slice.

The frequency encoding gradient (FEG) is applied along the x-axis during the time surrounding TE,

varying the frequency of the signal along that axis. The measured signal collected multiple times around

TE is then a summation of different frequency signals; thus, one can apply a Fourier transform to separate

which parts of the signal are coming from which column of the slice.

The phase encoding gradient (PEG) is applied along the y-axis between the 90° pulse and the 180° pulse;

however, these differing phases cannot be measured in isolation, only in comparison to each other. Thus,
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different strength phase encoding gradients are applied upon repeated 90° pulses at TR.

The frequency encoding gradient measures and the phase encoding gradient measures can be combined

into an image known as k-space, where a 2-dimensional Fourier transform can be applied in order to decode

the gradient values and calculate the signal value for each location (voxel) in the image.

The spatial resolution of an image can be understood from the protocols of spatial encoding. Specifically,

the z-axis spatial resolution is determined by the number of slices into which the z-axis is split. The x-axis

spatial resolution is determined by the number of measurements taken during the recording at TE. The

y-axis spatial resolution is the number of phase alteration measures. Other sequences and protocols are used

to obtain different types of information, like those in fMRI and DTI. Understanding these protocols will

elucidate how they encode functional and structural information.

2.1.2 Functional Magnetic Resonance Imaging

One may notice that, in the original spin echo sequence, there is no temporal information that is encoded,

and the protocols of the spin echo sequence require multiple radiofrequency pulses in order to collect all the

spatial information. In order to encode functional information, as is done in fMRI, the sequence of collecting

MRI information is altered to obtain temporal information and utilize a convenient reality about physiology

and blood cells.

Cells in the body, including neurons, require oxygen in order to perform their various functions. Oxygen

is transferred to neurons by red blood cells traveling through a network of arteries and veins. However, the

amount of oxygen going to various neurons in the brain is not constant; it fluctuates during different cognitive

and behavioral activities. These changes alter the ratio of oxygenated blood to deoxygenated blood. The first

major assumption of fMRI is that changes to the amount of oxygen going to a particular region indicate

greater activity in that region. This is a well-established theory with significant evidence from both the

understanding of metabolic biology [Davis 1998, Thompson 2018] and correlations with other measurements

of brain activity [Uğurbil 2003, Kim 2004]. It is important to note, therefore, that fMRI does not measure

brain activity directly and instead relies on the metabolic consequences of brain activity.

When a neuron is more active, the blood vessels near that neuron dilate to allow greater amounts of

oxygenated blood to flow, even more than is required for that neuron to fire as often as it does during

the activity. Thus, it is found that the ratio of oxygenated blood to deoxygenated blood both upstream

and downstream of a neuron increases with increased activity. This allows for measurement of the ratio of

oxygenated to deoxygenated blood to remain meaningful even when the spatial resolution is not near the

neuronal level.
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Figure 2.3: Timing diagram for the echo planar sequence used in fMRI. The diagram shows the
radio frequency pulses (RF), the slice selection gradient (SSG), the frequency encoding gradient (FEG), and
the phase encoding gradient (PEG). This figure was adapted from those shown in these tutorials [Nel 2023].

Red blood cells have a molecule called hemoglobin, which binds to oxygen molecules in order to carry

oxygen to cells throughout the body. Hemoglobin relies on an atom of iron, which binds to the oxygen.

In oxygenated blood, there are oxygen molecules bound to the iron in the hemoglobin, making the entire

molecule less paramagnetic than its deoxygenated counterpart. This means that there is a disruption to the

magnetic field when there is a higher proportion of deoxygenated blood.

This has major ramifications for the use of MRI to detect activity in the brain. Recall that when discussing

the T2∗ curve vs. the T2 curve, it is seen that the T2∗ curve under free induction decay is impacted by

local alterations to the magnetic field (Figure 2.1). The local magnetic field distortions in deoxygenated

blood are seen in the T2∗ decay and allow for the measurement of contrast between moments of higher brain

activity, with lower distortions from deoxygenated blood, and moments of lower brain activity, with higher

distortions from deoxygenated blood. Thus, the MRI sequence for fMRI is specifically designed to measure

during the T2∗ decay and eliminate the 180° pulse to re-phase. This allows for a level of temporal resolution

not possible in the traditional spin echo sequence, but does sacrifice some of the spatial resolution as there

is only a shortened version of the spacial encoding procedures that discriminate the x and y axes.

In Figure 2.3, the sequence for fMRI is presented. This sequence is known as the echo planar sequence.

It retains all the required parts of the scan, but on a much faster timescale. The temporal resolution is

often worth the losses in spatial resolution in fMRI, especially when there is a regular anatomical image with

which the fMRI data can be registered.
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The data collected in fMRI is considered functional because it is connected with brain activity rather

than just brain structure. Often, these kinds of scans are conducted when a participant is engaged in a

task or activity, and the fMRI data indicate which regions are more active during that task or activity.

The scans in this project are, instead, conducted in the resting state where individuals are not asked to

complete any tasks during scanning. The resting state is viewed as a measure of spontaneous brain activity

and connectivity in the absence of targeted behavior [Gonzalez-Castillo 2021] and has been used in many

studies of functional brain networks [Egúıluz 2005, Bassett 2006].

It is important to note that the temporal resolution is on the scale of a few seconds and cannot be

considered instantaneous. This resolution comes both from the fact of measuring a metabolic consequence of

brain activity and from the realities of the spatial encoding that, while improved in the echo planar sequence,

remain a drag on temporal resolution.

2.1.3 Diffusion Tensor Imaging

The second form of MRI used in this project is diffusion tensor imaging (DTI). This is a measure of structural

information about the brain that can be formed into a network. DTI relies on the physical structure of axons

and their interaction with water molecules.

The brain is made of neuronal cells, which have a number of components, including the axon, the elongated

portion of the neuron that transports signals from one location to another inside the brain. Axons make up

a large proportion of the neuron’s size and volume [Muzio 2025]. Thus, one can understand the connectivity

between regions by viewing the pathways created by the axons, especially in the axon-dense white matter of

the brain.

There is a lot of water in the human body, including inside the brain. This water serves many purposes,

including acting as a solvent of ions essential for the electrical properties of the brain [Kimelberg 2004]. The

water molecules are constantly undergoing small movements and fluctuations known as Brownian motion;

however, the molecules are not free to move in any direction. The motion, considered random when unim-

peded, can be restricted by non-permeable membranes. In this case, the net movement would not be zero,

but would be greater in the direction of the membranes. Axons, coated in fatty myelin sheaths, impede the

random motion of water molecules, meaning that water is more likely to move along the axon than across

the axon [Aung 2013]. This kind of movement is called anisotropic, because it is restricted in direction.

MRI machines are able to detect this restriction in movement using a new form of the echo planar sequence

where the 180° pulse is reintroduced. This new sequence introduces more gradients on various directional

axes (in order to do tensor analysis, there must be six directions). A gradient is introduced before the 180°
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Figure 2.4: Timing diagram for the echo planar sequence used in DTI. The diagram shows the
radio frequency pulses (RF), the slice selection gradient (SSG), the frequency encoding gradient (FEG), the
phase encoding gradient (PEG), and the diffusion gradient (DF). This figure was adapted from those shown
in these tutorials [Nel 2023].

pulse, and a second equivalent gradient is introduced after the pulse. The second gradient is considered

equal and opposite of the first gradient due to the reversal of the procession after the pulse. These diffusion

gradients (DG) are far stronger than those introduced for spatial encoding. Under free induction decay

(before the 180° pulse), some molecules will be processing faster than others. If the molecules experience the

equal and opposite magnetic field before and after the pulse, they will follow the original T2 decay curve.

However, if the molecules are free to move, they may not experience the equal and opposite magnetic field

before and after due to moving into a different part of the gradient. Thus, molecules that are less restricted

in their movement along the given axis will lose their transverse magnetization faster and produce a lower

signal. Figure 2.4 shows the echo planar sequence for DTI with a new line labeled DG that shows the timing

of the diffusion gradients.

DTI measures structural information as the shape of the axons affects the way in which the water

molecules are able to diffuse. It is important to understand that DTI does not image to the scale of single

axons, but instead represents the general tracts along which motion is more limited by axons. DTI is a well-

established measure of the tract structures in the brain and has been confirmed in other kinds of anatomical

analyses [Conturo 1999, Wakana 2004]. The connections between structural and functional connectivity, as

well as the ways in which this connectivity changes over the lifetime, remain open areas of research, so the
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networks that are formed from fMRI and DTI scans represent a strong dataset for the research conducted

here.

2.2 Graph Theory

These networks produced from MRI images are prime candidates for analysis using graph theory. Graph the-

ory is a branch of mathematics that began in the 18th century to study problems of connectivity [Euler 1741].

The field has since expanded to applications across many disciplines [Biggs 1986, Gross 2005].

The object at the core of graph theory is that of a graph, or network, containing nodes, the components

of the network, and edges, the connections between those components. The networks that can be studied

in graph theory can be weighted, where edges have some continuous scale, or unweighted, where the edges

are binarized. The networks can be directed, where the edges have one-way directionality, or undirected,

where the edges have no directionality. The pattern of edges can be represented as an adjacency matrix of

size NxN where N is the number of nodes in the network. The formation of networks in this manner allows

for the quantification of the interactions between elements in a system and provides insight into its complex

behaviors.

There are a number of measures that are derived from these networks, which demonstrate the insights that

may be derived from these graphs. Degree, the measure of the connectivity of individual nodes, can highlight

highly connected hubs and lower connected peripheral nodes. The clustering coefficient, the fraction of a

node’s neighbors that are connected, captures the local connectivity and triangle formation in the network.

The path length, a measure of the number of steps on the network between two nodes, can provide insight

into the efficiency of information transfer in the network. Betweenness, the measure of how often a node

appears on shortest paths, highlights nodes that are critical for information transfer on a network. Modularity

and community structure, measures of densely connected subnetworks, may highlight similarities or shared

functions of certain nodes in the network. The ratio of connectivity between communities and connectivity

within communities is referred to as the integration vs. segregation of the network. Measures such as these

contribute to our understanding of overall topology, efficiency, and robustness of networks.

The application of graph theory to neuroscience is a relatively young field and has provided a greater

understanding of the complexity of the brain since around the turn of the 21st century [Sporns 2005,

Egúıluz 2005]. Beginning with studies of structural connectivity [Sporns 2005], the field quickly expanded

to functional connectivity from functional magnetic resonance imaging (fMRI) [Egúıluz 2005, Bassett 2006],

electroencephalogram (EEG) [Reijneveld 2007], and magnetencephalogram (MEG) studies [Reijneveld 2007,

Stam 2009].
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A key insight from these applications includes evidence of small-world topology [Sporns 2005, Bas-

sett 2006, Reijneveld 2007, Stam 2009] where the clustering is high and the average shortest path length

is low. These networks are thought to optimize efficiency and local specialization. Another key insight

is the understanding of the highly connected hubs that are found in the brain, including the precuneus

and posterior cingulate cortex [Hagmann 2007, Buckner 2008]. The final key insight I will highlight here

is the consistency of community structure with subnetworks linked to particular brain functions [Meu-

nier 2009, Power 2011, Yeo 2011, Betzel 2013].

The relationship between functional and structural networks has been an area of research through-

out the study of brains using graph theory [Sporns 2005, Bassett 2006, Hagmann 2008, Honey 2009,

Deco 2011, Hutchison 2013]. Functional and structural networks show highly correlated topology [Hag-

mann 2008, Honey 2009]; however, functional networks demonstrate greater dynamic flexibility beyond

structural constraints [Deco 2011, Hutchison 2013].

Graph theoretical approaches to studying brain networks have been a significant area of research into

both healthy and diseased brain processes. Understanding the connectivity in the brain can highlight emer-

gent network-level properties that can more robustly explain cognitive outcomes. In pathology, these graph

theoretical approaches highlight network vulnerabilities like in hub disruption in Alzheimer’s Disease [Buck-

ner 2008], resilience like in the alternative pathways used after traumatic brain injury [Caeyenberghs 2017],

and compensation, like in the functional reorganization in Multiple Sclerosis [Shirani 2022].

Bridging mathematics and neuroscience through graph theory allows for quantitative comparisons across

individuals, populations, and disease states. This study applies the principles of graph theory to understand

the functional and structural networks in an aging population.

2.3 Stochastic Models

Stochastic models are the types of models that include elements of randomness and uncertainty as features

of the models themselves [Taylor 2014, Lanchier 2017]. These are important tools of complexity science and

demonstrate promise in filling the gap in the research surrounding the dynamics of brain networks at longer

timescales. Stochastic models describe systems where the outcomes are probabilistic rather than determinis-

tic, incorporating real-world elements like randomness, uncertainty, and noise [Taylor 2014, Lanchier 2017].

These models have a unique ability to capture the variability of complex systems and give insight into

behaviors that are often obscured by uncertainty. Stochastic models are used in a variety of complex sys-

tems, including weather and climate [Franzke 2015], ecology [Marrec 2023], and economics [Madan 2010].

These models are often able to capture the noise of the real world and simulate emergent phenomena [Tay-
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lor 2014, Lanchier 2017].

Stochastic models present unique challenges through computation, statistical power, and complexity

trade-offs. These models must strike a balance between oversimplification and overfitting in order to best

address the questions that are posed [Taylor 2014, Lanchier 2017]. These models are, by their nature,

not entirely mechanistic nor do they provide the neat predictions of deterministic models; however, they

provide insight into the various levels of complexity, clarity to underlying phenomena, and understanding of

emergence in complex and varied real-world systems.

2.3.1 Stochastic Actor-Oriented Model

The stochastic actor-oriented model (SAOM) is a specific stochastic model that draws on longitudinal data

to describe the factors that drive change on the network [Snijders 2010]. This model was developed by Tom

Snijders in 1996 [Snijders 1996]. He and his colleagues have since developed resources for the implementa-

tion of these models on various networks, including the R-based software for Simulation Investigation for

Empirical Network Analysis (RSiena) [Lospinoso 2019, Snijders 2024, Snijders 2025]. The original design of

the SAOM was to study social networks and the person-driven mechanisms of changes to that network that

produce emergent social phenomena over time. These models have been applied widely not only to various

interpersonal social networks [Stadtfeld 2015, Quintane 2013, Lewis 2012], but also animal [Fisher 2017], fi-

nancial [Xing 2023], and macro social networks [Mohrenberg 2017]. It is evident from these applications that

the SAOM is able to be applied to many kinds of networks with careful consideration of the interpretation.

The factors in the model are often pulled directly from graph theoretical measures such as degree and

betweenness to incorporate network interaction into the mechanism of network change [Snijders 2010]. By

quantifying node-level mechanisms that impact network evolution, the SAOM is able to connect node-level

decisions with emergent phenomena.

The next two sections will discuss the theoretical principles of the SAOM, including the continuous-time

Markov chain, which forms the basis for time handling in these models, and the stochastic approximation

methods, which are utilized to estimate and evaluate parameters in the model.

2.4 Continuous-Time Markov Chain

The models utilized in this project conduct time handling based on the continuous-time Markov chain.

A Markov chain is a stochastic model that describes the probability of various states and the transitions

between them. Fundamental to the Markov chain is the notion that probabilities only depend on the current

state and not on any previous states. For example, if I begin in state a then transition into state b, the
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next transition is affected only by being in state b with no memory of ever having been in state a. This

memorylessness is known as the Markov property.

The Markov chain can be represented as a matrix (A) of probability values that describe the likelihood

of transitioning to one state given the current state . The row represents the current state, while the column

represents the potential next state. The diagonal values of this matrix are meaningful in that they describe

the probability of remaining in the current state and not making a transition.

This can then be applied across multiple time steps where the probability of transitioning from state a

to state b can be represented as,

Pr(Xb|Xa) = Aab (2.2)

The subsequent transition to say state c is ignorant of the original state (a). Thus, that probability is only

dependent on the current state (b). If we would like to write the probability of getting from statea to state c

in two time steps, we need to consider all the ways that it could get there (in an example with just 3 states

this would be a → a → c, a → b → c, a → c → c). This can be written as,

∑
n

Pr(Xn|Xa)Pr(Xc|Xn) =
∑
n

AanAnc (2.3)

To generalize, it can be shown that transitioning from any state to any other state in two time steps

can be represented by squaring the original matrix. This can be even further generalized to show that the

original matrix A raised to a power s is the set of probabilities of transitioning between states in s time

steps.

P (s) = As (2.4)

However, this representation is limited to discrete time steps rather than a continuous timescale. Thus,

it is necessary to adjust our understanding of this concept. The following probability relationship can be

derived from the conclusions drawn about the discrete-time Markov chain for changing the number of time

steps.

P (m+ n) = AmAn = P (m)P (n) (2.5)

The relationship between subsequent probabilities (P (m)P (n)) can be applied to the definition of a deriva-

tive, and, with some knowledge of differential equations, we say something about the probabilities in the

continuous-time regime.

dP (t)

dt
= lim

δt→0
P (t)

P (δt)− I

δt
(2.6)
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where I is the identity matrix.

dP (t)

dt
= P (t)Q (2.7)

P (t) = eQt (2.8)

This is the probability of particular transitions after some time t has elapsed.

The question remains — what does the value Q really represent and how might it be defined within the

model? From Equation 2.6,

Q = lim
δt→0

P (δt)− I

δt
(2.9)

This equation indicates that Q is the rate of transitions between various states. If λab is the rate of transition

between state a and state b, the Q rate matrix (with 3 states) would be,

Q =


−λab − λac λab λac

λba −λba − λbc λbc

λca λcb −λca − λcb

 (2.10)

With this understanding, the continuous-time Markov chain can be split into two equations, which both

follow the Markov property. The first is the holding-time distribution, and the second is the jump-chain

probability. These two equations together describe the non-uniform time between changes in state and the

probability of particular transitions.

The holding-time distribution can be derived from Equation 2.8. Instead of viewing the decision as the

transitions from any state to any other state, the holding-time distribution describes the probability of the

binary choice between making or not making any transition. This utilizes the diagonal values of the matrix

eQt in the probability equation 2.8, which indicate the probabilities of not making a transition, after some

time t, given a current state. Thus, the probability of making any transition at any point in time span, t,

given a current state (in this case state a) would be,

Pa(t) = 1− eQaat = 1− e(−λab−λac)t (2.11)

This is the cumulative distribution function of the exponential distribution with a mean of 1/ (λab + λac).

All this means that the time between transitions follows an exponential distribution, a memoryless distribu-

tion.

The jump-chain probability (J) can be derived conceptually from the matrix Q. This is the probability

of making a particular transition (in this case state a to state b) at some instantaneous time, t. This can be
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defined as the conditional probability of being in state b at time t + δt given not being in state a at time

t+ δt and being in state a at time t as δt goes to zero.

Jab = lim
δt→0

Pr(Xt+δt = b|Xt+δt ̸= a,Xt = a) (2.12)

This can be rewritten as,

Jab = lim
δt→0

Pr(Xt+δt = b,Xt+δt ̸= a|Xt = a)

Pr(Xt+δt ̸= a|Xt = a)
(2.13)

This can be interpreted as the rate of going from state a to state b divided by the rate of changing from

state a to anything which can be pulled directly from the matrix Q. Thus,

Jab =
λab

λab + λac
(2.14)

This is sometimes called the embedded Markov chain, which behaves similarly to a discrete-time Markov

chain, which is, of course, memoryless. The Markov property of memorylessness is a common approach for

simplifying highly complex systems for modeling [Kampen 1992, Levin 2009, Gardiner 2010]. The continuous-

time Markov chain is the basis for the time handling in the SAOM.

2.5 Stochastic Approximation

In the implementation of the SAOM, the weights of the various factors are estimated through stochastic

approximation—specifically, the method involves the generalized method of moments and the Robbins-

Monro algorithm. The adaptation utilized in the SAOM is already implemented in Rsiena; I will lay out the

theoretical and computing principles here to better connect these concepts with the goals and limitations of

the derived models.

2.5.1 Generalized Method of Moments

The generalized method of moments (GMM) is a method for estimating parameters. It is used in the

estimation of the SAOM factor weights. The GMM is based on the method of moments, which postulates

that, if a population has a mean of µ, then a sample of that population with size n can be used to approximate

that mean µ̂ = 1
n

∑n
i Xi ≈ µ. Similarly, other moments like the variance can be calculated to estimate the

population value for sufficiently large sample sizes (σ̂2 = 1
n

∑n
i (Xi − µ̂)2 ≈ σ2). However, if a greater

number of statistical criteria (moments) are included compared to the number of parameters for which we

are solving, there is no exact solution. The GMM simultaneously minimizes the divergence of these criteria.
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The goal is to estimate the parameters, θ̂, based on a sample by minimizing the criteria in a function g.

The function g of true parameters θ∗ can be defined where,

E[g(θ∗)] = 0 (2.15)

The function g contains the moment criteria to be minimized. This expectation generally cannot be measured

directly, so a sample, X, of n values can yield a sample mean, ḡ,

ḡ(θ) =
1

n

n∑
i

g(Xi, θ) (2.16)

The estimation of parameters, θ̂, generalizes the minimization condition of the method of moments, the

deviation of ḡ from zero. This yields,

θ̂ = argmin
θ

(Q(θ)) (2.17)

Q(θ) =
∣∣∣∣∣∣(ḡ(θ)− 0)

2
∣∣∣∣∣∣
W

= ḡ(θ)⊤Wḡ(θ) (2.18)

where W is the optimal weighting matrix for the quadratic form (weighting of particular criteria over others).

Further manipulation of these equations and the introduction of some statistical principles can yield

the covariance matrix Σθ̂ and the standard errors SE(θ̂) of the estimated parameters. This is done by

applying the first-order condition and the central limit theorem to describe the asymptotic behavior of the

θ̂ distribution. The first-order condition states,

∂Q(θ)

∂θ
= 0 (2.19)

In this case,

∂Q(θ)

∂θ
= 2D⊤

θ Wḡ(θ) = 0 (2.20)

where,

Dθ =
∂ḡ(θ)

∂θ
(2.21)

Because the value of θ̂ should converge around the true parameter values θ∗. We can perform a Taylor series

expansion of ḡ(θ̂) about the true parameter values θ∗.

ḡ(θ̂) ≈ ḡ(θ∗) +Dθ̂(θ̂ − θ∗) (2.22)

19



Some algebraic rearranging and combining of Equations 2.20 and 2.22 yields,

(θ̂ − θ∗) ≈ (D⊤
θ̂
WDθ̂)

−1D⊤
θ̂
Wḡ(θ∗) (2.23)

Now the central limit theorem can be applied to two different distributions to describe the asymptotic

behavior of the θ̂ distribution. First, the distribution of ḡ(θ∗) should converge to a normal distribution with

an expectation value of zero and a variance of Σθ∗ = E[g(θ∗)g(θ∗)⊤].

√
n(ḡ(θ∗))

d−→ N (0,Σθ∗) (2.24)

Second, the distribution of our estimation of the parameters (θ̂ − θ∗) should also converge to a normal

distribution with an expectation value of zero and a variance of Σθ̂−θ∗ ,

√
n(θ̂ − θ∗)

d−→ N (0,Σθ̂−θ∗) (2.25)

Σθ̂−θ∗ = (D⊤
θ̂
WDθ̂)

−1D⊤
θ̂
WΣθ∗WDθ̂(D

⊤
θ̂
WDθ̂)

−1 (2.26)

Σθ̂−θ∗ is calculated from Equation 2.23 and the central limit theorem. In practice, however, the value of

Σθ∗ cannot be measured directly, so we use the sample value of Σ̂θ̂, which is,

Σ̂θ̂ =
1

n

∑
g(Xi, θ̂)g(Xi, θ̂) (2.27)

That value is then used in the calculation of Σθ̂,

Σθ̂ = (D⊤
θ̂
WDθ̂)

−1D⊤
θ̂
W Σ̂θ̂WDθ̂(D

⊤
θ̂
WDθ̂)

−1 (2.28)

From there, it is easy to determine the standard errors of the estimated parameters as the square root of the

covariance matrix.

SE(θ̂) =
√

Σθ̂ (2.29)

The GMM forms the statistical basis of the estimation of the parameters in the SAOM. In the next section,

we will discuss the algorithmic basis for the estimation procedure.
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2.5.2 Robbins-Monro Algorithm

The algorithm that utilizes the GMM to estimate the parameters is the Robbins-Monro algorithm. Un-

derstanding this algorithm is essential for understanding the features, challenges, and assumptions of the

models proposed in this project. Stochastic approximation techniques are a set of often-utilized approaches

to optimization and root estimation problems and are especially useful for noisy data. Stochastic approxi-

mation is not exclusive to stochastic models like the SAOM; however, in these models, there is Markovian

noise in addition to the noise from the dataset [Borkar 2006]. This additional noise reaffirms the necessity

of a stochastic approximation approach and presents its own unique challenges.

The algorithm estimates the root (θ∗ ∈ R) of a noisy function M(θ) = α. One could take measurements

of the noisy function at various steps n to produce the random variable Zn ∼ Z(θn) and update the value

theta to be closer to θ∗,

θn+1 = θn + an(Zn − α) (2.30)

The value an is the step size of the procedure and generally is reduced over the course of the estimation as

the value of θ approaches θ∗ [Robbins 1951].

Further updates were incorporated into the algorithm in subsequent papers. Specific to the estimation in

the SAOM, the current equation does not specifically accommodate multivariate approximation and could

still be optimized with the inclusion of Newton-like methods into the equation.

To generalize to multivariate parameters, the Robbins-Monro equation remains the same; however, θ,

Zn, and α all become vectors of length equal to the number of parameters to be estimated.

Further optimization can come from the inclusion of some Newton-like methods. Newton Methods for

estimation utilize the derivative as the updating mechanism for estimation (θn+1 = θn − f(θn)/f
′(θn))

Including some derivative component in the update term improves the convergence speed and efficiency by

rescaling the updates according to second-order information [Blum 1954].

In the multivariate condition, this derivative component is the Jacobian, which not only provides infor-

mation on the scaling of the individual parameters but additional information on the interactions between

parameters. This is very important for convergence when the parameters are not independent from one

another and do not share a scale. If the Jacobian is held constant through the estimation, as is the case in

SAOM, the algorithm equation is,

θn+1 = θn − anD
−1
θ0

(Zn − α) (2.31)

Since the Jacobian is not calculated for each updating step, this algorithm is considered to be a Quasi-Newton

method. This updated algorithm provides the basis for the factor estimation in the SAOM.
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Interdisciplinary work requires one to synthesize information from many fields and track the impact

across the scientific process. This survey of the relevant background information will inform the methods

and results discussed in the rest of this thesis.
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Chapter 3

Methods: Dataset and Network

Construction

The next three chapters will walk through the methodology applied in this project. First, I will describe the

dataset acquisition. Then, I will walk through the framework of the stochastic actor-oriented model. Finally,

I will describe the novel procedures for deriving the models from the dataset. As suggested, this chapter will

focus on data acquisition by introducing the dataset and describing the preprocessing and network formation

for that dataset. We were not involved in the collection of this data from participants, but conducted all the

necessary preprocessing to study it.

3.1 Dataset

Data used in the preparation of this project were obtained from the Alzheimer’s Disease Neuroimaging

Initiative (ADNI) database (adni.loni.usc.edu) [Petersen 2009]. The ADNI was launched in 2003 as a

public-private partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI

has been to test whether serial magnetic resonance imaging (MRI), positron emission tomography (PET),

other biological markers, and clinical and neuropsychological assessment can be combined to measure the

progression of mild cognitive impairment (MCI) and early Alzheimer’s disease (AD). This work pulled data

from phase 3 of the ADNI database (ADNI3) and screened specifically for participants with resting-state

fMRI scans from multiple time points. There are 260 total participants in this dataset. Participants range

in age from 56-92 years old at the age of scanning. Figure 3.1 shows the distributions of diagnosis and sex

in the dataset. The majority of the diagnosed group has some form of MCI and not AD. Therefore, it is
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Figure 3.1: Demographic distributions. This graph shows the breakdown of the participants in the
dataset based on diagnosis (a) and sex (b).

important to put most of the results of this study in the context on MCI.

It is important to note that throughout this work, we will be talking less about individual participants

and more about time windows, i.e., pairs of consecutive scans. Participants all have at least one time window

for fMRI. There are 421 fMRI time windows and 329 DTI time windows.

In order to create networks, the data from the scans had to be registered to an atlas of voxels belonging

to specific brain regions. We selected Schaefer 2018 parcellation as the atlas for both the structural and

functional images [Schaefer 2018]. The version of this atlas we selected has 100 regions and seven functional

subnetworks. We chose to keep the atlas consistent across both types of images so they would remain

fundamentally comparable. It is important to note that the Schaefer atlas is a functional atlas determined

from clustering the resting-state fMRI scans of 1489 healthy adults [Schaefer 2018]. The labels for seven

functional subnetworks that the atlas contains are canonical functional networks from Yeo et al. 2011

[Yeo 2011]. One label is ascribed to each node in the network. Nodes can only be a part of one subnetwork,

and these subnetwork labels are fixed for all participants and time points. Figure 3.2 shows the subnetwork

structure from the atlas. The seven subnetworks are the Visual Network (VN), the Dorsal Attention Network

(DAN), the Salience Ventral Attention Network (SN), the Somatomotor Network (SMN), the Limbic Network
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Figure 3.2: Atlas subnetworks. This shows axial, sagittal, and coronal slices of the Yeo et al. canonical
subnetworks [Yeo 2011] on the Schaefer atlas [Schaefer 2018] for a sample participant.

(LN)1, the Frontoparietal Networks (FPN) (sometimes called the Control Network), and the Default Mode

Network (DMN). The next few sections will go over the preprocessing steps required to get the data in a

usable form for network analysis.

3.2 Preprocessing and Network Formation

Preprocessing is an important step in using any MRI information. It takes the raw images and signals and

corrects for known confounding variables and biases. This process involves spatial and temporal alignment,

coregistration and atlasing, feature extraction, and signal filtering. The preprocessing steps in fMRI and

DTI are distinct. In the next five sections, I will discuss these steps and their impact on the final signal, as

well as describe how networks are formed from the preprocessed signal.

3.2.1 Anatomical MRI Preprocessing

The preprocessing of both fMRI and DTI images relies on high-resolution anatomical scans taken on the

same day as the other scans to aid in the coregistration of the images. Recall that, in order to detect temporal

information, of either oxygenated blood or water molecules, the echo planar sequence compromises on some

of the spatial resolution. However, pairing these lower-resolution images with high-resolution anatomical

scans provides greater spatial detail to the signals. The T1-weighted image is chosen for this anatomical

image because of its strong contrast between grey and white matter in the brain.

These anatomical scans, as well as the fMRI images, were preprocessed with a procedure using the

1Throughout these analyses, the Limbic Network is consistently missing. This is due to this subnetwork only containing five
nodes.
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Figure 3.3: Basic and multiband timing diagram. Figure (a) shows the echo planar sequence for the
basic fMRI scans from the dataset. Each 90° pulse represented on the radiofrequency pulse (RF) line is
for a different slice of the total brain volume. For these scans, there are a total of 48 slices making up one
volume, and the TR to scan the whole brain is 3000 ms. Figure (b) shows the echo planar sequence for the
multiband fMRI scans from the dataset. Each 53° pulse represented on the radiofrequency pulse (RF) line
is for a different slice of the total brain volume. For these scans, there are a total of 64 slices scanned with
a multiband factor of 8, and the TR is 600 ms.
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Statistical Parametric Mapping (SPM) software package (specifically SPM12) [Ashburner 2021]. The first

step is to align the scan with a standard Tissue Probability Map (TPM), which is derived from a large

number of brain images [Ashburner 2021]. This map is in a standard coordinate system used for brain

mapping from the Montreal Neurological Institute (MNI). To align to the TPM, a series of affine transla-

tions prioritizing preserving rigid-body properties is conducted. This alignment process extracts the brain,

removing unnecessary structures like the skull and neck. The scan is then processed to identify the grey and

white matter probabilities for each voxel. Since the scan is now in MNI space and the grey matter has been

identified, it can be mapped to the atlas, which is in the same coordinate system.

3.2.2 fMRI Preprocessing

The fMRI preprocessing involves several steps to correct and map the spatial and temporal information

included in the scan. The first step requires the separation of each scan of the whole brain in the time series

(these are often called volumes). Recall from Chapter 2 that the whole brain cannot be scanned all at once;

for each volume in the time series, several slices of the brain along the z-axis are collected in sequence. This

can be done in two different ways—the basic scan and the multiband scan. This dataset contains both types

of scans, and they must be handled slightly differently.

Both types of scans use the echo planar sequence discussed in Chapter 2 (Figure 2.3). The protocols

for the images in this dataset scan the whole brain in one period of TR. Figure 3.3a shows the basic scan,

where only one slice is measured at a time, and Figure 3.3b shows the multiband scan, where eight slices are

measured simultaneously. These sequences demonstrate the increased spatial and temporal resolution of the

multiband scans. The basic scan has a TR = 3000 ms while the multiband scan has a TR = 600 ms. Thus,

it is clear that the multiband scan has greater temporal resolution due to its shorter time to scan reducing

the time between successive points in the time series. The multiband scan also has greater spatial resolution

because the brain volume is split into 64 slices rather than 48 slices. Finally, and important to our discussion

of preprocessing, the multiband scan has a longer timeseries as both scan are 10 minutes in total length

and the greater spatial resolution does not detract from the temporal resolution gains from parallelization.

Understanding these types of scans is important for understanding the rest of the preprocessing that was

conducted.

After separating out the series of frames, a motion correction is conducted where each frame is matched

to the orientation of the first frame (Figure 3.4a). Translational and rotational adjustments are made to

align the frames through SPM’s spatial reslicing (spm reslice) [Ashburner 2021]. The next step is the slice

timing correction which utilizes the pattern of the slices being scanned during one TR period (Figure 3.3a)
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to adjust the timing of each slice to accurately reflect the difference when the TR period becomes a single

time point in the time series2 using SPM’s slice-timing correction (spm slice timing) [Ashburner 2021] as

seen in Figure 3.4b.

Following those two corrections, all frames of the image are coregistered with the anatomical T1 image.

As previously stated, this allows for some gains in the spatial resolution that are lost through the echo

planar sequence’s time saving techniques. Coregistration requires the resampling of the T1-weighted image

using SPM’s B-spline interpolation functions (spm bsplins and spm bsplinc) [Ashburner 2021]. Then, using

SPM’s normalized mutual information coregistration (spm.spatial.coreg.estwrite) [Ashburner 2021], the

image is registered with the anatomical image (Figure 3.4c), following the same techniques as the motion

correction.

Next, the signal for each voxel is corrected from global trends in the data through the Linear Model of

the Global Signal (LMGS) method using a tool from Paul Macey (cspm lmgs) [Macey 2004]. This correction

is not about small signal fluctuations, which are informative, but about long-term trends across the entire

time series and affecting all voxels. In Figure 3.4d, we can see the global signal (in blue) and the global

signal after the voxels are adjusted for that global trend (in red).

The resulting signals are then mapped to the selected atlas, and the signal for each region is calculated.

This signal is calculated through a grey matter weighted average signal,

Sr(t) =

∑
v∈r GMv(t) · V Sv(t)∑

v∈r GMv(t)
(3.1)

where GMv(t) is the grey-matter probability for the voxel v at time point t and V Sv(t) is the voxel signal for

voxel v at time t. These sums are calculated over all voxels in region r. This leaves a calculated time series

for each of the 100 regions in the atlas. The grey matter weighting is to ensure, even beyond coregistration,

that the signal is calculated for grey matter regions of the brain and not for other regions like white matter

or skull [Carbonell 2011]. This grey matter probability is pulled from the T1-weighted anatomical image.

The last step in the preprocessing before we can start building the networks is to filter the frequencies

using a band pass filter using the Signal Processing Toolbox MATLAB function bandpass [The MathWorks,

Inc. 2023]. This applies both a low- and high-pass filter on the signal. The high-pass filter removes frequencies

that are below 0.01 Hz, which is done to remove fluctuations in the equipment or slow, unrelated physiological

processes. In this way, it extends the filtering conducted by the detrending. The low-pass filter removes

frequencies that are above 0.08 Hz. This filter removes known confounding frequencies like breathing and

2There is some debate on the efficacy of this preprocessing step, especially when it comes to multiband scans which already
have a shortened TR [Sladky 2011, Wu 2011, Parker 2019]. Additionally, when this preprocessing was conducted, the pattern
of slice scanning for the basic scan was inaccurately entered as sequential rather than interwoven. This issue does not appear
to have significantly impacted the resulting networks.
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heartrate, which may conflict with the brain signals that we want to measure. Frequency filtering utilizes

the known frequency ranges of brain activity to filter out frequencies that are unlikely to represent the actual

brain signal [Nieto-Castanon 2020]. The signal before and after filtering for 5 example regions is shown in

Figure 3.4f.

3.2.3 fMRI Network Formation

Once the fMRI signal has been preprocessed, the resulting data is a time series for each of the 100 regions in

the atlas. In order to form a network from this information, the time series are correlated using the Pearson

correlation and creating a correlation matrix. Recall that the basic and mutiband scans have different lengths

of time series. In both of these cases, the entire time series was correlated. As the time series for each region

in one scan is the same length, correlation is possible; the difference is between scans.

The types of models used in this project require binarized networks due to their mechanism of building or

dissolving connections. Thus, some threshold of binarization, grounded in literature balancing over and under

connectivity and the preservation of key network structures [Borchardt 2016, Garrison 2015], must be selected

for these networks. We selected a threshold that produces networks with a 20% density [Borchardt 2016,

Garrison 2015]. This was done regardless of the positive or negative weight of the value, meaning that negative

weights were removed. There is some debate on this topic in the literature [Liu 2017, Murphy 2017], but we

determined that for this initial study of this model-building methodology, ignoring negative weights was a

reasonable choice. Figure 3.4g shows the matrices for one example scan.

Once the matrix is binarized, a network can be formed. The nodes in this network represent brain

regions, and the edges in this network represent the strongest 20% of connections. There are 100 nodes

(N = 100) and about 990 edges (M ≈ 990). These networks are undirected and unweighted. Figure 3.4h

shows an example of the network as represented on a standard brain. The next few sections will discuss the

preprocessing and network formation of the structural (DTI) images.

3.2.4 DTI Preprocessing

The DTI preprocessing procedure is a similar procedure to the fMRI preprocessing procedure, with a few

unique steps. DTI preprocessing was conducted using FMRIB Software Library (FSL) [Woolrich 2009,

Smith 2004] and MRtrix3 [Tournier 2019]. The steps follow closely the tutorial from Andy Jahn [Jahn 2022].

The first step in DTI preprocessing is noise correction using Marchenko-Pastur PCA through the MRtrix3

denoise function (dwidenoise) [Tournier 2019] and a Gibbs artifact correction through the MRtrix3 degibbs

function (mrdegibbs) [Tournier 2019]. The first row of Figure 3.5a is a frame from the original images,
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Caption for this image is on the following page.
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Figure 3.4: fMRI preprocessing. This schematic shows the preprocessing steps for the fMRI data. The
images and graphs were produced from a single participant and a single scan in the dataset as an example.
This was a basic (not multiband) scan. Figure (a) shows the motion correction, including sample images
and the graphs on the types of motion correction done for each volume in the time series. Figure (b)
demonstrates the slice timing correction pattern. Figure (c) shows the coregistration of the first fMRI
volume with the original T1-weighted image. Figure (d) shows the detrending correction as produced by
the detrending function. Figure (e) shows the atlas applied to this specific brain. Figure (f) shows five
sample regions before and after frequency filtering. Figure (g) is the original correlation matrix (left) and
the binarized correlation matrix (right). The scale for the original matrix is from -1 to 1. These matrices are
symmetric with size 100x100. The labels on the x-axis show the canonical subnetworks. Figure (h) shows
the full binarized brain network for this participant, with the colors on the nodes representing the different
subnetworks. Figure (h) was produced with BrainNet Viewer [Xia 2013].
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and the second row shows the same frame after the correction. Gibbs artifacts are a consequence of the

Fourier transform from the signal collection around TE. In high-contrast areas, the number of phase-

encoding gradients can create ring-like artifacts in the image [Veraart 2016]. No particular Gibbs artifacts

were found in this scan, though these effects may be visually subtle. The Gibbs correction is not included

in fMRI preprocessing because of the lower spatial resolution and the dominance of other kinds of noise

[Veraart 2016, Power 2015]. The second step in the DTI preprocessing is a motion correction that aligns

all frames with the first frame of the scan (Figure 3.5b). Recall that DTI, similar to fMRI, has a temporal

component in order to track the motion of water in the brain; thus, a motion correction is a necessary step.

The motion correction follows the same kinds of translations to align all frames with the first frame as with

fMRI; however, this time FSl’s eddy tool was utilized (dwifslpreproc) [Woolrich 2009, Smith 2004]. The

next step in the preprocessing procedure is a correction for bias (Figure 3.5c), which corrects for machinery

inhomogeneities. The MRtrix3 function dwibiascorrect performs a B1 field inhomogeneity correction using

the N4 algorithm provided by Advanced Normalizations Tools (ANTs) [Avants 2011, Tournier 2019].

The next step is to estimate the fiber directions from the diffusion information using a process called

constrained spherical deconvolution. This begins with estimations of the white matter, grey matter, and

cerebrospinal fluid response functions using MRtrix3’s response function estimation tool with the Dhol-

lander method (dwi2response dhollander) [Dhollander 2016, Tournier 2019]. This is followed by the

deconvolution using MRtrix3’s fibre orientation distribution function (dwi2fod msmt csd) [Jeurissen 2014,

Tournier 2019]. A sample of the fiber orientation distribution is shown in Figure 3.5d. This is the step that

collapses the information from all the frames of the DTI scan into a voxel-wise representation of the diffusion

information.

The next step in this process is to coregister with the T1-weighted anatomical image (Figure 3.5e).

This procedure is run with the raw anatomical image to apply the specific tissue boundary extraction to

distinguish the types of brain tissue using FSL tools (5ttgen fsl) and to coregister with the anatomical

image using FSL’s function flirt to perform the rigid-body alignment and nearest-neighbor interpolation

[Woolrich 2009, Smith 2004]. With the fiber orientation distribution and the known white and grey matter

tissue, it is possible to determine the streamlines across the axon-dense white matter of the brain from grey

matter regions to grey matter regions. This was conducted through anatomically-constrained tractography

and refined to prevent overfitting through MRtrix3’s streamlines generation and refinement tools (tckgen,

tckedit, and tckshift2) [Smith 2012, Tournier 2019]. One participant’s example streamlines are shown in

Figure 3.5f.

The final step in the DTI preprocessing procedure before network formation is applying the atlas to

the streamlines image and to calculate the connectome using the MRtrix3’s connectome generation tool
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(tck2connectome) [Tournier 2019]. As stated, we used the same atlas for the structural data as we did for

the functional data [Schaefer 2018].

3.2.5 DTI Network Formation

As a result of the preprocessing procedure, the number of streamlines between the 100 regions of the atlas

can be determined. This gives us the first connectome matrix in Figure 3.5h. In the same way as the

functional correlation matrix, a 20% density threshold was then applied to the original connectome to create

a binarized connectome. This is the second matrix in image 3.5h. These binarized connectomes represent

the structural networks utilized in this project, and one example network is show in Figure 3.5i using the

BrainNet Viewer software [Xia 2013]. The structural networks created from the DTI images are undirected

and unweighted with 100 nodes (N = 100) and about 990 connections (M ≈ 990). These were designed to

be comparable to the fMRI networks.

3.3 Conclusion

This chapter walked through the dataset acquisition and preprocessing to create the functional and structural

networks that are utilized in this project. Drawing from fMRI and DTI networks in the ADNI dataset,

consecutive networks are paired to create the longitudinal time windows that will be used to investigate the

stochastic actor-oriented models (SAOMs) of aging brain networks. The next two chapters will cover the

SAOM framework and the model derivation procedure.

33



Caption for this image is on the following page.
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Figure 3.5: DTI preprocessing. This schematic shows the preprocessing steps for the DTI data. The
images and graphs were produced from a single participant and a single scan from the dataset as an example.
Figure (a) shows the correction for noise and Gibbs artifacts across volume points (only one volume is shown).
Figure (b) shows the motion correction. Figure (c) shows the correction for bias. Figure (d) shows a single
zoomed-in image where the fiber orientation is found for each voxel in the image. The small marks show
the direction detected for that voxel. Figure (e) shows the coregistration with the T1-weighted anatomical
image. Figure (f) shows the streamlines as found through the tractography algorithm. Figure (g) maps the
scan to the selected atlas. Figure (h) is the original connectome matrix (top) and the binarized connectome
matrix (bottom). The scale for the original matrix is from 0 to 13. These matrices are symmetric with size
100x100. The first 50 regions are located in the right hemisphere, and the second 50 regions are located in
the left hemisphere. Figure (i) shows the full binarized brain network for this participant, with the colors on
the nodes representing the different subnetworks. Figure (i) was created using BrainNet Viewer [Xia 2013].
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Chapter 4

Methods: Stochastic Actor-Oriented

Model

This project, endeavoring to answer the question of how brain networks change over time, requires a frame-

work of these dynamics. We have chosen to apply the stochastic actor-oriented model (SAOM), which was

originally designed for describing how social networks change over time. In the application of this model, we

chose to utilize the existing infrastructure, specifically, the R-based Simulation Investigation for Empirical

Network Analysis (RSiena) designed for the implementation of the SAOM. This choice provides the tools of

implementation and handles many challenges to that implementation. However, it also limits the specificity

of the application to brain networks and places specific and important limitations on the results. Future

work will likely require expanding the use of RSiena or creating an alternate implementation of the model

framework.

This project will apply the methods from the next two chapters to the functional networks, the structural

networks, and the functional and structural subnetworks individually. Thus, the result will not be a single

model of network change but a group of models that can be analyzed for their interplay and significance to

questions about aging and dementia.

This chapter will go over first the framework of the model and then the definitions of potential factors

in the model. Much of the information about the internal procedures of Rsiena is pulled from the Rsiena

Manual [Snijders 2024]. However, the mathematical definitions and general nomenclature utilized here will

differ from other implementations of the SAOM due to this specific application.
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4.1 Model Framework

The stochastic actor-oriented model (SAOM) is a model of network change across longitudinal time points.

The model has several options and features that can be selected as they apply to various types of networks.

I will mostly limit my discussions here to those features that are relevant to our work in this area and our

unique application of the model. Thus, this section should not be taken as a comprehensive guide on the

SAOM.

The SAOM, as we are utilizing it, has two main functions that describe change on networks. The first is

the rate function and the second is the objective function1. The rate function controls the rate at which the

network (and individual nodes) change, while the objective function controls the probability of particular

changes from the perspective of individual nodes.

These two functions work together to determine the pattern of changes between time point one (t1)

and time point two (t2) by splitting the time into mini time steps of a length pulled from an exponential

distribution. In each mini time step, one node is selected to have the opportunity to change. Then, the

objective function provides the probability of that node making particular changes based on particular model

factors. A change to a connection of this node is made based on this probability, and the process is repeated

until t2 is reached.

This chapter will go into more detail about how the model works when it has its factors and factor

weights, while the following chapter will describe how the factors and factor weights are derived from data.

The goal, in this project, is to develop and analyze models of network change for functional and structural

brain networks in aging. These models will be of the framework of the SAOM, which is why it is important

to understand the model framework. In future chapters, I will refer to “models” as those equations developed

from data, rather than model referring to the overall framework (despite the SAOM framework having model

in its name).

4.1.1 Rate Function

Time handling in the stochastic actor-oriented model is based on the continuous-time Markov chain and

mini time steps during which one node has the opportunity to change. In Chapter 2, we discussed the

continuous-time Markov chain and how it can describe the probability of transition between various states

in continuous time. Here, we will discuss how this is applied to the SAOM.

Recall that the continuous-time Markov chain describes a memoryless process of transitioning between

various states in continuous time. It may be split into the holding-time distribution (Equation 2.11) and the

1The objective function, in the literature, is sometimes called the evaluation function.
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jump-chain probability (Equation 2.14) describing the distribution of time between changes of state and the

probabilities of particular changes in state, respectively. In this model, the various states referred to by the

continuous-time Markov chain are the nodes given the opportunity to change at a particular time and not

the chages that are made by those nodes. In the rate function, states are nodes.

The SAOM keeps the probability of transitioning to particular states independent of the previous state.

In other words, the next node to be selected is not impacted by the previous node that was selected. This

means that the node that was most recently selected may be selected again as a distinct procedure from the

time that you hold with that node (stay in that state).

This may be conceptually distinct from the traditional continuous-time Markov chain, but it can be

incorporated mathematically fairly simply. Equation 2.11, the cumulative holding-time distribution, shows

the exponent to have a coefficient that is the negative sum of the rates for all the states it is possible to

transition to when in state a (−λab − λac, for a system with 3 states). Since it is possible to transition from

state a to state a, this would instead be the negative sum of the rates for all possible states (nodes).

P (t) = 1− exp(−t

N∑
i

λi) (4.1)

where N is the number of nodes in the network and λi is the rate function for node i.

Similarly, the denominator for the jump-chain probability, Equation 2.14, is the sum of the rates for all

the states it is possible to transition to when in state a, and would thus be the sum of all the rates when

applied here. The numerator for Jab is the rate for the transition between state a and state b. In the SAOM,

the rate for the transition to state b is the same regardless of the state from which we are transitioning.

Thus, instead of having a rate for each transition in a matrix, this model has one rate for each node (λi).

This gives the jump-chain probability of transitioning to any state (j) as,

Jj =
λj∑N
i λi

(4.2)

In our models, however, all the nodes are equally likely to be selected. They all have the same base rate

(ρ) which determines the average number of times that node will be selected to have the opportunity to

change between t1 and t2.

λi = ρ (4.3)

This was a simplification that we felt was important in this preliminary implementation of the SAOM on

brain networks because of the complexity of the factors in the objective function. Future research might

consider including rate related factors, as this framework is capable of accommodating rate related factors
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by having λi contain a linear combination of factors (λi = ρ
∑

j αjkj).

In each mini time step, one node is selected to have the opportunity to change based on the jump-chain

probability (Equation 4.2) and a certain amount of time passes drawn from the exponential distribution

indicated by the holding-time distribution (Equation 4.1). Mini time steps are conducted until the cumulative

time that passes exceeds 1, which is the amount of time between t1 and t2.

4.1.2 Objective Function

The SAOM does not simply describe how much change is occurring on the network, but also describes the

direction of that change. As the name implies, the model is actor-oriented. In the original version, all the

nodes in the network were people or actors. In my application, it is more accurate to say that the framework

is node-oriented. It describes the direction of change on a network on an individual node level. In the model,

large-scale behavior emerges from the actions on the node level. Furthermore, the language used here will

mirror that used in other descriptions of the SAOM. It is important to acknowledge, however, that in my

application, the language is a personification of nodes that are brain regions.

The objective function describes the direction of particular changes in the framework. Through the rate

function, a particular node is chosen to have the opportunity to change; the particular change that is made

is based on how satisfied the node is with the particular arrangement of its connections. Calculating and

applying this satisfaction is the purpose of the objective function.

The objective function (fi) takes the form of a linear combination of factors—these are generally network

features, but can also be features of the individual nodes (Section 4.2).

fi(x(i ; j)) =
∑
k

βksik(x(i ; j)) (4.4)

where x(i ; j) is the network when the connection between node i and node j is changed. If node i is

not connected with node j, a connection is formed, and if node i is connected with node j, the connection is

dissolved. βk is the weight of factor k and sik is the formula for factor k calculated for node i. The values

of β can be positive or negative—where positive values indicate a positive priority on that factor, while

negative values indicate a negative priority on that factor.

Each factor does not have the same scale in its calculated value. For example, Factor Degree (Di =∑
j xij) is calculated as the degree of node i which is scaled as [0, N − 1]. On the other hand, Factor

Transitive Triads (Ti =
∑

j<h

∑
h xijxihxjh) calculates the number of triangles to which node i belongs.

This is scaled as [0, (N − 2)(N − 1)]. The scales of various factors may also be non-linear. As a result, the

weights (β) for each factor are scaled differently and cannot be compared directly. A β1 = 0.5 for Factor
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Degree and a β2 = 0.5 for Factor Transitive Triads do not mean that these factors are prioritized the same

amount. Individual nodes are impacted by factors not only based on the values of β, but also on the node’s

local connectivity. These scaling differences will be important to keep in mind when considering the values of

β in the results. Normalizing these factors is complicated and not particularly effective because the weights

of the priorities are highly dependent on that underlying network structure of the data. Normalizing is not

included in the Rsiena implementation. Future research may explore what normalization would look like for

these types of models, but would likely require an independent implementation. Thus, in the interpretation,

we makean effort to account for this sensitivity and these differing scales.

4.1.3 Model Operation

The first step in understanding the SAOM framework is to understand how it operates when both the rate

and the objective function are known. As we know from the rate function, the procedure is split into mini

time steps pulled from the exponential distribution, where one node is given the opportunity to change. The

goal is to consider which changes to that node would improve its satisfaction based on the objective function.

Thus, each possible change that the chosen node can make is considered, and the objective function is solved

for those changes.

fi(x(i ; j)) would be the objective function when node i is given the opportunity to change and is

considering a change to node j. The network x(i ; j) in that equation would not be the current network,

but the network that would exist if node i chose to change its current connection with node j. Change here

can refer to either building or dissolving that connection. The model can also accommodate node i choosing

not to make a change given the opportunity. The objective function, in this scenario, is fi(x(i ; i)) and

the network x(i ; i) is the current network.

Once the objective function is calculated for each possible change that node i can make, the probability

of making each change can be calculated. The probability equation follows this format, where pi(x(i ; j))

is the probability of node i changing its connection with node j.

pi(x(i ; j)) =
exp fi(x(i ; j))∑N
h exp fi(x(i ; h))

(4.5)

The sum of the probabilities for each change (and the choice not to change) will be 1, and the number of

possible choices is the number of nodes in the network, N .

One of the choices is then selected based on the calculated probabilities, and that change is made to the

network. This concludes that mini time step and, if the time limit has not been reached (t+∆t ≤ 1), a new

mini time step begins with the selecting of a node.
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Factor Symbol
Degree D

Transitive Triads T
Betweenness B
Distance 2 D2
4-Cycles C4

Assortativity A
Physical Distance PD

Physical Neighbor Distance ND
Same Subnetwork S

Same Subnetwork Transitive Triplets ST
Jump Subnetwork Transitive Triplets JT

Same Subnetwork Distance 2 S2
Same Subnetwork 4-Cycles S4

Table 4.1: Potential factors. This table shows the potential factors that were used in the hypothesis-
building procedure. Not all factors are included in the final models. The symbols are used throughout the
results to represent that particular factor.

As the procedure continues, changes are made throughout the network. Recall that our base rate, ρ, tells

us the average number of opportunities that each node will have to change. So, if ρ = 5 and N = 100, there

are going to be about 500 opportunities to change during the time between t1 and t2. These opportunities

only allow the chosen node to make one change based on the priorities; thus, changes during mini time steps

are subtle, while emergent properties and trends may appear over the entire time window. As a result, this

model can tell us something more about the dynamics of changes in brain networks across the lifetime rather

than just observing trends.

The SAOM operates in the following procedure:

1. Check if the current time, t, (begins at zero) is less than the final time, t ≤ 1. If no, exit procedure.

2. Select a node in accordance with the jump-chain probability based on the rate function (Equation 4.2).

3. Calculate the probability for each change the selected node can make (including no change) based on

the objective function (Equation 4.5).

4. Select a change based on those probabilities and update the network, x, accordingly.

5. Update the current time, t = t+∆t, by adding a time (∆t) from the exponential distribution (Equation

4.1)

6. Repeat steps 1-5 until the current time, t, surpasses the final time, t > 1.
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4.2 Factor Definitions

This section will describe the mathematical definitions of all the factors relevant to undirected networks, as

well as their independent interpretation. Table 4.1 shows the factors that were included as possibilities in

this implementation, as well as their symbol that is used in the rest of this work. Future research should

expand this list of factors and generate new factors with implementation specific priorities.

The equations are compiled from the Rsiena manual [Snijders 2024]. Mathematical detail has been added

to most. Some equations have been changed, not in meaning, but for clarity and consistency of format in

so far as that is possible. Recall that the factor equations describe the relative value of changes made by a

single node at a time. This is why the factor definitions describe the feature based on a single node (i).

xij describes the presence or absence of a connection between node i and node j. As all the networks

in this study are undirected, the order of the i and j is irrelevant. These equations are meant to reflect

the undirected nature of the networks utilized here and should not be taken to describe these factors when

applied to directed networks.

4.2.1 Whole Network Factors

Factor Degree

Factor Degree describes the number of nodes to which node i is connected and can be described mathemat-

ically as,

Di =

N∑
j

xij (4.6)

With a positive weight, this factor would prioritize node i making more connections.

Factor Transitive Triads

Factor Transitive Triads describes the number of triangles to which node i belongs and can be described

mathematically as,

Ti =

N−1∑
j<h

N∑
h

xijxihxjh (4.7)

With a positive weight, this factor would prioritize node i making more triangles.
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Factor Betweenness

Factor Betweenness describes the number of nodes in unconnected pairs to which node i is connected and

can be mathematically represented as,

Bi =

N∑
j

N∑
h

xhixij (1− xhj) (4.8)

Unlike Factor Transitive Triads, this factor has not been adjusted for the undirected nature of the network.

This leads to this factor counting nodes rather than pairs of nodes. If node A is connected to node B and

node C while node B and node C are unconnected, the value for Factor Betweenness would be 2, not 1.

This mostly affects the scaling of this factor, which serves as a reminder that the estimated weights do not

have consistent scaling. Additionally, this factor is not normalized for the degree of the node, giving it an

inadvertent prioritization of higher degree. This is important to note when this factor (and others) appear

without Factor Degree.

With a positive weight, this factor would prioritize node i connecting with nodes unconnected to its

neighbors.

Factor Distance 2

Factor Distance 2 describes the number of nodes to which node i is connected not directly, but at a path

length of two, and can be mathematically described as,

D2i =

N∑
j

(1− xij)max
h

(xihxhj) (4.9)

With a positive weight, this factor would prioritize node i connecting with nodes that are connected to

nodes to which node i is not connected or disconnecting from nodes that are already connected at a path

length of two. This is a factor that prioritizes a less densely connected neighborhood, but not a disconnected

neighborhood.

Factor 4-Cycles

Factor 4-Cycles describes the number of 4-cycles (number of rectangles) to which node i belongs divided by

two and can be mathematically described as,

C4i =
1

4

N∑
j

N∑
k ̸=j

N∑
h̸=j ̸=k

xijxikxhjxhk (4.10)
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This factor calculates the number of 4-cycles but will always double count based on node j and k being

equivalent. This value is then divided by four, which leads us to the number of 4-cycles divided by two.

With a positive weight, this factor would prioritize node i completing 4-cycles.

Factor Assortativity

Factor Assortativity describes the general popularity of node i and the popularity of nodes to which node i

is connected and can be mathematically described as,

Ai =

N∑
j

xij

(
N∑
h

xih

)1/2( N∑
k

xjk

)1/2

(4.11)

With a positive weight, this factor would prioritize node i, making connections with nodes that have a higher

degree, though more significantly if node i has a high degree.

Similar to previous factors, this factor has an inadvertent priority on making more connections as well.

It does not, as the name assortativity implies, demonstrate the priority of connecting similar degree nodes

with each other, but the priority of connecting high-degree nodes with other high-degree nodes.

4.2.2 Physical Distance Related Factors

The whole network factors concern the underlying network structure. In addition to these variables, the

Euclidean distance between nodes in the brain is known from the atlas and allows for the inclusion of factors

related to this distance. The physical distance between nodes does not change between time points nor does

it differ between participants, as it is a euclidean distance calculated in MNI space. This section includes

the factors related to physical distance that are included as options. In these factors, wij is the physical

distance between node i and node j.

Factor Physical Distance

Factor Physical Distance sums the number of nodes to which node i is connected scaled by the physical

distance between node i and those nodes minus the average distance of all nodes from node i and can be

described mathematically as,

PDi =

N∑
j

xij(wij −
N∑
h

wih) (4.12)

The centering based on node i’s average distance can lead this factor to be both a positive priority and

a negative priority regardless of the sign of its weight, due to the calculation being able to be negative.
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With a positive weight, this factor would prioritize node i connecting with nodes that are closer than the

average distance and disconnecting from nodes that are further than the average distance.

Factor Physical Neighbor Distance

Factor Physical Neighbor Distance sums the number of nodes to which node i is connected scaled by the

physical distance between those nodes and the other nodes to which node i is connected and can be described

mathematically as,

NDi =

N∑
j

N∑
h̸=j

xijxihwhj (4.13)

With a positive weight, this factor would prioritize node i connecting with nodes that are far away from

the nodes to which node i is connected.

4.2.3 Subnetwork Interaction Factors

Recall, also, that the networks studied here are split into seven subnetworks with different structures and

functions. We used these subnetwork labels in some of the included factors. The seven subnetworks are

immutable during the network change process, and all networks, though containing different connections,

have the same subnetwork labels. Changing these subnetworks during each mini time step would be com-

putationally expensive. All the subnetworks are mathematically equivalent. This means that a subnetwork

labeled 1 is different than, but not less than, on any scale, a subnetwork labeled 2. Thus, the factors were

selected based on this fact and include only binary values (same or different) rather than scaled values. vi

is the subnetwork value of node i and, in this case, describes to which subnetwork node i belongs. Further,

[vi = vj ] uses Iverson brackets to give 1 if node i and node j are in the same subnetwork and to give 0 is

node i and node j are in different subnetworks.

Factor Same Subnetwork

Factor Same Subnetwork describes the number of nodes of the same subnetwork to which node i is connected

and can be mathematically described as,

Si =

N∑
j

xij [vi = vj ] (4.14)

With a positive weight, this factor would prioritize node i making connections with nodes that are in the

same subnetwork.
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Factor Same Subnetwork Transitive Triplets

Factor Same Subnetwork Transitive Triplets describes the number of nodes of the same subnetwork to which

node i is connected in a triangle, and can be mathematically described as,

STi =

N∑
j

N∑
h

xijxihxhj [vi = vj ] (4.15)

With a positive weight, this factor would prioritize node i closing triads with nodes of the same subnetwork.

This factor likely inadvertently prioritizes more connections and more triangles as well.

Factor Jump Subnetwork Transitive Triplets

Factor Jump Subnetwork Transitive Triplets describes the number of triangles to which node i is connected

with one node of the same subnetwork as node i and one node of a different subnetwork as node i, and can

be mathematically described as,

JTi =

N∑
j

N∑
h

xijxihxhj [vi = vj ̸= vh] (4.16)

With a positive weight, this factor would prioritize node i making triangles with one similar node and one

different node. Due to the restricted nature of the triangles, it is unlikely that this will prioritize making

more triangles generally.

Factor Same Subnetwork Distance 2

Factor Same Subnetwork Distance 2 describes the portion of the neighbors of node i’s neighbors that are of

the same subnetwork as node i and can be mathematically described as,

S2i =

N∑
j

xij

N∑
h ̸=i

xjh[vi = vh]∑N
k ̸=i xjk

(4.17)

where 0/0 is considered to be 0.

This factor differs from the full network Factor Distance 2 in an important way. The full network Factor

Distance 2 specifically requires that there is no connection between the nodes connected at a path length

of two. However, this factor does not register if the node i and the node at a distance two are themselves

connected. Essentially, this counts both completed triangles and uncompleted triangles as being at a distance

two, given that they otherwise meet the subnetwork criteria.
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With a positive weight, this factor would prioritize node i connecting with nodes that are connected to

nodes of the same subnetwork, with an emphasis on connecting with nodes of low degree.

Factor Same Subnetwork 4-Cycles

Factor Same Subnetwork 4-Cycles describes the number of 4-cycles (rectangles) to which node i belongs,

given that the node at a distance two on the rectangle is of the same subnetwork as node i, and can be

described mathematically as,

S4i =
1

4

N∑
j

N∑
k ̸=j

N∑
h̸=j ̸=k

xijxikxhjxhk[vi = vh] (4.18)

With a positive weight, this factor would prioritize node i completing 4-cycles with nodes in the same

subnetwork.
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Chapter 5

Methods: Model Derivation

Now that we understand the framework of the models that we hope to derive, we can discuss how specific

models are derived from the data. There are three components to this process and unique challenges inside

each one. The first component is how, given a hypothesis of factors, the weights of those factors are

estimated. This component is implemented in Rsiena and is an adaptation of the Generalized Method of

Moments and Robbins-Monro algorithm. The second component is the data-driven procedure by which a

specific hypothesis of factors is selected. This component utilizes tools in Rsiena, but was developed for this

specific application. The final component is the evaluation and comparison of factors and factor weights.

This component is a result of the other two components and utilizes both unique and previously implemented

procedures.

Since components of this procedure are unique to this project, it is important to test their efficacy on

simulated data. This chapter will describe the procedures as they were implemented on the real data set;

Chapter 6 will present the simulated data results that provide evidence that this procedure is an effective

tool for deriving a specific SAOM model.

5.1 Factor Estimation

The factor estimation is, as stated, based in the Generalized Method of Moments (GMM) and utilizes the

Quasi-Newton Robbins-Monro algorithm.

Recall that the GMM is based on the minimization of a function Q, where Q(θ) = ḡ(θ)⊤Wḡ(θ) (Equation

2.18). The sample moment condition function (ḡ(θ)) is a set of criteria that the algorithm will attempt to

simultaneously minimize. In the SAOM, this function will contain a measure of overall change (C) as well

as the distance between the current value of each factor and the observed value of each factor (S⃗). These
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statistics are

C(X) =

N∑
i

N−1∑
j ̸=i

|Xij − xobs
ij (t1)| (5.1)

Sk(X) =

N∑
i

(ski(X)) (5.2)

where N is the number of nodes in the network in the estimation, X is the current network, xobs(t1) is the

observed network at time point t1, ski is the factor equation value for factor k and node i. The statistic to

be calculated is,

g(X) =

C(X)

S⃗(X)

 (5.3)

C(X) describes the total difference across all the nodes between the current network and the observed

time point t1 and S⃗(X) is the vector of the factor statistics across all nodes for the current network. The

statistic g shows that θ (Equation 2.18) contains both the base rate (ρ) from C and the weights for the set

of factors (β) from S⃗.

θ =

ρ
β⃗

 (5.4)

Recall these values from the rate function (Equation 4.3) and the objective function (Equation 4.4).

The current network X is not known and ḡ(θ) is usually determined through simulation. At a particular

value of θ, a sample of simulated networks (Xsim(θ)) can be produced. From this sample, the minimization

function ḡ(θ) can be derived.

ḡ(θ) =
1

nsim

(
nsim∑
k

g(Xsim
k (θ))

)
− g(xobs(t2)) (5.5)

where nsim is the number of simulations, Xsim
k (θ) is the kth simulated network created with the current θ,

and xobs(t2) is the observed network at time point t2. The goal is to minimize ḡ or to minimize the distance

between the observed statistic (g(xobs)) and the average simulated statistic at the given θ. Minimizing this

function means convergence towards the true value of θ in accordance with the GMM.

Recall from the background section, the estimation of parameters in the SAOM is based on the Robbins-

Monro algorithm updated with Newton-like features, specifically the inclusion of the Jacobian (Equation

2.31). n in the Robbins-Monro algorithm represents the estimation iteration step in the convergence of θ.

In this equation, Zn is the sample vector of the function and α is the known constant. It can be seen that

these values could be replaced with the simulated statistics and the observed statistics, respectively, as seen
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in the minimization criteria of Equation 5.5. This means that the algorithm equation for the SAOM is,

θn+1 = θn − anD
−1
θ0

(ḡ(θn)) (5.6)

Dθ0 refers here to the Jacobian of the set of factors with respect to θ at the initial theta value. In practice,

this is done through simulating small perturbations in the values of theta and calculating the Jacobian from

those simulations. The inclusion of the Jacobian accounts for, in some ways, the different scales of the factors

as well as the interactions between the factors.

Using these theories in practice involves three main steps—initializing, estimating, evaluating.

In the initializing step, θ0 is found based upon the set of initial conditions or the default initial conditions

for each factor1. Then, simulations are conducted with small perturbations to the value in theta to calculate

an estimation for the Jacobian at θ0 (Dθ0).

In the estimating step, a set of Monte Carlo simulations are run with the current value of theta, θn.

Then, the t-ratios (τk(θn)) are calculated for all the values in θn. The value k represents the specific factor

or base rate in θn and n represents the current state of θ. The t-ratios are derived from the GMM

τk(θn) =
θnk

SE(θnk)
(5.7)

The stopping condition2 for this step is

max
k

|τk| < 0.25 (5.8)

If the stopping condition is reached the procedure moves on to the evaluating step. Otherwise, θn is updated

using the algorithm equation (Equation 5.6) and this estimating step is repeated.

In the evaluating step, a set of Monte Carlo simulations are run on the final estimated θ̂. From these

estimated values the overall convergence and standard errors are calculated. The convergence value is

τ convk (θ̂) = max
k

|τk(θ̂)| (5.9)

The weighting matrix, W , in these estimations is just the identity matrix (all factors are to be equally

prioritized in approaching the observed values). Thus, the standard error values based on Equations 2.29

and 2.28 are

SE(θ̂) =
√

Σθ̂ =
√
D⊤

θ̂
Σ̂θ̂Dθ̂ (5.10)

1For initial simulations, the default settings in Rsiena were used; however, as the estimation is resolved in the final steps the
initial conditions are set to previously derived values. This is the convergence reduction procedure.

20.25 is the default setting in Rsiena. The default setting was used in this project.
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where Dθ̂ is the Jacobian estimated with small perturbations around the final estimation θ̂.

5.2 Hypothesis-Building Procedure

The estimation of these parameters requires a specific and reasonably-selected hypothesis of the factors that

will drive change in the network (S⃗), as estimation with too many interacting and potentially insignificant

factors quickly becomes unwieldy and uninterpretable with extremely large errors. However, in the ap-

plication of this framework to brain networks, a hypothesis selected through literature or logic could not

reasonably be formed due to the absence of literature and the shallow applicability of current knowledge to

the selection of potential factors. Instead, a data-driven method for building a hypothesis is required to state

with any confidence that the derived model is a reasonable descriptor of the changes to brain networks over

time. We developed a novel method utilizing the tools at our disposal to draw statistical conclusions. This

“hypothesis-building procedure”, as we refer to it, is described in this section, and an analysis of its success

in deriving factors on simulated data is included in Chapter 6.

The procedure is designed to sequentially add factors until any additional factor does not meet the 90%

confidence interval required to be included. This is done through a series of score-type tests where the null

hypothesis is that a particular factor has a weight of zero. Having a weight of zero can be interpreted as the

factor being excluded. This procedure does take significant amounts of time to conduct all the tests, but it

is proposed as an alternative to testing every possible combination. Future research may choose to increase

the computational efficiency of this procedure.

Rsiena includes a tool for testing the impact of particular factors using a score-type test. During this

test, the parameter is fixed, and all the other factors are allowed to estimate normally. The null hypothesis

is that the value for the weight of factor k is zero,

θk = 0 (5.11)

and the statistic is the t-ratio for that factor.

τk(θ̂k) =
θ̂k

SE(θ̂k)
(5.12)

A p-value that is less than 0.1 in this test suggests that the value of the factor k is not zero with a 90%

confidence interval. The test is two-tailed because we are only interested in the large deviation when the

factor is fixed at 0. This is the test that is conducted repeatedly in the hypothesis-building procedure. I will
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refer to the factor that is fixed at zero as the factor being tested in describing the application of these tests.

Now, it is important to realize that the potential factors are not independent. Most of the factors

are network measures calculated on the same underlying network structure (Section 4.2). Changes to one

factor will impact the values of the other factors, but not necessarily in straightforward, predictable ways.

This means that factors are connected in some ways but are not necessarily replaceable by each other.

However, certain change behaviors may appear from the inclusion of either factor, making them occasionally

challenging to distinguish. Determining which factor is responsible for the general change behaviors seen on

the network is the challenge that is addressed by this procedure.

If the factors were independent, the result of the score-type test would be the same regardless of the other

factors that are estimated alongside the factor being tested. This is not the case. As a result, the procedure

contains two important components—the “all-pairs initialization” and the “motion to reconsider”. These

two elements acknowledge that the results of the score-type test are, in some ways, dependent on the other

factors included, but not tested, in the hypothesis.

The Procedure

The procedure involves three main parts—the all-pairs initialization, the factor addition, and the motion to

reconsider.

The procedure begins with the all-pairs initialization. During this process, one factor is fixed and tested

with each other factor individually. These tests are completed for every factor pair. For example, if there

were three potential factors (A, B, C) the conducted tests would be testing A with B, testing A with C,

testing B with A, testing B with C, testing C with A, and testing C with B. The all-pairs initialization

was favored over testing factors individually because the factors tested alone were almost always considered

significant and often equally so. Individual factor tests could not really distinguish between factors, only

between random and non-random change. The all-pairs initialization was able to do both.

After the tests are conducted, the factor with the lowest average p-value for all the tests of that factor,

given that p < 0.1, is selected as the first factor to add. If none of the average p-values are less than 0.1, no

factor can be considered to have a weight that is not zero, and the final hypothesis has no factors (a model

with no factors has random change at the rate of the determined rate value).

If a first factor is selected, the factor with the lowest p-value when tested with the first factor, given

that p < 0.1, is selected as the second factor. The conclusion of the all-pairs initialization is the inclusion

of zero, one, or two factors into the current hypothesis. If the procedure determines zero or one factors, the

procedure is over. If two factors are determined, the procedure continues to the factor addition step.

During the factor addition step, the current hypothesis is tested with the addition of each of the remaining
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potential factors. The factor that yields the lowest p-value, given that p < 0.1, is then added to the current

hypothesis. Every time a new factor is added, a motion to reconsider is conducted. This is continued until

no factor tested with the current hypothesis has a p-value less than 0.1, meaning that the null hypothesis

that the tested factors have a weight of zero cannot be rejected with a confidence interval of 90%.

Each time a factor is added during the factor addition step, a motion to reconsider is conducted. The

motion to reconsider takes into account the fact that there may have been many factors that were significant,

and the factors that were included were just those with the lowest p-value3. This allows for the reconsideration

of the paths not traveled earlier in the selection processes. It also takes into account that the addition of new

factors means that the results of the score-type tests may have changed. It allows for the reconsideration

of previously added factors if, in the current model, that factor cannot reject the null hypothesis that its

weight is zero.

The motion to reconsider involves each factor in the current hypothesis being tested with the rest of the

current hypothesis. This means that the addition of a factor at any time is not a permanent decision; if it

is later found that that factor does not meet the requirements when tested with the current hypothesis, it

can be removed. All factors with a p-value greater than 0.1 during these tests are reconsidered, meaning

they are removed from the current hypothesis, but remain in the list of potential factors. This means that

they could be added again as the hypothesis continues to develop. After a motion to reconsider, the factor

addition procedure is repeated.

The procedure ends when all the p-values from the tests of all remaining potential factors are greater

than 0.1, and therefore none of them can be considered not zero. In this case, there is no statistical reason

to include additional factors. This procedure can result in a final hypothesis that has any number of factors

from 0 to the total number of potential factors. The factors in the final hypothesis are derived from the data

rather than selected from some prediction of which factors are driving change on the network.

This procedure is not perfect and retains many of the limitations that exist when simply selecting a

hypothesis. After all, the original list of potential factors is finite and limited, in this project at least, by

the factors available and interpretable from RSiena. Therefore, this procedure will not claim to select for

the true set of factors underlying change on the networks, but support instead the claim that these factors,

in combination, are significant to driving change on the network and no additional factors would provide a

stronger convergence if included. The final model that is derived through the hypothesis-building procedure

and estimation can provide insight into network changes.

Figure 5.1 shows an example of how the procedure might behave with a set of five potential factors. The

3If the p-values are equivalent (usually at zero), the factor with the highest χ2 value is selected. Finally, if both the p-value
and the χ2 values are equivalent, one of those factors is selected randomly with the knowledge that it may be reconsidered
later. This is extremely rare.
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table on the left represents the tests that are conducted with the top (dark red) row being the tested factors.

Each of the rows below represent an individual set of tests being run on that column’s factor. For example,

in Frame 1 (all-pairs initialization) Factor A is being tested in a hypothesis with Factor B, another test with

Factor C, and so on down the column. The bottom row is the average p-value from each of the tests in that

column this average is only relevant during the all-pairs initialization. The boxes on the right represent the

various factors, and the blue line encircles the hypothesis at the end of the tests conducted in that frame.

For example, in Frame 1 the lowest average p-value is for Factor D as seen in the bottom row of the table

so Factor D is in the current hypothesis. One can see that during the second Motion to Reconsider, Factor

D which had previously been added could no longer be considered not to be zero (p > 0.1) given that the

hypothesis now contains Factor B and Factor E. As a result, Factor D is reconsidered and removed from

the current hypothesis.

The conclusion of the hypothesis-building procedure is a set of factors that describe change on the

network. A different set of factors is found for each time window in the dataset. The next section will go

over the next steps in model derivation, including factor consensus, weight estimation, and model evaluation.

5.3 Model Evaluation

After obtaining a hypothesis set of factors for each time window in the dataset. These time window results

were examined to determine what, if any, consistency they showed across participants. Some consistency

across participants was shown, resembling the consistency found in simulated datasets with the same under-

lying model. Thus, a reasonable threshold was selected from the simulated data results (Chapter 6).

The dataset was split up into a group from which the hypothesis was determined, the “Hypothesis

Group” and a group on which the estimation of the factors was conducted, the “Estimation Group”. A

set of 40 participants was selected as the Hypothesis Group with a total of 53 functional and 59 structural

time windows that have hypothesis-building results. The remaining 220 participants were set aside for the

Estimation Group. These groups were not selected entirely randomly due to procedural constraints; however,

both groups were determined to be reasonably representative of the ages, sexes, and diagnoses of the full

population4. The population and sample had indistinguishable distributions of age using a Kolmogorov-

Smirnov test (Hypothesis Group: p = 0.15 > 0.05, Estimation Group: p = 0.99 > 0.05). The population and

sample also showed indistinguishable ratios of male and female participants using a χ2 test of independence

(Hypothesis Group: p = 0.30 > 0.05, Estimation Group: p = 0.46 > 0.05), and indistinguishable ratios

of impaired and control using a χ2 test of independence (Hypothesis Group: p = 0.53 > 0.05, Estimation

4Population in this context refers to the entire dataset not the generalized case of human brains
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Figure 5.1: Hypothesis-building procedure. This figure shows an example of the hypothesis-building
procedure with five potential factors. The table on the left shows the tests that were conducted, with the top
(dark red) row showing which factors are being tested. The cells below show the factors that are included in
the test, but are not being tested. The bottom-most row is the average p-value of all the tests in that column
(apart from the all-pairs initialization, this average is only of one test). The boxes on the right represent
the factors, and the blue line encloses the factors in the hypothesis at the end of those tests. This graphic
demonstrates the ways that hypothesis changes during the hypothesis-building procedure.
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Group: p = 0.26 > 0.05). Some tests were run on the raw hypothesis-building results for the Hypothesis

Group to determine if there were any significant differences in the determined set of factors between the

various demographic groups. These results are presented in Chapter 7.

The factors that appeared in 40% of the time windows in the Hypothesis Group were considered to be

the factors of the “overall hypothesis”. This thresholding was conducted separately on the functional time

windows and the structural time windows, as well as the functional subnetworks and structural subnetworks.

The subnetworks were considered in combination rather than individually because of the goal of comparability

across subnetworks. The subnetwork factor results did not significantly diverge from one another (Chapter

7).

The overall hypotheses for each of these categories were then applied to each individual time window in

the Estimation Group. With that set of factors, the weights were estimated with some standard convergence

reduction practices as recommended by Rsiena [Snijders 2024].

It was important, once the estimated factor weights were determined, to understand the general shape

and pattern of the models, despite most of the result analyses focusing on differences between various groups

and conditions.Therefore, a method for determining a meaningful average of the weights of the factors (after

thresholding) is useful. We utilized the same method that is applied in Rsiena’s meta-analysis; however, we

implemented it independently.

The averaging methodology takes into account the standard error values for each of the factor weights

that are produced during the estimation process and uses a weighted least squares approach to determine

the mean and standard error of the values. The mean equation is

µ̂k =

∑NI

i (θ̂k/(σ̂
2,OLS
k + s2k)∑NI

i (1/(σ̂2,OLS
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where NI are the number of time windows in the set, θ̂k is the estimation of the weight of factor k. As

stated, this average is used to understand the broad behavior of these models, which are quite individual

and significantly impacted by age, sex, and cognitive impairment. The averages as well as the analyses were

conducted after a standard removal of outliers that are more than three scaled median absolute deviations

from the median.

With the overarching goal of developing models for structural and functional brain networks in aging, we

needed to 1) access and process human brain data into networks—preprocessing, 2) understand and apply a
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model of network change—the stochastic actor-oriented model, 3) determine the factors involved when these

models are applied to the brain—the hypothesis-building procedure, and 4) estimate the weights of those

factors—model evaluation. Over the last three chapters, I have discussed each of these steps. Chapter 6 will

present the simulated data results, which validate the use of the hypothesis-building procedure, and Chapter

7 will present and discuss the models developed using this methodology on the human brain networks.
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Chapter 6

Results: Simulated Data

The goal of the hypothesis-building procedure is to determine the set of factors that is most likely to explain

changes in the network. As previously stated, the selection of factors to estimate is generally decided by the

researcher prior to the estimation process and can be adjusted after estimation. The hypothesis-building

procedure was developed using the tools of these post-hoc adjustments to select a hypothesis (a set of

factors) in a data-driven process. In order to evaluate the effectiveness of the hypothesis-building procedure,

we utilized a generated set of second time points where the underlying model (the factors and their weights)

is known. We will refer to this as the “simulated dataset”. In this chapter, I will first describe the simulated

dataset and how it was developed. Second, I will report the evaluation of the performance of the hypothesis-

building procedure to generate the correct set of factors. Third, I will discuss the features that affect the

performance of the hypothesis-building procedure.

6.1 Simulated Dataset

The simulated dataset is a set of networks where time point 2 is generated so that the underlying model

is known. We generated these simulated data in two parts. The first part, with an earlier conception of

the data and models, is missing certain factors that had not yet been added, and only pulls from the fMRI

dataset. The second has fewer simulated examples, but uses the final set of factor options and pulls from

both the fMRI and DTI dataset. Both parts are included together in the results presented in this chapter.

The general simulated dataset collection for both parts involves the following steps. First, we randomly

selected a network from our dataset—this would be time point 1 (t1). Second, we selected a rate of change,

a set of factors, and weights for those factors. Finally, we produced a network that utilizes the factors and

weights that have been assigned to make changes to the network—this would be the simulated time point 2
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(tsim2 ).

Our simulated dataset consists of 185 model sets—101 in the first part and 84 in the second part—with

at least 20, but up to 50, examples of each model. The model sets were created to test the reliability of

the hypothesis-building procedure on networks with different t1s, but the same underlying model. This is to

simulate the assumption that the factors that underlie brain network change can be considered the same for

all individuals.

There are many points in the process where the computation can fail. The hypotheses as to why this

occurs will be discussed in Section 6.2.3. The dataset numbers listed here exclude the examples that did not

make it through the procedure.

6.1.1 Selecting a Model

Selecting a model was a crucial step in creating the simulated dataset. There are a number of choices that

had to be made regarding the rate, the factors, and the weights.

The rates that were selected from to produce the tsim2 s are ρ = 5, ρ = 20, ρ = 35, ρ = 50, and ρ = 65.

Recall that these represent the number of opportunities for change that each node is likely to have during

the simulation. These particular weights were selected to cover a range of values.

Each time a model was selected to simulate, a desired number of factors was specified, and that many

factors were then randomly selected. Thus, we controlled the number of factors that the models that had,

but we did not control the factors that would be selected. The dataset was designed to contain models with

various numbers of factors. Certain factors are underrepresented in the dataset—Factors Physical Distance

(PD), Physical Neighbor Distance (ND), and Same Subnetwork 4-Cycles (S4) are only contained in the

second part of the dataset; thus, they are represented in fewer simulated examples.

Selecting the weights for the different factors is a tricky endeavor as the ranges for the weights are

different for each factor and not easily derived. Therefore, it was necessary to create a convention for

selecting reasonable weights for each factor. We selected, for each factor, four weight options—a large

negative weight, a small negative weight, a small positive weight, and a large positive weight. When a factor

is selected, a weight from this set of four is randomly selected.

These four weights were selected independently for each factor based on the density behavior of networks

when the factor is simulated alone after many sequential iterations. We simulated a tsim2 with the factor in

question as the only factor affecting change, then simulated a tsim3 from that tsim2 with the same model. This

was repeated for many iterations to mimic the behavior of a model across a long period of time. The density

of the networks, many iterations later, was calculated and compared at various weights for the factor. The
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Figure 6.1: Long-term density of factor weights. These graphs show the density of the network after
many iterations of models with a single factor at various factor weights. This was used to determine reason-
able simulation ranges for each factor. Each graph represents a different factor. The large marks show the
selected large negative and large positive weights, while the smaller marks represent the small negative and
small positive weights.

60



results of this procedure suggested that the density after a long time converges to a particular value, and

this converged density is impacted by the weight of the factor. This became the convention that we used to

select the reasonable weights for each factor.

The large negative and the large positive weights were selected as the weights where the density converged

to either 10% or 90%. For those factors that level out before reaching those cut-off densities (e.g. Factor

Same Subnetwork (S)), the large negative and large positive weights were selected based on the weight at

which the density leveled off. Once the large negative and large positive weights are selected, the small

negative and small positive weights were calculated as the midpoint between the large weights and zero. The

positive and negative values were considered independently.

We would characterize this procedure as a convention rather than a rule because of the odd behavior

of certain factors and the inventive nature of the procedure. This convention was selected based on our

experience with the SAOM and the behavior that we had observed, rather than on some specific literature.

This convention is intended only as a baseline for creating a relevant, comparable simulated dataset. We

argue that these selected ranges represent the ranges within which the influence of the factors is well-balanced

and the models created the fewest complications. The long-term densities in the selected ranges is graphed

in Figure 6.1.

It is important to discuss the limitations of this convention. As we have discussed, the interaction between

factors in a model of the SAOM is paramount to the behavior of the network both in the short- and long-

terms. Thus, the behavior of a model with a particular factor weight may be a feature only when that factor

is alone. Thus, the ill-behaved nature of a model at larger (absolute value) weights of a factor alone may

be tempered by the presence of other factors. (Ill-behaved here refers to the network becoming very densely

or sparsely connected after many simulations). For example, Factor Same Subnetwork 4-Cycles (S4), whose

long-term density goes to fully connected with almost any positive weight, would perhaps be able to have a

positive weight when other factors are present.

This simulated dataset is not a direct analog to the real dataset; however, it serves as a reasonable baseline

for understanding the hypothesis-building procedure and informing future steps in analysis. A simulated

dataset like this one can further inform understanding of various factors and their interactions.

6.2 Hypothesis-Building Performance

The main goal in creating a simulated dataset was to evaluate the performance of the hypothesis-building

procedure. With our produced tsim2 s, we ran the hypothesis-building procedure to determine whether the

procedure was able to correctly identify the factors involved in change. We used measures of precision, recall,
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specificity, and accuracy to evaluate the success of the procedure.

The measures of precision, recall, specificity, and accuracy can each reveal unique information about the

performance of the procedure.

Precision is calculated as,

PR =
TP

TP + FP
(6.1)

where TP indicates the number of true positive values and FP indicates the number of false positive values.

Precision can be described as the number of correctly found values out of the total number found.

Recall is calculated as,

RE =
TP

TP + FN
(6.2)

where FN indicates the number of false negative values. Recall can be described as the number of correctly

found values out of the total number wanted.

Specificity is calculated as,

SP =
TN

TN + FP
(6.3)

where TN is the number of true negative values. Specificity can be described as the number of correctly

excluded values out of the total number that were not wanted.

Finally, overall accuracy is calculated as,

AC =
TP + TN

TP + FP + TN + FN
(6.4)

Accuracy can be described as the number of values that were correctly determined (included or excluded)

out of all the possible values.

6.2.1 Overall Performance Analysis

When evaluating all the examples individually, one can calculate the precision, recall, specificity, and accuracy

of the procedure by averaging the precision, recall, specificity, and accuracy of each example. The precision,

recall, specificity, and accuracy of the individual factors are also calculated as the values across all the

examples (In this case, the denominator of accuracy would be equal to the number of examples and not the

number of factors).

The procedure demonstrated reasonable precision, low recall, and high specificity. This indicates that

the most common mistake is missing a factor that should have been included rather than including a factor

that should have been excluded. Furthermore, the precision and recall of individual factors varies greatly,
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Figure 6.2: Overall factor performance. This graph shows the relative success on metrics of precision,
recall, specificity, and accuracy of individual factors. The lowest separated row represents the overall success
of all the individual examples.
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with some demonstrating near perfect alignment with the goals and others performing at or below baseline.

Figure 6.2 shows the relative value of the various success measures for individual factors as well as the

overall success measures. Of all the examples individually, the overall precision is PR = 0.70, the overall

recall is RE = 0.35, the overall specificity is SP = 0.89, and the overall accuracy is AC = 0.69. The precision

of individual factors range from PRD = 0.40 to PRS = 0.87. The recall of individual factors range from

RED = 0.17 to RES = 0.66. The specificity of individual factors range from SPD = 0.87 to SPT = 0.94.

The accuracy of individual factors range from ACJT = 0.59 to ACPD = 0.79.

These results only provide a surface-level analysis of the overall performance of the procedure with

excellent specificity and better precision than recall. However, a threshold value was used to develop the

receiver operating characteristic (ROC) and precision-recall curves for the model sets. The ROC curve and

the precision-recall curve are commonly used tools for determining the success of a particular algorithm or

procedure [Buckland 1994, Goutte 2005, Powers 2008]. Thus, much of the remaining analysis will be on

analyzing the model sets together.

6.2.2 Model Sets Analysis

Using the model sets, there are further analyses of precision, recall, specificity, and accuracy that can be

performed. Each of the 185 model sets has up to 50 examples of results, all with the same underlying

model. It can be seen that, in one model, certain factors will appear in a certain percentage of examples,

and this corresponds somewhat with the factors that were wanted (Figure 6.3). Using this observation, one

can form a final set of factors based upon the percentage of examples that found a particular factor being

greater than a certain threshold. For example, Figure 6.3 shows the results of a particular model set, with

each row indicating the hypothesis-building procedure result for an example of that model and each column

representing a factor. The desired result is shown in the upper bar labeled Goal. With a threshold of, say,

40%, a set with factor 1, factor 12, and factor 13 (black boxes) would be the result with an overall accuracy

of AC = 0.85.

We calculated the precision, recall, specificity, and accuracy of the model set from the factors found at

various percentage thresholds. Then, these values were averaged across all the model sets. These values can

produce the ROC curve, which is (1 − SP ) (also called the false positive rate) and recall (also called the

true positive rate) (Figure 6.4a). We can also produce the precision-recall curve (Figure 6.4b). The area

under these curves is considered a demonstration of the procedure’s performance, with AUC = 0.5 being a

procedure of no skill and AUC = 1 being a procedure of perfect skill [Saito 2015, Boyd 2013]. Our procedure

has an area under the ROC curve of 0.767 and an area under the precision-recall curve of 0.787.
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Figure 6.3: Sample simulated model set This graph shows one model set with 50 examples. All examples
have the same underlying model with three factors. The separate bar above the examples is the underlying
model or Goal. Each example produces a set of factors from the hypothesis-building procedure. The results
of the procedure for each example are the rows of this graph. Yellow indicates that the factor was found and
blue indicates that the factor was not found. The percentages are calculated as the percentage of examples
that found that particular factor and are located at the bottom of each column. The percentages in the
black boxes indicate those above a 40% threshold.
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Figure 6.4: Overall ROC and precision-recall curves. Figure a) is the ROC curve for the overall
hypothesis-building procedure. Figure b) is the precision-recall curve for the overall hypothesis-building
procedure. In both graphs, each point on the graph represents a different threshold value. The area under
the curve describes the success of the procedure, with 0.5 being no skill and 1 being perfect categorization.

The F-score (Fβ) calculates the performance of the procedure on various scales of precision and recall.

Fβ =
(
1 + β2

) PR×RE

β2 × PR+RE
(6.5)

where β represents the fractional priority of recall over precision. A β = 1 represents the success of the

procedure with equal priority of recall and precision. A β > 1 represents the success of the procedure if

recall is considered more important than precision. A β < 1 represents the success of the procedure if

precision is considered more important than recall [Goutte 2005].

The F-score may be calculated at any threshold value, and Figure 6.5 shows Fβ graphed as a function

of threshold. Various values of β are included to demonstrate the performance based on different priorities

of precision and recall. It is evident from the graph that prioritizing precision over recall gives a higher

overall performance at most thresholds. This is consistent with the observation that the procedure generally

performs better at precision than recall.

Now, to better understand the performance of the individual factors, the F-score curve (Figure 6.6a

and 6.6b) can be graphed for each individual factor. These graphs are split into two separate graphs for

visual clarity. Precision, recall, specificity, and accuracy are calculated from the thresholded result for

each model at the various percentage thresholds. The number of models that correctly found a particular
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Figure 6.5: Overall F-score. The F-score for the overall hypothesis-building procedure at various values of
β, demonstrating the superior performance of precision over recall and the differences in overall performance
at different thresholds.

factor is the number of true positives. For the individual factors, the F0.5 curves were chosen to show the

behavior prioritizing precision over recall. It is important to note that this procedure does not include

the step of averaging the precision and recall values across the models for each threshold, which makes

the graphs less smooth and the performance more sensitive to the number of times a particular factor is

wanted. The differences between the number of times that a factor is wanted are known as class imbalance

[Saito 2015, Richardson 2024].

As can be seen in the performance figures (Figure 6.6), certain factors perform better than others. Some

of this variation can be explained by the class imbalance. There is an inherent class imbalance in the

simulated dataset due to the two-part nature of the dataset creation. Recall that Factors Physical Distance

(PD), Physical Neighbor Distance (ND), and Same Subnetwork 4-Cycles (S4) are only found in the second

part of the dataset. For these factors, it is likely better to focus on the precision-recall curves rather than the

ROC curves in evaluating performance, as the precision-recall curve is less sensitive to low-prevalence class

imbalance [Saito 2015]. In this chapter, the F-score values, which are based on the precision-recall curves,

are shown. For a more in depth analysis including the ROC curves and precision-recall curves for individual

factors, see Appendix A.
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Figure 6.6: F-scores for individual factors. The F-score for β = 0.5 for each of the individual factors
with half the factors in Figure (a) and half the factors in Figure (b). The factors were split for visual clarity.
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6.2.3 Performance Explanations

There are two main hypotheses that can provide insight into the main shortcomings in performance. The

first we will refer to as the “poor model hypothesis”, which predicts how certain underlying models are not

well-conceived or well-behaved enough to be derivable through any procedure or indeed realistic enough to

exist in nature. The second we will refer to as the “interaction effects hypothesis”, which describes how,

through the interdependence of the various factors, certain factors may become functionally undetectable. It

is likely that both these hypotheses play a role in the performance of the procedure. This section will explore

these two hypotheses and argue that the procedure performs well enough to be used on the real data.

The Poor Model Hypothesis

Both the hypotheses for the procedure performance rely on an important fact—the conventions used to select

an underlying model in these simulated data are somewhat arbitrary. As we saw, the weight ranges were

determined through an imperfect convention and, further, no effort was made in balancing the weights of

the various factors when they appear together. Thus, it is arguable that the underlying truth is not wholly

derivable, nor particularly realistic.

The class imbalance between various factors that influences the performance is not only a result of the

disjoint dataset creation, but also impacted by procedure failures. Certain models with a particular factor

(or factor weight) may have a higher instance of not making it through the procedure. This suggests that

there is some survivorship bias in these results.

A model not making it through the procedure may be due to a number of circumstances. For instance,

if the density trends towards one or towards zero, Rsiena will have a hard time running any estimation, let

alone the more than fifty-five required in the procedure. Individual factor weights being set too high or too

low may disrupt the procedure completion. Other factors demonstrate a strong bias against either positive

or negative factor weights that may impact the frequency of procedural failure.

Beyond failure in making it through the procedure, unrealistic models can disrupt the accuracy of correctly

identifying the set of factors through particular factors dominating detectable change or creating extremely

high variability among tsim2 s.

All of this is evidence of the poor model hypothesis. This hypothesis argues that certain models in the

simulated dataset are unrealistic to ever exist in the real data. Recall, for instance, that density is necessarily

allowed to fluctuate between t1 and tsim2 in the simulated data, whereas the density is constant in the real

data. Models that significantly increase or decrease the density make the factors less detectable and are

fundamentally unrealistic, especially in this real dataset. Additionally, factor weights that were perhaps
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set too high, bias against certain weight values, or particular factor combinations can seemingly disrupt

the overall derivability of the underlying model. This seems to be an indication not of poor procedural

performance, but of poor model conception. These “poor models” could therefore be classified as out of the

scope of the hypothesis-building procedure.

Interaction Effects Hypothesis

The poor model hypothesis is robust in explaining, especially those (not inherent) class imbalances, and the

models that did not make it through the procedure. However, there are still some performance shortcomings

that can be explained by the interaction effects hypothesis. Recall that the main performance mistake in the

procedure is missing factors that are supposed to be found. Because of the interdependence of the various

factors, it is possible that most of the influence of a particular factor may be partially or mostly explained

by another factor, thus increasing the likelihood that one of those factors will be missed.

This can be seen in the often better performance of factors which are determined with non-network

information such as Factor Physical Distance (PD). This factor does not rely as heavily on network features

and is, therefore, easier to detect. Similarly, the generally poor performance of Factor Degree (D) can be

explained by the inadvertent priority of making connections inherent in the definitions of other factors. This

could make Factor D harder to detect.

This is very similar to the poor model hypothesis in that some models are less derivable than others, but,

while “poor models” can be considered outside the scope of the procedure, the interaction effects hypothesis

suggests that even a resultant model that is incorrect by missing factors can still explain most of the changes

occurring on the network. This is in line with the hypothesis-building procedure’s criteria defined, as it is,

as only including the minimum set of factors that can be considered not to be zero.

In combination with the overall performance results, these explanations of the shortcomings increase the

confidence with which this procedure is applied to the real dataset. The interpretation of the results will

assume that the underlying model that we wish to derive in this work is a well-behaved model that can be

explained through some subset of these factors. Of course, the factors included in this list are themselves a

limitation, and future work could expand and balance this list to maximize its explanatory power. Finally, it

is important to remember that all of these performance results and explanations serve only to confirm within

the SAOM framework. These results do not provide evidence of the merits of choosing the SAOM nor of its

application to brain networks. These do, however, explain the merits of using the novel hypothesis-building

procedure to determine the factors of the specific model of network change. The next section will review the

thresholding and estimating procedure based on these simulated data performance results.
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6.2.4 Thresholding and Estimating

It was discussed in the model derivation procedure section that after the hypothesis-building procedure is

completed, a threshold of 40% is applied. The resultant set of factors is considered the overall hypothesis.

Then, those factors’ their weights are estimated for each window in the set, regardless of whether the initial

hypothesis-building procedure for that window produced those factors. This is done to increase the level of

comparability between the windows.

The 40% threshold was selected based upon these simulated results. A 40% threshold states that if at

least 40% of the time windows find a particular factor, that factor is included. The peaks in the F-score

indicate the highest performing threshold. 40% is near the peak of the overall F-score curve (β = 0.5)

in both the overall and individual factors’ F-scores (Figures 6.5 and 6.6). A β value of 0.5 acknowledges

the interaction effects hypothesis that the factors being missed do not preclude the resultant model from

explaining most of the change. Thus, a 40% threshold was determined to be a reasonable choice given the

performance of the procedure.

A simulated dataset allows this procedure to be evaluated for its precision, recall, specificity, and accuracy

when the underlying model is known. The procedure is currently specific to undirected networks, and the

evaluation of the simulated data was conducted with the goals and assumptions of studying brain networks.

However, the basics of this procedure may be useful in other applications with other kinds of networks. It is

a proof of concept for applying the SAOM without a specific hypothesis in mind and having the development

and derivation of a specific hypothesis be data-driven. Overall, the hypothesis-building procedure is found

to be a useful and effective tool for applying the SAOM.
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Chapter 7

Results: Aging Models

The application of the procedures that have been discussed to brain networks provides insights into the

aging process and into the progression of age-related cognitive impairment. Recall that the dataset covers

ages 56-92, and most individuals with impairment have mild impairment. As discussed, this means that

results concerning impairment must be put into the context of Mild Cognitive Impairment (MCI). For the

calculation and categorization of impairment, we utilized the Clinical Dementia Rating Sum of Boxes (CDR-

SB) to retrieve a more dynamic categorization [O’Bryant 2008]. A time window is classified as control if the

average CDR-SB score across the two time points is less than or equal to 0.5. A time window is classified

as impaired if the average score is above 0.5, with mild impairment between 0.5 and 4, and significant

impairment above 4.

Throughout this section, statistical tests were run to determine the impact of demographic variables

on the factor weights. Certain symbols are used to represent the significance of these statistical tests. If

0.05 ≤ p < 0.1, the test is not significant, but represents a trend or pattern that may be informative; it is

marked with a †. If 0.01 ≤ p < 0.05, the test is marked with a ∗. If 0.001 ≤ p < 0.01, the test is marked with

a ∗∗. If p < 0.001, the test is marked with a ∗∗∗. The p-values are reported in the captions of the figures.

Recall that all calculations are made after the removal of outlier values.

The first section shows the pre-thresholded factor results to discuss the consistency and variability of the

resultant factor lists from the hypothesis-building procedure across subnetworks and demographic groups.

The second section covers the factor weight results for the models once the weights are estimated with the

same factor list to discuss the behavior of the general model of network change. The final section compares

the factor weights between demographic groups.
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7.1 Factor Results

This first section covers the inclusion and exclusion of particular factors from the hypothesis-building proce-

dure. It will discuss these results in the context of age, sex, and level of impairment for both the functional

and structural networks.

7.1.1 Functional Results

The overall hypothesis for the full fMRI networks includes the following factors:

• Factor Degree

Di =
N∑
j

xij

• Factor Transitive Triads

Ti =

N−1∑
j<h

N∑
h

xijxihxjh

• Factor Betweenness

Bi =

N∑
j

N∑
h

xhixij (1− xhj)

• Factor Distance 2

D2i =

N∑
j

(1− xij)max
h

(xihxhj)

• Factor 4-Cycles

C4i =
1

4

N∑
j

N∑
k

N∑
h

xijxikxhjxhk

• Factor Physical Distance

PDi =

N∑
j

xij(wij −
N∑
h

wih)

• Factor Physical Neighbor Distance

NDi =

N∑
j

N∑
h̸=j

xijxihwhj

• Factor Same Subnetwork

Si =

N∑
j

xij [vi = vj ]

These factors were found in at least 40% of the networks in the Hypothesis Group. Figure 7.1a shows the

networks of the Hypothesis Group that found each factor. The banding that is seen in this figure indicates

consistency across participants in the factors that are found. The derived factors are indicated with black

rectangles. The consistency of certain factors appearing in large numbers of individual time windows is

evidence that the change in these networks over time is not random or so individualized as to obscure the

overall pattern. Thus, the inclusion of all these factors for all participants in the Estimation Group was

preferred.

For the functional subnetworks, the found factors for all the subnetworks combined, as shown in Figure 7.1b,
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Figure 7.1: Functional factor results. These are the results of the hypothesis-building procedure for
the functional networks. In Figures (a) and (b), each column is a potential factor and each row is an time
window from the Hypothesis Group. Figure (a) shows the full network results, and Figure (b) shows the
subnetwork results. For these figures, yellow indicates that the factor was found while blue indicates that
the factor was not found. The percentages listed at the top are the percentage of the time windows that
found that particular factor. The time windows in Figure (b) are split into the subnetworks as indicated on
the y-axis. Figure (c) shows the same percentages separated by subnetwork. The first column of results are
those for the full network, and the following columns are the subnetworks. The factors above the dotted line
at 40% are those that meet the threshold that was set for inclusion in the overall hypothesis.
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Figure 7.2: Functional factor result comparisons. These are the results for the analysis of the inclusion
and exclusion of factors based on the demographic measures of impairment group (Figures a and d), sex
(Figures b and e), and age group (Figures c and f). Figures (a), (b), and (c) are for the full functional
networks, while Figures (d), (e), and (f) are for the functional subnetworks. Three analyses showed significant
differences or trends between groups for prevalence of Factor Same Subnetwork (S) in the full network—
impairment: p = 0.016, sex: p = 0.055, and age: p = 0.029.
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were Factor Degree (DS), Factor Betweenness (BS), and Factor Physical Distance (PDS). The potential

factor list for the subnetworks is shorter than the full network list because it does not contain the subnet-

work interaction factors (S,ST ,JT ,S4,S2). Figure 7.1c shows the percentages broken down by the individual

subnetworks. As can be seen, the subnetworks differ somewhat in which factors were found in each. For

instance, subnetwork DAN uniquely found Factor D2S and it can be seen in Figure 7.1b that the time

windows in the DAN that found Factor D2S often did not find Factor BS indicating some impact of the

overlap of these two factors. However, the consistently high values for the three found factors indicate their

explanatory significance to general subnetwork change over time.

The percentage of each factor found in the functional networks can also be analyzed for differences across

impairment groups, sex, and age groups as shown in Figure 7.2. These comparisons were conducted for each

of the full network factors and the subnetwork factors. The significances are from a Yates’s corrected χ2 test

of the proportion of that factor found in each group. Significant differences were found in the impairment

group and age group for Factor Same Subnetwork (S) (p = 0.016 and p = 0.029, respectively). However, it is

hard to say with the small sample size which of these demographic categories has the greatest impact or how

they interact. As this factor is included in the overall hypothesis, the factor weight with these demographic

measures may provide greater insight into these observed differences.

7.1.2 Structural Results

The overall hypothesis for the full structural networks includes mostly the same factors as the functional

result, except Factor Same Subnetworks (S) was not found, and Factor Assortativity (A) was found. These

are the resultant factors for the structural networks.

• Factor Degree

Di =

N∑
j

xij

• Factor Transitive Triads

Ti =

N−1∑
j<h

N∑
h

xijxihxjh

• Factor Betweenness

Bi =

N∑
j

N∑
h

xhixij (1− xhj)

• Factor Distance 2

D2i =

N∑
j

(1− xij)max
h

(xihxhj)
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• Factor 4-Cycles

C4i =
1

4

N∑
j

N∑
k

N∑
h

xijxikxhjxhk

• Factor Assortativity

Ai =

N∑
j

xij [vi = vj ]

• Factor Physical Distance

PDi =

N∑
j

xij(wij −
N∑
h

wih)

• Factor Physical Neighbor Distance

NDi =

N∑
j

N∑
h̸=j

xijxihwhj

These factors were found in at least 40% of the structural networks in the Hypothesis Group. Figure

7.3a shows the networks of the Hypothesis Group that found each factor.

Figure 7.3b shows the factor results for the structural subnetworks. The set of found factors for the

combined set of subnetworks is just Factor Physical Distance (PDS). The percentages for the individual

subnetworks, shown in Figure 7.3c, demonstrate consistency with the functional results (Figure 7.1c) in that

the default mode network (DMN) retains the most factors. This may be because it is the largest subnetwork

with 24 nodes. The second largest subnetwork is the visual network (VN) with 17 nodes. Interestingly, in

the functional analysis, the VN retained all the factors, albeit with a lower proportion of Factor PDS (red);

however, in the structural analysis, no factors were found in the VN. This could possibly be explained by

the larger spread of the nodes in the DMN compared to the VN, which is considered one of the most local

subnetworks [Yeo 2011]. This could dampen the influence of Factor PDS in the VN.

The demographic analysis between impairment groups, sex, and age groups for the structural networks

shown in Figure 7.4 indicate no strong differences that impact the inclusion or exclusion of a factor, as the

differences found are either well-below or well-above the 40% threshold.

7.2 Factor Weight Results

This section will show the results once the networks are thresholded and estimated with the same factors.

Because the factor weights show significant differences on measures such as impairment group, sex, and

age (Section 7.3), the reported weights are not indicative of universal applicability as a model. However,

the purpose of these averages is descriptive rather than predictive, offering a dynamical explanation for

the trends seen in previous research. Therefore, it is important to understand the general model that is

found to describe how these networks are changing. These averages are calculated using the mean least

squares approach discussed in Chapter 5 to include the uncertainty both from the estimation and between

participants.
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Figure 7.3: Structural factor results. These are the results of the hypothesis-building procedure for the
structural networks. In Figures (a) and (b), each column is a potential factor and each row is a time window
from the Hypothesis Group. Figure (a) shows the full network results, and Figure (b) shows the subnetwork
results. For these figures, yellow indicates that the factor was found while blue indicates that the factor
was not found. The percentages listed at the top are the percentage of the time windows that found that
particular factor. The time windows in Figure (b) are split into the subnetworks as indicated on the y-axis.
Figure (c) shows the same percentages separated by subnetwork. The first column of results are those for
the full network and the following columns are the subnetworks. The factors above the dotted line at 40%
are those that meet the threshold that was set for inclusion in the overall hypothesis.
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Figure 7.4: Structural factor result comparisons. These are the results for the analysis of the inclusion
and exclusion of factors based on the demographic measures of impairment group (Figures a and d), sex
(Figures b and e), and age group (Figures c and f). Figures (a), (b), and (c) are for the full structural
networks, while Figures (d), (e), and (f) are for the structural subnetworks. Two analyses showed significant
differences or trends between groups in the subnetwork results—for impairment group differences for Factor
Physical Distance (PD) (p = 0.018) and for age group differences for Factor Transitive Triads (T ) (p = 0.095).
However, all of these differences are well-above or well-below the 40% threshold for the difference to have an
impact on factor inclusion.

79



Factor Functional Structural

ρ (5.75± 0.17)× 101 (1.79± 0.12)× 101

D (−102.0± 1.6)× 10−2 (−189± 4)× 10−2

T (259± 5)× 10−3 (259± 5)× 10−3

B (−45.0± 1.4)× 10−3 (−17± 3)× 10−3

D2 (−114± 2)× 10−3 (−111± 3)× 10−3

C4 (−72± 2)× 10−4 (−64± 2)× 10−4

A (−9± 2)× 10−3

PD (−69± 2)× 10−4 (−226± 6)× 10−4

ND (11.0± 0.8)× 10−5 (20.0± 1.4)× 10−5

S (28.0± 1.9)× 10−2

Table 7.1: Full network factor weights. This table shows the weighted average values and standard
errors for the factors in the full network models for both functional and structural. These averages include
all participants.

7.2.1 Full Network Results

The results for the full networks are shown in Table 7.1. It is important to remember that these weights are

not normalized. Thus, the relatively low values for Factor Physical Neighbor Distance (ND), for example,

are not indicative that Factor ND has a lower impact compared to the other factors. For the purposes of this

discussion, I will focus mainly on the signs of the weights, which indicate whether the network is changing

towards or away from that factor. These factors interact in unique and interesting ways, and I will discuss

some of those here. Figure 7.5 shows a series of toy networks that will aid in this discussion.

Factor Degree (D) is the number of connections to which a node is connected (Figure 7.5a). A negative

weight for Factor D suggests that nodes in the network are unlikely to connect with one another unless there

is some other incentive from the other factors in the model. In other words, it can be said that connections

are expensive.

Factor Transitive Triads (T ) is the number of triangles to which a node belongs (Figure 7.5b). A positive

weight for Factor T indicates that nodes in the network want to make triangles. This factor is connected to

clustering in traditional network analysis. If the first two factors were alone in the model, it would indicate
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Figure 7.5: Factor toy networks for the models. These toy networks demonstrate the local behaviors
of various factors in accordance with the models found in the brain networks. Red dotted lines indicate the
likelihood to dissolve a connection, while green dotted lines represent the likelihood to build a connection
given the weights. Arrowed lines demonstrate physical distance.
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that nodes are unlikely to connect with other nodes unless a triangle is formed.

Factor Betweenness (B) is a measure of to how many pairs of disconnected nodes a node is connected

(Figure 7.5c). A negative weight for Factor B indicates that nodes in the network will tend to dissolve con-

nections with nodes that are not part of their own neighborhood, as these nodes are likely to be disconnected

from a large number of the node’s neighbors. The second toy network in Figure 7.5c shows this dynamic.

Factor Distance 2 (D2) is a measure of the number of nodes that a node is not directly connected to, but

is connected to at a distance of two connections (Figure 7.5d). This is a measure of network distance and

not physical distance like Factors PD and ND. A negative weight for Factor D2 indicates, in harmony with

Factor T , that nodes will tend to close the gap between nodes that are at a path length of two. The first

image in Figure 7.5d shows this. However, dissolving connections can also be an effective way to decrease a

node’s measure of Factor D2. Specifically, by dissolving connections with highly connected nodes of different

neighborhoods the measure of Factor D2 can be reduced by more than just one node. The second image in

Figure 7.5d shows this dynamic. Since this factor does not count how many ways a node is connected at a

distance of two, redundancies in the network remain quite robust to this factor.

Factor 4-Cycles (C4) is a measure of the number of rectangles to which a node belongs (Figure 7.5e).

With a negative weight, Factor C4 indicates that nodes will decrease their connections with rectangles. This

measure does not distinguish between rectangles where the node of interest is a part of a triangle and ones

where it is not, indicating some interplay with Factor T . Of particular interest for this factor is the kite shape

shown in the second toy network in Figure 7.5e in which node i is a part of eight rectangles and dissolving

one of these connections in the kite would eliminate four of those rectangles compared to eliminating two by

dissolving from the open rectangle (remember that nodes are only allowed to make one change at a time).

The redundancies in the network are not as robust to this factor as they are to Factor D2. Thus, this factor,

with a negative weight, can indicate an increase in local efficiency.

Factor Assortativity (A), which is only present in the structural models, is a measure of the connectivity

of a node and its neighbors (Figure 7.5f). The impact of this factor is scaled by the connectivity of the

node of interest. So, Factor A is not a true measure of assortativity, where low-degree nodes connect with

low-degree nodes and high-degree nodes connect with high-degree nodes. Instead, if the node of interest

is low-degree, the factor is less impactful and will give a slight negative preference to high-degree nodes,

but if the node of interest is high-degree, the factor has a much higher impact and the node is much more

likely to avoid connecting with other high-degree nodes. With a negative weight, this factor indicates that

high-degree nodes are likely to dissolve their connections with other high-degree nodes breaking hub-to-hub

connectivity.

Factor Physical Distance (PD) is a measure of the sum of the physical distances (Euclidean distances)
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between a node and its neighbors (Figure 7.5g). With a negative weight, this factor indicates that nodes

will tend to dissolve connections with the furthest away nodes and build connections with local nodes.

Factor Physical Neighbor Distance (ND) is a measure of the physical distance between a node’s neighbors

regardless of their distance from the node itself (Figure 7.5h). With a positive weight, this factor indicates

that nodes tend to connect with nodes that are far away from their own neighbors. Along with Factor PD,

this indicates that the connections in the network are traversing the brain through local hops across the

brain space—connecting with the local node furthest away from its neighbors.

Factor Same Subnetwork (S), which is only found in the functional models, is a measure of a node’s

connectivity with members of its own subnetwork (Figure 7.5i). With a positive weight, this factor indicates

that nodes are more likely to connect with members of their own subnetwork or, in combination with Factor

D, dissolve connections with nodes of other subnetworks. This is likely to increase connectivity within

subnetworks and descrease cross-network connectivity.

7.2.2 Subnetwork Results

The results for the subnetworks are displayed in Table 7.2. While the factors involved in the subnetworks

are mathematically the same as in the full network, careful consideration of their interpretation in context

can lead to some unique conclusions.

Factor Degree (DS) has a positive weight in the functional subnetwork models, despite a negative weight

in the full network models. This is because this factor is a measure of connectivity within the subnetwork

and is more closely tied to Factor S, establishing that connections within subnetworks are less expensive than

connections outside of subnetworks. This is in harmony with the results for Factor S in the full network.

The subnetwork Factor Betweenness (BS) would be less focused on dissolving connectivity between large-

scale modular groups (like the subnetworks themselves tend to be). Instead, with a negative weight, this

factor is likely to decrease the connectivity of internal subnetwork hubs, which tend to have the highest

betweenness in a highly-connected network.

The subnetwork Factor Physical Distance (PDS) is still closely tied to the full network measure of

physical distance; however, in the subnetworks, this factor interplays with the established geometry of the

subnetworks. In the full network, the nodes are evenly spaced, while in the subnetworks, some subnetworks

are more spread out than others. For instance, the DMN has a large spread while the VN has a small

spread [Yeo 2011]. We might expect to see long-range connections be more expensive in the DMN than the

VN, but this is not the case in the functional models. this suggests that the DMN is more willing to make

distant connections despite its geometry. This is an excellent way to highlight that the factor weights across
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Factor Functional Structural

VN

ρ 2.41± 0.09 0.76± 0.05

DS 187× 10−2 ± 3× 10−2

BS −62.2× 10−2 ± 1.2× 10−2

PDS −16.1× 10−3 ± 0.8× 10−3 −23× 10−3 ± 2× 10−3

SMN

ρ 1.73± 0.08 1.06± 0.07

DS 177× 10−2 ± 4× 10−2

BS −81× 10−2 ± 2× 10−2

PDS −6.3× 10−3 ± 0.6× 10−3 −36× 10−3 ± 2× 10−3

DAN

ρ 5.3± 0.3 0.65± 0.04

DS 168× 10−2 ± 4× 10−2

BS −76.1× 10−2 ± 1.8× 10−2

PDS −11.1× 10−3 ± 0.6× 10−3 −17× 10−3 ± 3× 10−3

SN

ρ 1.07± 0.05 0.81± 0.04

DS 133× 10−2 ± 6× 10−2

BS −94× 10−2 ± 4× 10−2

PDS −10.2× 10−3 ± 0.7× 10−3 −35.2× 10−3 ± 1.6× 10−3

FPN

ρ 3.49± 0.20 0.50± 0.03

DS 129× 10−2 ± 5× 10−2

BS −86× 10−2 ± 3× 10−2

PDS −9.2× 10−3 ± 0.4× 10−3 −15.3× 10−3 ± 1.1× 10−3

DMN

ρ 9.43± 0.53 1.56± 0.07

DS 184× 10−2 ± 3× 10−2

BS −66× 10−2 ± 1.0× 10−2

PDS −8.1× 10−3 ± 0.3× 10−3 −21.2× 10−3 ± 0.9× 10−3

Table 7.2: Subnetwork factor weights This table shows the weighted average values and standard errors
for the factors in the subnetwork models for both functional and structural. These averages include all
participants.
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subnetworks are not directly comparable due to their differing numbers of nodes, despite having the same

model. However, these may be an indication of the need for further exploration as to the physical constraints

on connectivity in the subnetworks. Keeping the differing geometry in mind while analyzing this factor is

important to understanding the meaning of differences in this factor.

Overall, the functional subnetworks are connecting within their own community, decreasing the connec-

tivity of the internal hubs, and choosing more local connections. The structural subnetworks are mostly

driven by the negative prioritization of the distance between their nodes, indicating some segregation inside

the subnetworks based on distance. These results are mostly in keeping with the full network results; how-

ever, there is some indication of heterogeneity in these subnetwork weight results, which can inform later

analyses.

7.2.3 Functional and Structural Comparisons

The first thing to establish is that because the functional and structural networks have different models,

the weights of the factors are not directly comparable. As a result, this section will talk generally about

the observable differences between the functional and structural models based on what is known about the

factors’ behaviors.

The rate (ρ) is defined as the average number of opportunities that each node in the network will have to

change between time point 1 (t1) and time point 2 (t2). One can see the much higher rate in the functional

compared to the structural. Changes are happening more rapidly in the functional network.

The weights for Factors D, PD, and ND are much higher (in absolute value) in the structural compared

to the functional, with many of the other priorities staying at similar values. This indicates that the relative

impact of these factors is higher in the structural models. It is likely that connections, especially those that

span large distances, are more expensive in the structural networks compared to the functional.

The impact of Factor B is much lower in the structural compared to the functional; however, looking at

the addition of Factor A might provide some insight. Factors B and A cover some similar network structures,

such as decreasing hub-to-hub connectivity. The lower value for Factor B could be due to the presence of

Factor A leaving Factor B, in the structural, to focus on the betweenness of lower degree nodes where Factor

A has less impact. Factor A is present in the structural networks and absent in the functional networks.

This indicates that it is a priority in the structural to decrease hub-to-hub connectivity, but this is not a

significant priority in the functional.

Factor S is present in the functional networks and absent in the structural networks. The overall pattern

of the factors so far indicates a movement towards greater modularity, specifically with factors like Factors
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T , B, and D2, which drive greater segmentation and clustering. Thus, Factor S would be in harmony with

these movements and would perhaps guide them towards the already established subnetworks rather than

promoting general modularity. The absence of this factor in the structural is indicative of a network less

concerned with the established subnetwork structure. Noting that these subnetworks are, by definition,

functional subnetworks, this makes sense.

In the subnetworks, the presence of Factors DS and BS in the functional models suggests some dynamics

inside the subnetworks not particularly present in the structural subnetworks. This, in combination with

the presence of Factor S, suggests that the functional networks experience significant subnetwork changes

over time.

Overall, these networks seem to promote modularity and local efficiency and deter long-range connectivity

over time. In the functional, the promotion of modularity is focused on the established subnetworks where

there is a deterrent for betweenness. In the structural, the deterrent of long-range connectivity is stronger,

and the networks uniquely deter hub-to-hub connectivity. The next section will explore the difference in the

estimated factor weights across impairment groups, sex, and age for the functional and structural networks.

7.3 Factor Weight Demographic Results

This section will analyze the impact of demographic measures such as impairment group, sex, and age on

the factor weights. In order to understand the differences between impairment groups, a series of weighted

t-tests were conducted to see if the mean of the control was significantly different than the means of the

impairment groups. The control group, blue in the graphs, are the individuals with low CDR-SB scores. The

impairment group, red in the graphs, is the combination of the mild impairment and significant impairment

individuals. Weighted t-tests were also run between the control and the mild impairment group (light red)

and between the control and the significant impairment group (dark red). A weighted t-test was run between

males (bright green) and females (bright pink), and a weighted 2-way ANOVA was used with impairment,

sex, and their interaction. This was done for the full impairment group and the mild impairment group. The

number of significant impairment individuals is low so ANOVAs between those groups was not conducted.

For the ANOVA, the graphs from left to right are male controls (light blue), male impairment (green), female

controls (purple), and female impairment (dark pink). Individual weighted t-tests were conducted between

these groups to further understand the interactions. Finally, we fit weighted linear regression models with

predictors for age, impairment group, and their interaction. Age was mean-centered to aid interpretation,

such that the main effect of impairment tested group differences at the average age, the main effect of age

reflected the age slope within the control group, and the interaction tested whether age-related changes
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Figure 7.6: Functional rate comparisons. These graphs show the differences between demographic
groups for the rate in the functional networks. Figure (a) shows a higher rate in the impairment group (red)
compared to the control group (blue), p = 3× 10−8. Figure (b) shows a higher rate in the mild impairment
group (light red) compared to the control group (blue), p = 2 × 10−7. Figure (c) shows a lower rate in
the significant impairment group (dark red) compared to the control group (blue), p = 0.007. Figure (d)
shows a minor impairment effect, p = 0.06, and an impairment-sex interaction effect, p = 3×10−4 in a 2-way
ANOVA. It shows a lower rate in the male control group (light blue) compared to the male impairment group
(green), p = 2× 10−7, a lower rate in the female control group (purple) compared to the female impairment
group (dark pink), p = 0.002, and a higher rate for the male impairment group (green) compared to the
female impairment group (dark pink), p = 0.03.
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differed between groups. In addition, individual weighted correlations were used to quantify associations

between continuous variables, and fitted regression trend lines are shown in the figures to illustrate the

direction and magnitude of effects. Together, these tests allowed us to evaluate both group-level differences

and the influence of demographic variables on the factor weights. The current reported results do not make

adjustments for repeated measures due to the longitudinal data and further analyses such as mixed-effects

models could be conducted to assess the impact of repeated measures. In the reporting of these tests, only

informative graphs were included. The remaining tests were either not significant or reiterated information

contained in the included graphs (like showing little difference between the impairment ANOVA and the

mild impairment ANOVA).

7.3.1 Functional Results

The functional rate of change (ρ) is consistently higher in the impairment group compared to the control,

specifically in the mild impairment group (Figures 7.6a and 7.6b). The most significantly impaired individuals

actually saw a decline in their rates compared to controls (Figure 7.6e). Individuals with mild impairment

have functional networks that are changing the most rapidly, but this acceleration declines in significant

impairment. These differences are modulated by sex, with males showing a larger difference between the

control and impairment group (Figure 7.6).

In the subnetworks, some subnetworks show consistency with the full network rate results and others

do not, suggesting that the rates of change are heterogeneous across the brain. Higher rates for the overall

impairment group are found in the SN and DMN (Figures 7.7h and 7.7k), while lower rates for the impairment

group are found in the VN and FPN (Figures 7.7a and 7.7d). The most significantly impaired individuals

have rate behavior that is inverse of the subnetwork’s overall trend in the VN and DMN (Figures 7.7b and

7.7l) while the FPN and SN show consistency with that subnetwork’s overall impairment trend (Figures 7.7e

and 7.7i). The FPN and DMN both show stronger impairment differences to rate in females (Figures 7.7g

and 7.7n) while the VN and SN show stronger impairment differences in rate in males (Figures 7.7c and

7.7j).

When discussing factors weights in the following sections, more weight will refer to a higher absolute

value of the factor weight. This refers to how impactful a factor is rather than the overall number of the

weight since some weights are negative and others are positive. The dotted line at zero orients the graph

based on whether the weights are mostly positive or mostly negative.

As shown in Figure 7.8a, Factor Degree (D) in the impairment group has a smaller negative weight than

the control group. Along with the pattern of the rate, for individuals with mild impairment, the functional
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Figure 7.7: Functional rate for subnetworks comparisons. These graphs show the differences between
demographic groups for the rate in the functional subnetworks. Figure (a) shows a trend of lower rates in
the impairment group, p = 0.07, in the VN. Figure (b) shows a higher rate in the significant impairment
group, p = 0.003, in the VN. Figure (c) shows an impairment-sex interaction effect, p = 1 × 10−4, lower
rates in impairment group among males, p = 1 × 10−6, and lower rates for females among the impairment
group, p = 2 × 10−5, in the VN. Figure (d) shows a lower rate in the impairment group, p = 3 × 10−8,
in the FPN. Figure (e) shows a lower rate in the significant impairment group, p = 0.002, in the FPN.
Figure (f) shows a lower rate for females compared to males, p = 1 × 10−4, in the FPN. Figure (g) shows
an impairment-sex interaction effect, p = 0.006, a trend of higher rates in the impairment group among
males, p = 0.05, lower rates in the impairment group among females, p = 3× 10−14, an increase in the rate
for females among the control group, p = 0.008, and a decrease for females among the impairment group,
p = 0.003, in the FPN. Figure (h) shows a trend of higher rates for the impairment group, p = 0.06, in the
SN. Figure (i) shows a trend of higher rates for the significant impairment group, p = 0.06, in the SN. Figure
(j) shows an impairment-sex interaction effect, p = 0.01, a higher rate in the impairment group among males,
p = 1 × 10−4, and a lower rate for females among the impairment group, p = 0.008, in the SN. Figure (k)
shows a higher value in the impairment group, p = 0.005, in the DMN. Figure (l) shows a lower value in the
significant impairment group, p = 0.02, in the DMN. Figure (m) shows a lower value in females, p = 0.002,
in the DMN. Figure (n) shows lower rates in females among controls, p = 0.001, and higher rates in the
impairment group among females, p = 1× 10−4, in the DMN.
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Figure 7.8: Functional weight comparisons for Factor Degree and Factor Distance 2. These graphs
show the differences between demographic groups for Factor Degree (D) (left) and Factor Distance 2 (D2)
(right) in the functional models. Figure (a) shows a less negative value of Factor D in the impairment group
(red) compared to the control group (blue), p = 0.04. Figure (b) shows a trend towards a more negative
value for Factor D2 in the impairment group (red) compared to the control group (blue), p = 0.08. Figure
(c) shows a less negative value for Factor D2 in the female group (bright pink) compared to the male group
(bright green), p = 0.03. Figure (d) shows an impairment-sex interaction effect, p = 0.01, a difference
between the male control group (light blue) and female control group (purple), p = 0.03, and a weak trend
between the female control group (purple) and female impairment group (dark pink), p = 0.08 for Factor
D2.
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networks are changing more rapidly, and connections are not as expensive as they are in the control networks.

This demonstrates greater randomness in the network changes in the mild impairment group.

Figure 7.8b, 7.8c, and 7.8d shows an interdependency in Factor Distance 2 (D2) where female controls

show a smaller weight compared to male controls (Figure 7.8d) and a weakly significant trend of higher

values compared with females with impairment (Figures 7.8d). This suggests that because females have a

lower baseline of segmenting communities and impairment may pose a disruption in this pattern.

A slightly different pattern is seen in Figures 7.9a and 7.9b where Factor Same Subnetwork (S) has a

lower positive weight in females compared to males specifically in the impairment group (Figures 7.9a and

7.9b). A significant difference between the female controls and the females with impairment, combined with

the Factor D2 results, suggests that the disease progression for females with impairment sees a disruption

in the modular structure and network segmentation.

This result may also clarify the results seen in Figure 7.2 where it is unknown if the significant inclusion

disparity is due to impairment, sex, or age group. If the weight for a factor is closer to zero, this may

mean that factor is less likely to appear as a factor after the hypothesis-building procedure. In this case,

females showed lower weights for Factor S, but perhaps a higher instance of finding Factor S after the

hypothesis-building procedure and a lower value in impairment—this could indicate that the primary driver

of the inclusion disparity is impairment rather than sex or age. Further exploration of this subject with a

larger Hypothesis Group is suggested for future research.

One can observe Factor S as a general measure of the intra-network connectivity in the subnetworks. The

subnetworks Factor Degree (DS) provides further detail into any heterogeneity in the intra-network connec-

tivity of individual subnetworks. Only one network, the FPN, showed significant differences on demographic

measures for Factor DS . A trend towards a more positive weight in the impairment group was found with

weak significance, but the pattern is much stronger between control and diagnosed females (Figures 7.9c and

7.9d). This extends the pattern of females with impairment showing a disrupted modular structure.

The behavior of the functional subnetworks can be studied further by exploring the other two factors

that make up the subnetwork hypothesis. The subnetwork Factor Betweenness (BS) showed some results

specifically among the mild impairment group. In the DMN, the general trend of more negative prioritization

of Factor BS in the mild impairment group was found to be particularly prominent in the female groups

(Figures 7.10a and 7.10b). The VN demonstrated interaction results with the negative priority increasing

among females with impairment, consistent with the DMN, but decreasing among males with impairment

(Figures 7.10c and 7.10d). There was also an interaction effect on the mild impairment difference with

age in the VN, where a greater difference is shown early in the aging process (Figure 7.10e). These both

may explain the lack of result in Figure 7.10c. These results suggest a disruption in the subnetwork hub
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Figure 7.9: Functional weight comparisons for Factor Same Subnetwork and subnetwork Factor
Degree. These graphs show the differences between demographic groups for Factor Same Subnetwork (S)
in the functional networks and for Factor Degree (DS) in the functional subnetworks. Figure (a) shows a
somewhat less positive value in the female group (bright pink) compared to the male group (bright green),
p = 0.05. Figure (b) shows a (not really significant) sex effect, p = 0.09 and a significant impairment-sex
interaction effect, 9× 10−5, and shows a difference between the male impairment group (green) and female
impairment group (dark pink), p = 5 × 10−5, and a difference between the female control group (purple)
and female impairment group (dark pink), p = 0.005. Figure (c) shows a trend towards a more positive
value in the impairment group (red) compared to the control group (blue), p = 0.06, in the FPN. Figure
(d) shows a weak interaction effect, p = 0.07, between impairment group and sex, and shows a difference
between the male impairment group (green) and female impairment group (dark pink), p = 0.003, and a
difference between the female control group (purple) and female impairment group (dark pink), p = 0.04, in
the FPN.
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Figure 7.10: Functional weights for subnetwork Factor Betweenness and subnetwork Factor
Physical Distance. These graphs show the differences Factor Betweenness and Factor Physical Distance
in the functional subnetworks. (a) shows a difference for subnetwork Factor BS in the mild impairment
group, p = 0.04, in the DMN. (b) shows a (not significant) impairment-sex interaction effect, p = 0.09, for
Factor BS , and shows a difference between impairment among females, p = 0.02, in the DMN. (c) shows
no significant difference between the mild impairment and controls for Factor BS in VN. (d) shows an
interaction effect, p = 0.003, between mild impairment group and sex for Factor BS , and shows a difference
between sexes among controls, p = 0.08, and among the impairment group, p = 0.02. It shows a difference
between impairment groups among males, p = 0.02, and among females, p = 0.06, in the VN. (e) shows
a mild impairment-age interaction effect, p = 0.03, for Factor BS in the VN. (f) shows a higher value for
Factor PDS in females, p = 0.02, in the DAN. (g) shows a sex effect, p = 0.04, an impairment-sex interaction
effect, p = 0.002, for Factor PDS , and shows a difference between sexes among the control, p = 0.009, and
a difference among impairment group among females, p = 0.02, in the DAN.
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connectivity with mild impairment.

The final subnetwork factor is Factor Physical Distance (PDS). The DAN showed significant sex dif-

ferences where males consistently more negatively prioritize physical distance compared to females even as

females in the impairment group show a higher negative prioritization than their control counterparts (Fig-

ures 7.10f and 7.10g). The large sex difference in the control group suggests that a larger negative priority

for males compared to females is the baseline in the DAN. This may be influenced by the differences in the

size of the brain between males and females [van Eijk 2021] especially for a widespread subnetwork like the

DAN [Yeo 2011]. Because this can be seen as a measure of the cost of long-range connections, the larger

brains of males may explain why building long-range connections is more expensive1. However, this result

was only seen in the DAN, so further exploration may be needed to better understand this phenomenon.

Overall, the evidence in these results is that the changes to functional networks are particularly impacted

by impairment and sex. Mild impairment often behaves differently from both control and significant im-

pairment. Mildly impaired networks change more rapidly with changes distributed unevenly in the various

subnetworks. Additionally, between the modularity-related full network factors and the subnetwork factors,

females with impairment demonstrate a disruption in the subnetworks that is somewhat absent for males.

7.3.2 Structural Results

Similar to the functional results, the structural networks demonstrated an increased rate of change (ρ)

in the impairment, and particularly the mild impairment, group compared to controls (Figures 7.11a and

7.11b). This difference is similarly most pronounced among males (Figure 7.11d). Once again, however, the

significant impairment group shows an inverse trend with lower rates in the significantly impairment group

compared to the control group (Figure 7.11c). Unique to the structural networks, age plays a role in the

rate. The rate decreases with age in the mild impairment group. This trend amplifies the difference between

mild impairment and control in early aging and demonstrates that the difference declines with the age of

the participant (Figure 7.11e).

The rate for the subnetworks in the structural shows strong consistency with the full network results.

Faster rates of change in the impairment group were found in the DAN, SN, and FPN (Figures 7.12a,

7.12d, and 7.12g). The subnetworks that found differences between the impairment groups found stronger

differences among females, differing from the male-dominated differences in the full network results (Figures

7.12c, 7.12f, 7.12i, and 7.11d). Despite the differences seen in the full network rate, the SN and FPN showed

the significant impairment group to have a higher rate compared to the controls, suggesting that other

1The coordinate system used in this study is the same for all individuals, and brain size is not a considered variable. Despite
this, the implication about cost can still be extrapolated.

94



Figure 7.11: Structural rate comparisons. These graphs show the differences between demographic
groups for the rate in the structural networks. Figure (a) shows a higher rate in the impairment group (red)
compared to the control group (blue), p = 0.006. Figure (b) shows a higher rate in the mild impairment
group (light red) compared to the control group (blue), p = 0.02. Figure (c) shows a lower value in the
significant impairment group (dark red) compared to the control group (blue), p = 2 × 10−4. Figure (d)
shows an impairment-sex interaction effect, p = 0.008, and a difference between the male control group (light
blue) and male impairment group (green), p = 0.001. Figure (e) shows an mild impairment effect, p = 0.008,
and an mild impairment-age interaction effect, p = 0.005 for a weighted linear regression model. It also
shows a weak negative correlation with age in the mild impairment group (light red) (R2 = 0.03, p = 0.02).
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Figure 7.12: Structural rate for subnetworks comparisons. These graphs show the differences between
demographic groups for the rate in the structural subnetworks. Figure (a) shows a higher rate in the
impairment group compared to the control group, p = 1×10−6, in the DAN. Figure (b) shows a higher value
in the female group compared to the male group, p = 0.002, in the DAN. Figure (c) shows a higher rate for
the impairment group among females, p = 2×10−5, and a high rate for females among the impairment group,
p = 0.003, in the DAN. Figure (d) shows a higher value in the impairment group compared to the control
group, p = 0.005, in the SN. Figure (e) shows a higher value in the significant impairment group compared to
the control group, p = 0.03, in the SN. Figure (f) shows a impairment-sex interaction effect, p = 0.03, a trend
of higher rates in the impairment group among males, p = 0.07, and a higher rate in the impairment group
among females, p = 0.01, in the SN. Figure (g) shows a higher value in the impairment group compared to
the control group, p = 0.01, in the FPN. Figure (h) shows a higher value in the significant impairment group
compared to the control group, p = 0.009, in the FPN. Figure (i) shows a weak impairment-sex interaction
effect, p = 0.06, a higher rate in the impairment group among males, p = 0.05, and among females, p = 0.04,
in the FPN. 96



subnetworks may be contributing to the lower full network rate. Of course, that heterogeneity requires

further research due to the small sample size of the significant impairment group in this study.

Once again mirroring the functional results, the negative prioritization of Factor Degree (D) trends

towards decreasing in the impairment group compared to the control group (Figure 7.13a). However, while

in the functional, the difference was most pronounced in the mild impairment group, the structural shows

a difference more pronounced in the significant impairment group (Figures 7.13b and 7.13c). The mild

impairment differences may be absent due to the intersection with age that suggests that this factor weight

in the mild impairment group becomes more negative with time meaning any lower prioritization in the mild

impairment group compared to the control all but disappears by about 78 years (Figure 7.13d).

Factor Transitive Triads (T ) has a significantly lower positive priority in the impairment group compared

to the control (Figure 7.13e). The effect, once again, is most pronounced in the early stages of aging (Figure

7.13g). This suggests that impairment is related to a decreased priority of clustering on the network. This

difference is also most pronounced in females (Figure 7.13f). This may indicate some consistency in the

female-specific modularity disruption seen in the functional models.

As seen in Figure 7.14a, Factor 4-Cycles (C4) shows a decrease in negative prioritization in the impairment

group. This factor follows a similar age-related pattern to the other structural factors, with a decrease in

the differences between groups with age (Figure 7.14b). The impairment group sees an increase in negative

prioritization with age. This suggests that the impairment group sees a lower prioritization of local efficiency

that improves with age.

Factor Assortativity (A), in Figures 7.14c and 7.14d, shows a decrease in the negative prioritization

in the impairment group, especially among males, trending towards zero. This suggests that males with

impairment are not preventing hub-to-hub connectivity as well as the control group.

The only factor found as part of the subnetwork hypothesis for the structural networks was Factor Phys-

ical Distance (PD). In the SMN and SN, a lower negative priority in the significant impairment group was

found (Figures 7.15b and 7.15e), likely impacting the overall impairment group (Figures 7.15a and 7.15d).

The result was most prominent among males (Figures 7.15c and 7.15f). This indicates that, in significant

impairment, the prevention of long-range connectivity is less of a priority compared to controls. In the con-

versation about connectivity cost of long-range connections, it may be interpreted that in these subnetworks,

which are considerably less widespread than, say, the DMN [Yeo 2011], the significant impairment group is

wasting connectivity resources on expensive long-range connections, but only within those subnetworks.

Overall, the structural networks seem to be more strongly impacted by impairment compared to the func-

tional, as a greater number of factors are impacted. Except for rate, the significant impairment group shows

greater and more consistent impacts compared to controls in the structural. There are some impairment
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Figure 7.13: Structural weight comparisons for Factor Degree and Factor Transitive Triads.
These graphs show the differences between demographic groups for Factor Degree (D) (left) and Factor
Transitive Triads (T ) (right) in the structural networks. Figure (a) shows a trend towards a less positive
value in the impairment group (red) compared to the control group (blue), p = 0.08, for Factor D. Figure (b)
shows no significant difference between the mild impairment group (light red) compared to the control group
(blue) for Factor D. Figure (c) shows a less positive value in the significant impairment group (dark red)
compared to the control group (blue), p = 0.04, for Factor D. Figure (d) shows a weak negative correlation
with age in the mild impairment group (R2 = 0.03, p = 0.02) for Factor D. Figure (e) shows a less positive
value in the impairment group (red) compared to the control group (blue), p = 0.01, for Factor T . Figure
(f) shows a minor impairment effect, p = 0.06, and an impairment-sex interaction effect, p = 0.01 on a 2-way
ANOVA. It shows a higher value in the female control group (purple) compared to the female impairment
group (dark pink), p = 0.02 for Factor T . Figure (g) shows an impairment effect, p = 0.004, (at average age)
and an impairment-age interaction effect, p = 0.03 on a weighted linear regression model. It shows a weak
positive correlation with age in the impairment group (R2 = 0.03 p = 0.03).
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Figure 7.14: Structural weight comparisons for Factor 4-Cycles and Factor Assortativity. These
graphs show the differences between demographic groups for Factor 4-Cycles (C4) (left) and Factor Assor-
tativity (A) (right) in the structural networks. Figure (a) shows a less negative value in the impairment
group (red) compared to the control group (blue), p = 0.04, for Factor C4. Figure (b) shows a Factor C4
impairment effect (at the average age), p = 0.01, and an impairment-age interaction effect, p = 0.003 on a
weighted linear regression model. It also shows a weak negative correlation with age in the impairment group
(R2 = 0.07, p = 2× 10−4). Figure (c) shows a less negative value in the impairment group (red) compared
to the control group (blue), p = 0.02, for Factor A. Figure (d) shows a Factor A significant impairment-sex
interaction effect, p = 0.004, and a higher value for the male control group (light blue) compared to the male
impairment group (green), p = 0.04.
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Figure 7.15: Structural weight comparisons for subnetwork Factor Physical Distance. These
graphs show the differences between demographic groups for Factor Physical Distance (PDS) in the structural
subnetworks. Figure (a) shows a less negative value in the impairment group (red) vs the control group (blue),
p = 0.04, in the SMN. Figure (b) shows a less negative value for the significant impairment group (dark
red) compared to the control (blue), p = 0.04, in the SMN. Figure (c) shows a significant impairment-sex
interaction effect, p = 4 × 10−4, and a lower value for the male control group (light blue) compared to the
male impairment group (green), p = 0.03, in the SMN. Figure (d) shows a non-significant trend between the
impairment group (red) compared to the control group (blue), p = 0.09, in the SN. Figure (e) shows a less
negative value for the significant impairment group (dark red) compared to the controls (blue), p = 0.01, in
the SN. Figure (f) shows an impairment-sex interaction effect, p = 0.05, and a lower value for male controls
(light blue) compared to males with impairment (green), p = 0.03, in the SN.
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differences that are more prominent in males, suggesting there may be some greater connection between

structural decline and cognitive ability in males. The impairment group shows a consistent pattern of strong

differences in early age that trend toward the control in later adulthood. The most consistent and striking

result is the tendency of factors in the structural models to have weights closer to zero in the impairment

groups. This indicates a trend toward randomness in the connectivity of the impaired structural networks

over time.
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Chapter 8

Discussion

In this project, we developed a set of models of network change for functional and structural brain networks

in aging by applying the stochastic actor-oriented model (SAOM) as the framework for these models. The

models propose a dynamical explanation of aging trends through the prioritization of certain factors—these

factors drive change on the network. The models found in this study generally promote modularity and local

efficiency while preventing long-range connectivity. The general models, as well as the differences between

factor weights in different demographic groups, contribute significantly to the emerging picture of aging

grounded in complex interactions and dynamics. The careful consideration of the interpretation of these

models is essential for placing them in the context of our current understanding of the aging brain. In this

section, I will discuss the results in terms of key interpretive hypotheses and place them in the context of

the literature.

8.1 The Maintenance Hypothesis

To begin understanding these models and their promotion of modularity, efficiency, and local-range connec-

tivity, a central question emerges that will shape the interpretation and future applications of these models.

In a population of aging adults with and without impairments, do the models found in this project represent

an overall decline that occurs with age or the maintenance of established brain structure?

We argue that the overall models generally demonstrate maintenance rather than decline and we will

refer to this interpretation as “the maintenance hypothesis.” This interpretation is most in line with the

model results and is supported by the current literature. The maintenance hypothesis is the interpretation

that these models promote the maintenance of established structures in the brain and defend key topology

from a trend towards randomness through changes to local connectivity.
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Both structural and functional brain networks have shown a small-world architecture [Bassett 2006,

Hagmann 2007, Bullmore 2009, Deco 2011] characterized by high clustering and a short average path length.

A positive weight for Factor Transitive Triads (T ) is an indication of the promotion of clustering, and, while

there are no global measures in this model (being node-oriented as it is), a negative weight for Factor Distance

2 (D2) and a negative weight for Factor 4-Cycles (C4) promote local efficiency. Brain networks have also been

shown to have high modularity with some consistent community structure [Meunier 2010, Sporns 2016]. The

promotion of modularity is clear in these results with a positive weight for the Factor T , a negative weight for

the Factor Betweenness (B), a negative weight for the Factor D2, and, in the functional, a positive weight for

the Factor Same Subnetworks (S) which suggests greater segmentation between subnetworks. This suggests

that the factors in the network are promoting modularity. Lastly, the promotion of short-range connectivity

and local hops across the brain is in line with consistent patterns of connectivity in previous literature

especially in structural networks [Ercsey-Ravasz 2013, Bullmore 2012, Roberts 2016, Supekar 2008]. These

results are in line with the maintenance hypothesis, as the key structures known to appear in brain networks

are specifically and consistently promoted in these models.

By promoting the network structures that are consistently seen in the literature, the act of maintenance

in the brain has been seen consistently on various scales. There have been many studies, for instance, that

show consistency of large scale topology regardless of task, across individuals, across the lifetime, and across

species [Betzel 2014, Chan 2014, Gratton 2018, Bassett 2011, Chklovskii 2004, Kaiser 2011]. Beyond this,

some studies have explicitly discussed the brain’s homeostatic tendencies [Turrigiano 2012], or model with

maintenance structures to prevent over- or under-connectivity [Litwin-Kumar 2014, Zenke 2013, Rocha 2018].

It is, therefore, likely that long-term brain dynamics will involve the homeostatic maintenance that is observed

in this project.

Recall that the stochastic actor-oriented models are not deterministic and are, as the name implies,

stochastic. Randomness is a key component of the behavior of the model. As a result of this randomness

and the limited nature of changes in the network, nodes have the opportunity to act beyond of the single

most optimal interest of their own satisfaction and often do. The randomness reflects the noisy nature of the

brain. Previous studies reviewing the short-term behavior of brain networks suggest that there is a significant

amount of noisy fluctuation in brain activity [Honey 2007, Faisal 2008, Kiviniemi 2008, Deco 2009, Jafari 2019,

Ye 2024], it follows that, in the long-term, there may be noisy fluctuations in network connectivity.

Recall, also, that these models are a framework of individual changes selected based upon a probability

calculated from a linear combination of factors. The models are node-oriented and driven by individual

node satisfaction. As a result, the model is not driven by the overall structure of the network, but by local

structures. Often, due to the local connectivity, one node will be particularly impacted by a certain factor
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while another node will be particularly impacted by a different factor, despite the fact that all the nodes

have the same weight for each factor. Each node is looking out for its individual satisfaction within its

connectivity; thus, changes to local connectivity are what is driving the whole network structure. Thus, the

maintenance of large-scale network structures can be connected, through these models, to adjustments on

the local level. This aligns with research on the emergence of large-scale connectivity from local connectivity

[Bassett 2006, Xie 2021, Forrester 2020, Varier 2011, Kaiser 2011].

As a result of the stochasticity and node-orientation of SAOMs, there is no network structure where all

the nodes will be completely satisfied and will no longer make changes. Conflict arises between individual

nodes when changes to one node impact the satisfaction of another node. Conflict also arises between the

priorities of different factors. For example, a negative weight for Factor Degree would suggest removing all

connections, but, in combination with a positive weight for the Factor Transitive Triads, nodes may build

connections if a triangle can be formed. These conflicts are a key feature of the SAOMs.

As an example, let us examine an SAOM with no factors. This indicates random change on the network—

all nodes are equally likely to be selected and all choices for that node are equally likely. Regardless of

the initial network structure, the overall network will trend towards a random architecture. The exact

connectivity of this random network may be different, but the overall architecture is random. One can

then extrapolate that models with factors may trend toward certain large-scale network architectures, but

maintain a degree of variability for individual connections and significant noise through randomness and

conflicts between factors and between nodes. All these behaviors of SAOMs suggest that a network driven by

this model can stochastically approach states of ideal connectivity, but maintain noisy fluctuations and high

variability. The maintenance hypothesis suggests that the initial network is already in a fairly satisfied state

of global architecture, and the factors are serving to maintain the network in this general state rather than

some other less ideal state. Previous research has shown significant inter-subject variability in the specific

connectivity with consistent global structures in the network [Baldassarre 2012, Seghier 2018] indicating

that one-to-one mapping would be an oversimplification of natural variability. Additionally, other studies

found dynamics within-subjects, though this area requires further research, especially regarding functional

adaptability and consistency of structure on short time scales or while performing tasks. [Shine 2016,

Allen 2014, Hutchison 2013, Zalesky 2014].Thus, framing these SAOMs as describing fluctuations around a

certain state lends further evidence to the maintenance hypothesis.

Recall, finally, that these networks are not originally binary networks, which means that the building

or dissolving of connections in the network represent marginal changes to the weights of those connections

above or below the 20% threshold. As a result, the interpretation of the models is even less dramatic than

some of the social network interpretations.
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If we were to make a social network analogy, we might view connections between nodes as a sliding scale

of emotional intimacy in, say, a small workplace. You are likely to know everyone in your small workplace;

however, the connection you have with certain individuals might be considered “friendship” while others

may be better classified as “acquaintanceship.” In this analogy, the top 20% of the closest coworkers are

considered “friends” while the rest are not. Perhaps, a team-bonding activity increases the intimacy between

most individuals on the network; the 20% rule still applies, so the threshold for “friendship” will go up. Node-

oriented changes on a network like this would look like you prioritizing a new project and becoming closer

with the coworkers in that new project. You did not stop having some emotional closeness to those other

coworkers; you just prioritized these new relationships.

Relating this back to functional brain networks, the threshold of correlation can fluctuate based on the

overall connectivity in the network, changing what it means for brain regions to be connected. Node-oriented

changes in the network can be interpreted as changes to activity which aligns or misaligns a node with another

node in the context of the overall correlations. In structural brain networks, the threshold for connectivity

is still 20% even if the white matter tracts have significantly atrophied. In that situation, the remaining

connections would be the ones that have atrophied the least. This is different than the notion that a dissolved

connection means that two brain regions are no longer connected at all, but instead suggests that the brain

regions have less connectivity compared to the overall connectivity.

This may seem like a subtle difference, but it has an impact on the interpretation of the effects of these

models on the networks. The comparative significance of the connectivity between brain regions suggests that

there is a difference between barely not meeting the threshold and being significantly below the threshold.

It follows that connections that are dissolved are more likely to be created in a future time step. This is not

a direct part of the models, because changes in SAOMs are memoryless and binary, but it informs the view

of changes as less random and less permanent than the model alone suggests. The maintenance hypothesis

acknowledges this interpretation by suggesting that the networks strive to maintain connectivity between

essential regions broadly. A future study may incorporate this higher probability into these models.

There is significant evidence that the maintenance hypothesis is the strongest interpretation of the models

found in this project and is grounded in the nature of the models, the networks, and the results. The

maintenance hypothesis is further tested by the remaining results from this project including demographic

differences. If maintenance is the nature of these models, one would not expect different groups to have

extremely different models of network change, even in such a pervasive disorder as dementia and cognitive

impairment; instead, marginal differences in the weights of particular factors suggest the models are pushing

the network toward a different stable state. This is seen in the demographic comparison results. These models

may be best interpreted as the priorities that maintain the known network structure and the differences and
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disruptions to those priorities in different groups.

8.2 The Functional Compensation Hypothesis

To explore the understanding of these models further, we will refer to our second interpretive hypothesis as

“the functional compensation hypothesis”, which suggests that the functional network is able to compensate

for the decline of the structural network. Compensate here refers to the continued ability of the functional

network to perform cognitively during aging despite possible atrophy in the structural networks and this

kind of compensation has been found in previous research [Ferreira 2013, Stern 2012, Nyberg 2012]. This

hypothesis interacts with the maintenance hypothesis and is evidenced by a couple of important results.

Overall, the functional network models suggest greater resilience to random changes by demonstrating more

rapid changes, fewer physical constraints, and less impact from disorder compared to the structural network

models.

First, across the board, the rate of change (ρ) on the functional networks is higher than the rate of

change on the structural networks. In the model, this means that each node will have a greater number

of opportunities to change between time point 1 and time point 2. Inside of the maintenance hypothesis,

this suggest that the connections that are dissolved, but remain close to the threshold, will have more

opportunities to reestablish. More rapid changes in the functional network compared to the structural

networks align with the known behavior of these networks during short timescales [Honey 2007, Deco 2011].

Thus, it is reasonable to postulate that the functional networks, fluctuating rapidly around some stable

structure, have more opportunity to correct random deviations from that stable structure compared to the

structural networks.

Second, the structural network models suggest greater physical constraints on the changes that the

structural network can make compared to the functional network models. This is evidenced by the higher

values for the Factors Degree (D), Physical Distance (PD), and Physical Neighbor Distance (ND). This

suggests that building connections is more expensive in the structural networks, especially if those connections

are physically far away. At a basic level, this finding is very in line with the architecture of structural

networks, which are significantly negatively correlated with distance [Alexander-Bloch 2013]. Thus, in the

maintenance hypothesis, the maintenance of the short-range connectivity structure is shown in these results.

However, a further look into this result, in combination with the slower rate, suggests that connections,

especially long-range connections, are unlikely to be rebuilt once lost, regardless of the closeness to the

threshold. This is very in line with findings of high wiring costs and physical constraints on structural

networks [Sporns 2005, Bassett 2006, Nyberg 2012]. future research may be able to study this directly using
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networks with fluctuating rather than static densities.

Third, differences between the impairment and control groups are more prominent and significant in

the structural compared to the functional, affecting a greater number of factors. If, as we postulate, these

results demonstrate the diminished resilience of the structural networks compared to the functional networks,

it follows that the disruptions on the structural network from cognitive impairment will be more significant

and more permanent. The differences between the impairment and control groups in the structural models

demonstrate a diminishing of impacted factors while the differences in the functional models demonstrate

increases and decreases in the significance of impacted factors. This indicates that the structural networks

in impairment trend towards randomness more consistently compared to the functional networks. The

more significant impact of impairment in the structural models suggests that the structural networks are

adapting less to the disruptions of cognitive impairment. This interpretation is in line with much of the

research in this area, which shows structural networks to be more rigid and prone to decline first and faster

[Morcom 2015, Betzel 2015, Tang 2025, Deschwanden 2025, Madden 2020, Damoiseaux 2017].

The functional compensation hypothesis suggests that the structural results do not necessarily represent

a pure maintenance of the structural networks. There is some evidence that structural networks decline

much earlier than functional networks [Madden 2020, Damoiseaux 2017]. Thus, it is not unreasonable to

suggest that the structural models represent some kind of trend toward decline. Future research using this

approach could include younger adults to determine if the structural models of older adults demonstrate a

significant difference from the structural models of younger adults. The functional compensation hypothesis,

suggesting that the functional networks are adapting to random changes while the structural networks are

more restricted adds to the interpretation of these models beyond the maintenance hypothesis.

8.3 The Subnetwork Compensation Hypothesis

When compensation is discussed in the literature, it is often about certain areas of the brain compensating for

decline in other areas of the brain. This is found primarily in the functional networks and often during tasks

[Cabeza 2002, Reuter-Lorenz 2008, Davis 2008, Bokde 2010]. However, there is some evidence of regional

compensation in the resting-state as well [Tomasi 2012, Tang 2025]. The third interpretive hypothesis for

the results of this study we will refer to as “the subnetwork compensation hypothesis”, which suggests

that certain subnetworks experience less disruption, with age or diagnosis, compared to others, and even

increase activity and connectivity. This hypothesis interacts with the functional compensation hypothesis

by suggesting the way in which the functional network is adapting to structural decline.

The results from this study provide some evidence of the subnetwork compensation hypothesis through
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heterogeneity of results across the subnetworks in the functional models. There are differences in the rate (ρ)

between the control and impairment groups in the subnetworks which do not always match the overall trend

of impairment difference or the other subnetworks. Significant heterogeneity could be evidence of changes

to the functional subnetwork architecture in aging. For rate, the SN and DMN follow the overall trend—a

faster rate in the impairment group, while the VN and FPN show the opposite trend—a slower rate in the

impairment group.

For subnetwork Factor Degree (D), a measure of intra-subnetwork connectivity, the FPN was the only

subnetwork that showed a significant difference between the control and the impairment groups, with the

impairment group showing a higher prioritization of intra-subnetwork connectivity. Among females, the

opposite trend as the full network model is shown—females with impairment showed a decrease in intra-

subnetwork connectivity, but females with impairment in the FPN showed an increase. This suggests that

the FPN, specifically among females, is changing more slowly and increasing its internal connectivity with

impairment.

For subnetwork Factor Betweenness (B), a measure of the hub structure inside of the subnetwork, the

DMN is the only subnetwork that shows a decline in this factor in the mild impairment group. This is

particularly interesting because of the significant research showing a disruption in the default mode network

[Greicius 2004, Jones 2011, Tomasi 2012] with cognitive impairment. The evidence from our study is some-

what weaker, but it suggests that the DMN is increasing its rate, decreasing its internal connectivity, and

perhaps losing its hub structure during cognitive impairment.

This kind of result is often interpreted as evidence of compensation; however, it is clear that this study

is not measuring compensation directly. The results here are in some ways aligned with previous research

on compensation in functional networks. Previous research has found disruptions in the DMN and increased

activity and connectivity in the FPN [Stern 2009, Tomasi 2012, Yang 2023, Onofrj 2026, Wu 2024]. More

research is needed to unravel the picture of subnetwork compensation in cognitive impairment and age.

Future research would do well to increase the sample size to better examine the subnetwork differences, which

appear to be more subtle than the full network results. Future research could also choose the Schaefer atlas

with more overall regions (nodes) so that each subnetwork has more nodes. The structural subnetworks do

not show the same heterogeneity as the functional, with the subnetwork results mostly aligning between the

subnetwork and with the full network results. The subnetwork compensation hypothesis seems to exclusively

explain results on the functional networks, which lends further credence to the functional compensation

hypothesis by providing the beginnings of a mechanism of how the functional networks compensate.
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8.4 Impairment Differences

Using our three interpretive hypotheses, we can provide greater context to the impairment differences found in

this work. Overall, cognitive impairment is connected with increased rates of change in both the functional

and structural networks. Functional networks show less differences between the control and impairment

groups with only a few factors showing minor differences. On the other hand, the structural networks show

significant differences in Factors Degree (D), Transitive Triads (T ), 4-Cycles (C4), and Assortativity (A) all

trending towards greater randomness, or less impact of the factors. The structural differences are mirrored

in most of the subnetworks again trending towards greater randomness; whereas, the functional differences

are more heterogenious in the subnetworks, behaving differently in different functional systems of the brain.

As we have discussed, the differences line up with the maintenance hypothesis, the functional compensa-

tion hypothesis, and the subnetwork compensation hypothesis. There are two further topics when it comes

to cognitive impairment that are worth exploring further. Specifically, the differences between the mild im-

pairment and significant impairment groups, as well as the age related differences that are seen throughout

the results. This discussion contains an important asterisk in that there are very few significant impairment

participants in this dataset. Future research would do well to have a more even distribution of mild and

significant impairment individuals.

There is significant evidence that mild impairment behaves differently in these models compared to

significant impairment. The faster rate is one of the most prominent and significant results in these models.

However, this result only appears for the mild impairment group and is absent or even reversed in the

significant impairment group. Even in the functional subnetworks, the results for the significant impairment

group tend to be reverse of the mild impairment group—in the VN, the mild impairment rate is lower than

control and the significant impairment rate is higher than control, and in the DMN, the mild impairment

rate is higher than control and the significant impairment rate is lower than control. These differences in

the rate between the mild and significant impairment groups indicate that there are differences in how these

diseases are progressing. These results are not entirely repeated in the structural where the trend for the

significant impairment group is largely the same as in the mild impairment group.

Some research has explored the possibility that MCI may not always be a precursor to AD [Petersen 2009,

Mitchell 2009a, Mauri 2012, Roberts 2013]. While these results do not necessarily suggest that the mild im-

pairment group will not progress towards significant impairment, they state that the functional networks of

the mild impairment group are behaving differently than controls, but not in the same way as the significant

impairment group. In the context of the functional compensation hypothesis and the subnetwork compen-

sation hypothesis, these results would indicate that the compensation that is able to be performed by the
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mild impairment group is somewhat protective, in a way, that is not present in the significant impairment

group. There is some previous research in this area that indicates this compensation difference as well as

lending greater credence to this interpretation [Stern 2009, Zhou 2010, Jones 2011, Grady 2012].

There are also some age-related results concerning impairment. In the structural networks especially, the

mild impairment group often shows large deviations from the control group in the earliest stages of aging and

almost no deviations in the latest stages of aging. In other words, the mild impairment group often trends

toward the control on various factor weights with age. There are two reasonable interpretations of these

results. The first is more in line with the maintenance hypothesis and suggests that some older individuals

with mild impairment are demonstrating stable MCI that will not progress towards AD, explaining the

greater difference in early aging. This is especially explanatory in the largely cross-sectional statistical

analysis performed here. Due to the low number of time points per participant, we do not specifically analyze

individuals that progress from mild impairment to significant impairment. The second interpretation of the

age related result concerning mild impairment on the structural networks, less in line with the maintenance

hypothesis, uses the change over time nature of the models to suggest that the differences that occur in mild

impairment occur early in the disease progression. Thus, the networks are already changed, and the push

towards that change is not required later in the progression. This does not particularly align with the behavior

demonstrated by the models in other contexts. however, With the difference in the maintenance hypothesis

in the structural models, this interpretation is not entirely oppositional to the current interpretations, as

structural networks do demonstrate greater rigidity in their maintenance. A dataset with a greater number

of time points per person and more individuals who progress from MCI to AD could provide a more definitive

answer to this question. However, both of these interpretations, along with the overall greater impact of

impairment on the structural networks, suggest that the structural networks are less adaptive compared to

the functional. These add evidence to the functional compensation hypothesis and suggest that the structural

networks are impacted earlier and more significantly than the functional networks.

8.5 Sex Differences

Most of the subnetwork differences in the functional networks were found primarily among females. Female

participants showed greater differences between the control and impairment groups for Factor Same Subnet-

work (S), as well as on the subnetwork Factors Degree (D), Betweenness (B), and Physical Distance (PD).

Specifically in the DMN, females show a lower rate compared to males generally, and show more prominent

differences between the control and impairment groups. In previous research, females have been shown to

have higher modularity than males while males display greater hierarchical structure and inter-subnetwork
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connectivity [Chen 2024, Zhang 2025] as a baseline for comparisons in decline. This is interesting in light

of the functional Factor Distance 2 (D2) results, where female controls showed a lower negative weight for

Factor D2. This means that females showed a lower baseline priority of segmentation. In accordance with

the maintenance hypothesis, the opposite trend would perhaps be more expected.

The previous research trends are reflected in other results. The sharp decline in the positive weight of

Factor S suggests a failure in modularity maintenance might be occurring among females with impairment

and this appears to be driving the lower value among females generally. In accordance with the maintenance

hypothesis, failure to maintain the modular structure expected in control female functional networks is a

reasonable interpretation of these results. Additionally, the increase in intra-subnetwork connectivity seen

in the FPN that we interpreted as a compensatory mechanism is most prominent in females who may rely

more on intra-modular structure in compensation.

Highlighting the DMN specifically is important to contextualize these results in the significant amount

of research surrounding the DMN’s role in cognitive impairment. Prior work shows women often start with

stronger DMN connectivity, but show steeper decline, especially in the hubs, in the progression of dementia

[Ficek-Tani 2023, Boccalini 2025, Ju 2023]. Our results for the DMN show a faster rate for females with

impairment, but a decrease in the rate in the significant impairment group. We also show a general decline

in inter-subnetwork connectivity in females with impairment and a greater negative priority on DMN Factor

Betweeness (B) in females with impairment. These indicate a decrease in hub connectivity over time inside

the DMN. These results fall in line with the steep decline and the hub connectivity disruptions in the DMN

that has been seen in females with impairment.

Overall, female participants with impairment show a stronger deterioration of the subnetwork structure

especially in the DMN, compared to males, while males show a somewhat stronger trend towards randomness

in the structural network. Some evidence suggests that males often show more measurable structural changes

in dementia [Sangha 2021, Oltra 2024], but more evidence is needed to form a strong conclusion about struc-

tural decline. Clinically, females with MCI decline faster cognitively [Lin 2015, Koran 2017, Levine 2021].

This literature lends some support to the interpretation of stronger functional collapse in females and a

stronger structural collapse in males. More research is needed to fully integrate sex differences into the

maintenance hypothesis, the functional compensation hypothesis, and the subnetwork compensation hy-

pothesis; however, there is evidence of sex differences impacting the underlying architecture of the networks

and the requirements of maintaining that architecture.
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8.6 Limitations and Future Directions

This study has a few limitations that are important to note. There were dataset limitations, including the

limited availability of participants with Alzheimer’s Disease and the relatively few time points per participant

in this dataset. There are some implementation limitations. The preprocessing mistake and the inclusion of

both basic and multiband scans could bias the data and results. The requirement of binarized networks for

the implementation of the SAOM means that some information about the brain connectivity is lost. The

factor list that was utilized here was limited to those available and usable from Rsiena. All the analyses

were run on all the time windows with no particular consideration of the repeated measures. Finally, there

were some execution limitations. For example, the hypothesis-building procedure is time consuming and

computationally expensive, limiting the number of participants that could be included in the Hypothesis

Group. These limitations were discussed throughout this thesis and there are a number of future research

directions regarding these limitations that may be implemented in the future.

There are some exciting directions for future research in this area, and some of the limitations might be

addressed in that future research. This work is strong evidence that data-driven testing of factor inclusion

is possible and useful in selecting a hypothesis. This work is somewhat limited by the performance of that

procedure, and future work could improve the efficiency and accuracy of that procedure. Additionally, future

research could just utilize the principles from the procedure to systematically test additional factors before

adding them to the hypothesis.

Being a preliminary application of the SAOM on brain networks, many choices were made for the sake

of model simplicity. It would be interesting, for example, to expand the set of factors that are being selected

from including statistical considerations of thresholding, factors integrating specific subnetworks directly into

the overall model, or even factors that include sex, age, or level of impairment. One could also include rate

factors. Rate factors could incorporate the subnetwork rate differences into the full network model. Statisitcal

tests concerning repeated measures could be conducted. Additionally, future expansions of this framework

could include a multi-network analysis to incorporate the functional-structural interactions as factors in the

model. An independent implementation of the model could better reflect the specific application and allow

for increased flexibility of implementation choices.

As more data becomes available, these analyses can be expanded to larger datasets to increase statistical

power and gain greater insight into Alzheimer’s Disease and disease progression. Moreover, this approach

can be applied to other age groups across the lifetime including early childhood and adolescence. It could

also be applied to other brain conditions with questions about progression like Parkinson’s Disease or Autism

Spectrum Disorder. This initial implementation serves as a proof of concept for a robust and data-driven
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implementation of the SAOM on brain networks and expands on and alters procedures significantly from

the only other use of the SAOM on brain networks ([Shappell 2019]).

8.7 Conclusion

This thesis was able to achieve all of its objectives in developing a set of models of network change in the

aging brain.

1. Developed a data-driven procedure for deriving factors in SAOM and evaluated the procedure on a

simulated dataset.

2. Applied the procedure to functional and structural aging brain data to derive models of network change

over time.

3. Analyzed and compared the resultant longitudinal models to demographic measures of impairment,

sex, and age to understand the models in the context of aging and neurodegenerative illness.

A data-driven method for deriving a hypothesis of factors for the models was developed and tested,

demonstrating success in deriving underlying SAOM hypotheses.

This method was then applied to the functional and structural brain networks from the dataset. The

results were a dynamical description of how networks change over time and showed networks prioritizing

clustering, segmentation, and short-range connectivity, likely maintaining key network structures.

Analyses of differences across demographic measures of impairment, sex, and age were conducted to

understand the differing long-term dynamics in these groups. The results revealed disruptions to the main-

tenance of the networks in cognitive impairment, evidence of functional compensation for structural decline,

differences between mild impairment and significant impairment, especially in subnetwork compensation

and rate of change, and differences in modularity maintenance between sexes. These results represent a new

understanding of the ways in which we age, consistent with and expanding upon the current picture.
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Appendix A

Extra Simulated Data Results

A.1 Factor Analysis

For the simulated data analysis, we created the ROC and precision-recall curves for the individual factors.

We only included the F-score graphs for the individual factors in the original discussion of this topic for the

selection of a threshold. The full ROC nd precision-recall curves are presented in Figure A.1.

A.2 Subnetwork Analysis

We also conducted the entire evaluation procedure on the subnetworks individually beginning with the long-

term density convention for selecting values (Figure A.2. In some ways these values resemble those in the full

network; however, they tend to have a longer tail on the negative side (the positive side for Factor Distance

2 (D2)). The sizes of the subnetworks are the biggest indicator of the factor range behavior with the largest

subnetwork (DMN) most closely resembling the full network factor range behavior.

A set of subnetwork specific models were created based on these long-term densities. In addition, the

subnetworks for the full network model sets in the second part of the simulated dataset were run through the

hypothesis-building procedure to see if the subnetwork factors could be derived. Then evaluations of these

subnetwork model sets contain both these kinds of subnetwork models. These can be evaluated to form the

ROC and precision-recall curves for the individual subnetworks (Figure A.3).

The subnetwork precision-recall curves are shown in Figure A.3 with the performance somewhat related

to the size of the network with the two smallest networks performing the worst. However, this is not the

only influence on performance as the highest performing subnetwork is the visual subnetwork (VN).

The F-scores can be plotted for the subnetworks as well. This was done at β = 0.5 to reflect the higher
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Figure A.1: ROC and precision-recall curves for individual factors. Figures (a) and (b) show the
ROC curves for the individual factors with half the factors in (a) and half the factors in (b). The factors are
split for visual clarity. Figures (c) and (d) show the precision-recall curves for the individual factors with
half the factors in (c) and half the factors in (d).
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Figure A.2: Long-term density for subnetwork factors. These graphs show the density of the network
after many iterations of models with a single factor at various factor weights for each of the subnetworks.
This was used to determine reasonable simulation ranges for each factor. Each graph represents a different
factor. The large marks show the selected large negative and large positive weights, while the smaller marks
represent the small negative and small positive weights.
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Figure A.3: Subnetwork ROC and precision-recall curves. Figure (a) is the ROC curve for the each
subnetwork. Figure (b) is the precision-recall curve for each subnetwork. In both graphs, each point on the
graph represents a different threshold value. The area under the curve describes the success of the procedure
with 0.5 being no skill and 1 being perfect categorization.

priority of precision over recall.

These graphs show how the hypothesis-building procedure performs on the subnetworks specifically. They

serve to reinforce the applicability of the procedure for use on the real dataset and suggest caution especially

for those subnetworks with very few nodes.
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Figure A.4: F-score for subnetwork results. The F-score for the overall hypothesis-building procedure
at various values of β, demonstrating the superior performance of precision over recall and the differences in
overall performance at different thresholds.

131



Appendix B

Extra Aging Results

A few aging trends that were found in the data are included in this appendix. These trends are interesting

and statistically significant, but difficult to parse with the rest of the results. Further investigation in these

area could provide greater insight in the future. These aging trend appear exclusively in the subnetworks

with the SMN showing a number of aging trends.

A number of factors found a significant quadratic fit with age when all participants were included where

the weight of the factor is higher in early aging and late aging. These are found in Figure B.1. This trend

may be an artifact of the smaller number of participants at the youngest and oldest age groups or evidence of

some non-linear trend in aging. Non-linear trends are seen in aging research though they most often appear

when examining a larger time frame (i.e. all of adulthood) [Chan 2014, Sexton 2014, Lebel 2012, Niu 2022].

A few other subnetwork aging trends are presented in Figure B.2. Trends for groups in the SMN were

found for all three of the subnetwork factors. It is likely that the lack of differences found between diagnosed

and control in the SMN were due to these aging trends. The trends in the SMN and the DMN do not follow

the common pattern that we saw in many of the results measures of mild impairment trending towards the

control in the later stages of aging.

It is unknown where these aging trends fit in the conception of our models, but they could be an interesting

avenue for future research.
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Figure B.1: Quadratic fits in the subnetworks. Quadratic fits were found for various subnetwork
factors. Figure (a) shows the quadratic fit for rate (ρ) in the functional VN (p = 0.002). Figure (b) shows
the quadratic fit for the rate (ρ) in the functional SMN (p = 0.03). Figure (c) shows the quadratic fit for
the rate (ρ) in the functional FPN (p = 0.008). Figure (d) shows the quadratic fit for the rate (ρ) in the
structural DAN (p = 1× 10−5). Figure (e) shows the quadratic fit for the Factor Physical Distance (PDS)
in the structural SMN (p = 0.01).
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Figure B.2: Other aging trend in the subnetworks. This graph shows four aging trends that were found
in the subnetworks for various subnetwork factors. Figure (a) shows an mild impairment-age interaction effect
on ρ (p = 0.03) and a negative correlation with age in the mild impairment group (p = 0.02) in the SMN.
Figure (b) shows an overall age effect (p = 0.008) and a mild impairment-age interaction effect (p = 0.05)
for PDS and a positive correlation in the control group with age (p = 0.008) in the SMN. Figure (c) shows
a negative correlation of Factor Betweenness (BS) with age in the mild impairment group (p = 0.02) in the
SMN. Figure (d) shows an overall age effect (p = 0.02).
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