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CHAPTER 1

Introduction

Learning to read is probably the most
difficult and revolutionary thing that
happens to the human brain, and if you
don’t believe that, watch an illiterate

adult try to do it.

John Steinbeck

1.1 Cognitive flexibility and network architecture

The human brain is remarkable for its flexibility: a person can interpret physical sensa-
tions, coordinate complex movements, interpret subtle social cues, construct meaning from
sounds, embolden a person with courage or freeze them with embarrassment. And people
can perform all of these incredible calculations at the same time without becoming con-
fused or dismayed. This arsenal of skills, which is rivaled by few if any other species in
the animal kingdom, is only possible through an efficient neural infrastructure. Neural ar-
eas responsible for sensory processing, executive decision-making, top-down attention and
intrinsic motivation must all be able to interact quickly to react to changing environmental
demands.

The organizing structures and mechanisms that facilitate the brain’s activity are col-
lectively referred to as its network architecture. The brain’s network architecture has
been studied on many scales — from molecules and synapses to brain systems — and with
many techniques — from electron microscopy to electroencephalography. More recently,
advances in magnetic resonance imaging (MRI) have allowed researchers to investigate
the brain’s structural connectivity as well as its more fluid functional connectivity (Betzel

et al., 2013). These two domains of inquiry can be thought of as the patterns of wiring
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Figure 1.1: Network architecture at multiple scales of inquiry. The brain is organized
in a manner that optimizes the trade-off between connectivity and metabolic efficiency.
This results in small-world properties, including modularity, at multiple scales. In this
dissertation, we focus on these properties in whole-brain networks. Figure adapted from
Petersen and Sporns (2015).

and engagement between large patches of cortex, respectively. While our understanding
of these patterns is becoming increasingly refined, there remain important questions, es-
pecially around the extent to which differences in network architecture are responsible for
differences in individual behavior and development (Petersen and Sporns, 2015).

One of the challenges is that the body of knowledge surrounding large-scale network
architecture have only recently begun to reach a consensus about fundamental points. This

stands in contrast to the work mapping cognitive skills to specific parts of the brain con-



ducted by the neuroscience community for the past several decades (Yarkoni et al., 2011).
To understand how individual variability in brain network structure and function drive indi-
vidual differences in behavior and cognition, it will be critical to bridge the mature literature
on specific neuro-cognitive processes with the nascent literature on whole-brain network
architecture. This will provide a more holistic perspective on the underlying neurobiolog-
ical mechanisms, including the relationship between localized neural processing and its
integration into the global network.

Comparing findings between the two approaches with a well-understood model system
can be a powerful way to synthesize results. The act of reading is a potent candidate:
reading requires the tuning of specific and localized neuronal systems such as the VWFA
(McCandliss and Noble, 2003), as well as global systems that integrate information across
sensory, associative and motor systems (Price, 2012). It is a learned skill, as well, so the
effects of education and development are ripe for study (Saygin et al., 2016).

In this dissertation, we flesh out a description of the network-level processes impor-
tant for reading comprehension, how they form a basis for individual differences, and how
aspects of functional network architecture change throughout the lifespan. This chapter
lays the theoretical groundwork. First, we describe reading and our rationale for selecting
it as a candidate cognitive process. We then describe metrics for measuring different as-
pects of network architecture and their potential significance to cognitive models. Next, we
connect principal aspects of a network perspective (especially RSNs and hubs) to reading
processes and dyslexia. We discuss how development influences network architecture and
its relationship to reading skill. Finally, we outline the four studies undertaken to estab-
lish the importance of this network approach to reading comprehension, and more broadly,

cognitive flexibility.



1.2 Reading is a whole-brain activity

Reading is a complex cognitive act. To read, individuals must precisely control visual
attention, map symbols to sounds, extract meaning from words, maintain and update a
mental model of the text events, inhibit unimportant associations, and make appropriate
inferences. Consequently, reading difficulty can arise from many sources (Pennington and
Bishop, 2009; van der Lely and Marshall, 2010). To further complicate matters, people who
struggle with reading also commonly struggle with other learning and developmental dis-
orders, such as specific language impairment and attention deficit / hyperactivity disorder
(Pennington, 2006; Margari et al., 2013).

Despite these complexities, the most common aim of reading instruction and inter-
vention is to build fast and efficient orthographic-phonological mapping. That is because
teaching these skills is concrete and effective (Correro et al., 2000). Decoding is also a
bottleneck to semantic processes: if an individual cannot decipher individual words, they
will not be able to understand blocks of text. However, there are many individuals who
struggle primarily with reading comprehension, but understanding the specific causes of
their struggle is difficult (Cain and Oakhill, 2006). One issue is that the component skills
in comprehension are less mechanical and accessible than those for word reading. For
example, although vocabulary size is often used as a proxy for the ability to comprehend
speech (Spencer et al., 2014), it does not account for important executive and attention
skills. Passage comprehension measures, on the other hand, are highly variable in their
administration, skills assessed and resulting measures (Cutting et al., 2009).

Neuroimaging provides an alternative way of assessing what makes good readers suc-
cessful, and its use has yielded valuable insights into the neural mechanisms of typical and
atypical reading. Researchers have shown that reading co-opts the brain’s visual system
to introduce a new input pathway into existing language comprehension circuitry (Jobard
et al., 2007). As text complexity increases, a larger demand is made on support systems,

and activation becomes more bilateral and widespread (Xu et al., 2005). Meta-analyses



show that individuals with reading difficulty typically exhibit underactivation in areas re-
sponsible for recognizing symbol units, parsing acoustic sounds into phonological units,
and binding letters to sounds (Maisog et al., 2008; Richlan et al., 2009; Paulesu et al.,
2014). Some initial studies even suggest that individuals who struggle with comprehen-
sion have separate neurobiological profiles than typical or dyslexic children (Bailey et al.,
2016). However, many questions remain regarding the root causes of dyslexia, how to best
identify children at risk, and the reasons for its high comorbidity with other developmental
disorders.

Connectivity-based neuroimaging methods provide an alternative framework to exam-
ine reading difficulties. Whereas traditional approaches focus on identifying focal regions
of deficit, many learning and psychiatric disorders are characterized, in part, by how brain
networks behave and interact. In particular, connectome analyses have shown that the brain
exhibits a network configuration which allows for rapid transfer of information at minimal
cost, i.e. a small-world network architecture (Bullmore and Sporns, 2012). Two attributes
of brain organization have been of special interest: the presence of densely intra-connected
modules, often called resting-state networks (RSNs) (Sporns and Betzel, 2016); and the
existence of a core group of hub areas that play an outsize role in conveying information
between RSNs (van den Heuvel and Sporns, 2011).

Since reading requires rapid interaction and manipulation of disparate cognitive pro-
cesses, the network framework is an appealing avenue of investigation. Previous research
has suggested that the areas responsible for reading do not form a single network, but are
instead distributed across multiple RSNs (Vogel et al., 2013). There is evidence that the
constitution of these RSNs (e.g. the default mode network) could be predictive of disor-
ders, including attention deficits (Uddin et al., 2008). Furthermore, damage to hub areas
can cause devastating behavioral effects (Warren et al., 2014) and may be degenerated in
psychiatric and developmental disorders such as schizophrenia, Alzheimer’s disease and

ADHD (Stam, 2014). Graph theory measures of connectivity within and between RSN’



may consequently be related to differences in reading skill. However, while a small num-
ber of papers indicate that they may be affected in dyslexia (Qi et al., 2016; Finn et al.,
2014), its application in the reading domain has been relatively sparse, with few emergent
themes thus far (Cao et al., 2016). This is surprising because connectomics data can be pro-
cured without using cognitive tasks (which represent a confounding variable) and because
they provide a common neurobiological framework for understanding cognitive disorders.
One reason for its slow adoption, however, is that the field is still settling on best practices

(and best targets) in the analysis of brain networks.

1.3 Methods for characterizing brain networks

In the early 2000s, after initial findings of connectivity between distinct brain areas at rest
(Biswal et al., 1995), researchers began to characterize several prominent brain networks
observed at rest and in task (van den Heuvel and Hulshoff Pol, 2010). A seminal paper
then characterized the entire brain in terms of its RSNs (Yeo et al., 2011), and since then,
scientists have pushed the resolution of these parcallations to higher and higher resolutions.
The major utility of characterizing these RSN is that they generally correspond to bundles
of cognitive functions, including language (Cordes et al., 2000; Hampson et al., 2002),
visual perception (Simmons and Martin, 2012), motor functioning (Biswal et al., 1995)
and executive control (Seeley et al., 2007).

A major advance in the quantitative analysis of RSNs came with the introduction of
graph theory techniques to the field. One of the major early findings was that the brain is
organized in a complex but efficient small-world architecture. That is, a set of hub areas
have disproportionate influence in connecting disparate brain areas. The concept has im-
plications for cognitive models and neurology: for example, lesions on areas that are not
densely connected showed less extended impairments than regions which are hub-like in
RS-fMRI analyses (Warren et al., 2014). Even less severe disorders appear to have dis-

rupted network architecture: researchers observed a reorganization of RSNs and decrease
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Figure 1.2: Examples of a few canonical resting-state networks observed in multiple studies
with multiple methodologies from 1995 to 2010 (Biswal et al., 1995; Beckmann and Smith,
2005; De Luca et al., 2006; van den Heuvel et al., 2009). Subsequent parcellations such as
that of Yeo and colleagues in 2011 formalized the notion that all brain areas are associated
with an intrinsic network (Yeo et al., 2011). Figure adapted from van den Heuvel and
Hulshoff Pol (2010).

of modularity in individuals with depression (Lord et al., 2012). Thus network proper-
ties may be important for explaining individual differences in neuropsychiatric disorders or
cognitive skill, such as comprehension.

In the graph model of the brain, the brain is modeled as a set of nodes connected by
edges. Typically, one of several approaches has been used to identify nodes: anatomical
parcellations based on an atlas (Supekar et al., 2008; Liu et al., 2008; Lynall et al., 2010);
individual voxels (Fair et al., 2007); functional ROIs from either a priori hypotheses or
task-based activation (van den Heuvel and Hulshoff Pol, 2010); or an algorithm that par-
cellates the brain independent of function or anatomy (Goni et al., 2014). Differences in
these methods can affect the RSNs identified. At high resolutions (e.g. voxel-level correla-
tions), there is a greater chance of spurious correlations causing noise in the data; at lower

resolutions, the average signal may blend multiple functional regions, creating a composite
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Figure 1.3: Schematic for a network with two modules, or resting-state networks. A high
proportion of within-module edges leads to high modularity; a large proportion of between-
module edges leads to high participation coefficient. Figure credit to Godwin (2016)

that does not truly reflect any of the underlying areas.

The edges connecting each node can be binary or weighted, in which case areas that
are more highly correlated carry a greater connectivity value. The decision of how many
and what type of edges to include is crucial because many of the most interesting charac-
teristics, including modularity and small-worldness, only emerge when the graph has been
thresholded to a certain level of sparsity (Moussa et al., 2012). It is now common to sweep
analyses across a number of edge-forming thresholds in order to ensure that arbitrary se-
lection of edges is not unduly influencing observed measures.

A major question is how best to model RSN properties so that they are both sensitive
to network composition (e.g. default mode, fronto-parietal) and globally representative.
In some of the initial and influential connectomics studies, whole-brain measures such as
the “efficiency” or “characteristic path length” were used to show a relationship between
intelligence and network architecture (Stam, 2014). On the other hand, other studies have
investigated the roles of individual nodes in the whole-brain network — to identify individ-

ual hub regions, for example (Betzel et al., 2013). Although useful, neither of these sets of



measures model the composition of functional systems, i.e. RSNs. Connectivity measures
related to a specific region such as the visual word form area, might be sensitive to differ-
ences in auditory-visual processing, but do not reflect the organization of the visual system
at large (Rubinov and Sporns, 2010). Employing measures that are sensitive to regional
variation, such as modularity and the participation coefficient, could better clarify drivers
of individual differences in specific cognitive domains such as reading (Cao et al., 2016).
One limitation is that these measures require a definite parcellation of the brain into RSN,
which has only become possible as the initial exploratory and descriptive studies have been
done.

In the following studies, we focus on three (Rubinov and Sporns, 2010). Modularity
is the degree to which a whole-brain network segregates into densely intra-connected sub-
networks. Modularity is high in networks where nodes within the same module (oftentimes
an RSN) are highly connected to each other but not elsewhere (Sporns, 2013). Participation
coefficient is the degree to which a node participates in networks other than its primary one.
The shortest path length, or simply path length, is the minimum number of edges that must
be traversed to connect one node to any other. Small-world networks like the brain utilize
hubs to maintain a relatively short path length from any one node to another.

While hundreds of studies have been published utilizing graph theory, the neurobiolog-
ical basis of these metrics is still under investigation. While these connections do appear
to be plastic and mediated by experience, they are not necessarily caused by new synapses.
Several studies using diffusion-weighted MRI suggest that functional connectivity repre-
sents more than simply direct synaptic connections. Diffusion MRI uses water movement
to model the white matter tracts within the brain. At high resolutions, it provides a coarse
approximation of the human connectome, i.e. the total connections in the human brain
(Sporns et al., 2005). another study investigated whether functional connectivity can be
predicted from structural connectivity and found that, while structurally connected areas

are typically functionally connected as well, the inverse is not true (Honey et al., 2009).



Areas that were closer together were also more highly functionally connected, possibly

due to structural cortico-cortical projections.

1.4 The role of network architecture in reading

While reading researchers in the past decade have begun to acknowledge the contributions
of domain-general skills (e.g. attention, working memory, planning and organizing) to
reading, it remains a secondary concern in much neuroimaging literature. (This is not
the case for all language research but specifically reading.) To illustrate the widespread
distribution of activity, Bailey and colleagues compared the meta-analytic activations maps
from NeuroSynth, a platform for automated meta-analysis of function imaging studies,
with the 2011 Yeo resting-state network parcellation, one of the most widely-used RSN
parcellations (Bailey et al., 2018; Speer et al., 2006; Yeo et al., 2011).

The results, shown in Figure 1.4, show attention networks combined to make up 37
percent of the NeuroSynth activations, while the visual and somatomotor-auditory RSNs
constituted only about one quarter (17.5 and 8.2 percent, respectively). The fronto-parietal
(19.3 percent) and default mode (17.8 percent) networks were were also highly represented.
The limbic network was the only RSN which did not meaningfully overlap with the reading
network. The results makes clear what is implicitly understood: reading areas are well-
distributed across different networks and load highly onto attention and executive networks.
It is also notable that several important reading areas, including the inferior frontal gyrus
and temporo-parietal junction, sit at points where multiple networks converge, i.e. likely
hub areas.

The overarching model, shown in Figure 1.5, is that skilled reading requires the integra-
tion of many independent cognitive processes, which are distributed throughout the brain.
These focal processing areas are nested within larger functional modules, and certain hub
areas such as the inferior frontal gyrus and posterior superior temporal gyrus play crucial

roles in actively binding reading-related information between these RSNs. This informa-
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Figure 1.4: Reading areas are distributed across many resting-state networks. On the left
is the volumetric breakdown of the “reading” network, pulled from a NeuroSynth auto-
mated meta-analysis (forward-inference: p < 0.01, FDR-corrected) (Yarkoni et al., 2011),
according to the 7-network cortical parcellation from Yeo et al. (2011).

tion can then be shared globally via the richly connected hub network, allowing for speedy
updating of the situation model.
In the next few sections, we survey possible roles these RSNs and the hub network

might play during reading and in dyslexia.

The visual word form area as part of the dorsal attention network
The visual word form area (VWFA) performs an important role in orthographic processing,

namely processing lexical and sublexical stimuli. Activity in the VWFA is thought to
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Figure 1.5: A model of network integration in reading. Reading requires many independent
cognitive processes, represented by the green (comprehension) and orange (word recogni-
tion) strands. From a neural standpoint, these processes are distributed and nested within
RSNs (1). In reading, specific hub areas actively bind information between different RSN,
such as print and speech information (2). This information can then be shared globally via
the richly connected hub network, allowing for speedy updating of the situation model (3).
Figure adapted from Scarborough (2001) and Bailey et al. (2018).

be insensitive to letter size, font and other orthographic attributes (Cohen et al., 2002).
However, its alleged specificity to language has been a source of controversy over the
past decade, and some have argued that its importance in reading is directly linked to its
membership in the dorsal attention network (DAN) (Vogel et al., 2012), which supports the
parsing of appropriate textual features and suppression of distracting information (Corbetta
and Shulman, 2002). At issue is how important visual attention deficits are to dyslexia
(Vogel et al., 2014). Although several studies of dyslexia have reported decreased activation
in the VWFA to text relative to typically developing participants, these differences could
be due to more general visuo-spatial deficits (Richlan et al., 2009). For example, fluent
reading requires accurate and precise eye movements (Rayner, 1978), and a key node in
the DAN is the frontal eye fields which help coordinate saccadic activity (Connolly et al.,

2002). In fact, a number of studies report deficits in visual attention, rather than word
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recognition, in children with reading disorders (Vidyasagar and Pammer, 2010). Whatever
the true cause, it is clear that the DAN provides critical support for reading, above and

beyond simply processing stimuli.

Attention networks drive and suppress sensory integration

Attention underlies skilled reading at all levels: it is critical for identifying only the salient
words in a large block of text, for suppressing environmental distractions and for maintain-
ing focus for extended periods of time. In a common framework for attention, the DAN
and ventral attention network (VAN) play collaborative roles for guiding activity. (A third
salience network is sometimes differentiated from the VAN.) Simplistically, the DAN ex-
erts top-down control of sensory processes to keep a person on task, while the VAN acts
as a “circuit breaker” to help reorient the person by detecting salient or unexpected stimuli
(Corbetta and Shulman, 2002; Vossel et al., 2014). This relationship may be impaired in
individuals with dyslexia that have sluggish attention-shifting between visual and auditory
modalities (Harrar et al., 2014). Slow or inadequately rapid attention-shifting could un-
dermine fluent reading by causing temporal-spatial misalignment in processing, e.g. letter
sequence and arrangement (Lallier et al., 2009). This deficit is argued to further charac-
terize dyslexic readers’ rapid temporal and low spatial frequency processing (Witton et al.,
1998), and asynchronicity within this system may be characteristic of dyslexia (Lallier
et al., 2009). Active interaction between the DAN and VAN during reading may be key to

understanding attention-switching problems observed in some struggling readers.

Executive networks coordinate other cognitive processes

Executive functions play an important role in predicting reading outcomes, especially at the
level of comprehension (Cutting et al., 2009). Although the variety of cognitive processes
that fall under the executive function construct do not map cleanly onto a single brain region
or network, they are closely associated with the “central executive” system. This in turn

is mapped on to the fronto-parietal and cingulo-opercular network (FPN and CON) (Fe-
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dorenko, 2014; Cocchi et al., 2013). Unlike many other RSNs, the FPN has components
which are not neighboring, spanning portions of the frontal and parietal lobes (Yeo et al.,
2011). Interestingly, the FPN has recently been hypothesized to act as a neural mediator of
other brain systems by using wide-spread cortical connections to facilitate efficient process-
ing of other networks, and in particular assist when areas are not functioning adequately
(Menon and Uddin, 2010; Cole et al., 2014). According to this coordinator model of the
FPN, greater symptoms of dyslexia may correspond with reduced functional and structural
integrity of the FPN. Researchers have found de-activation and de-coupling of the FPN dur-
ing a word rhyme judgment task in double deficit dyslexics (Norton et al., 2014), and in one
of the only functional connectomics paper on young readers with dyslexia, another group
found that whole-brain connectivity during a word/non-word rhyming task, and found that
individuals with dyslexia showed de-coupling of fronto-parietal areas (Finn et al., 2014).
In addition to coordinating other RSNs, the FPN may play a role in directly support-
ing stressed cognitive systems (Cole et al., 2014). In the first study to explicitly examine
executive network interactions influenced by reading intervention, Aboud and colleagues
found that, prior to intervention, readers who were responsive to the intervention mediated
reading network connectivity via a key region in the FPN, the dorsolateral prefrontal cortex
(Aboud et al., 2018). Other studies have had similar findings, albeit with a less coherent
network perspective. In a study by Horowitz-Kraus and colleagues, readers with and with-
out dyslexia underwent a reading intervention. After intervention, readers with dyslexia
had increased connectivity between a visual component and bilateral regions in the FPN
(notably, as in many studies on reading, the latter component was not identified as an FPN
component, but instead discussed as a language network) (Horowitz-Kraus et al., 2015b).
Another group examined resting state connectivity in dyslexic readers with variable reme-
diation status, and found that children with a historical diagnosis of dyslexia had persistent
de-coupling of frontoparietal areas compared to typical readers, regardless of remediation

status (Koyama et al., 2013). Taken together, these findings support the hypothesis that
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executive areas in the FPN might act to facilitate the functional coherence of other systems

necessary for reading.

Default mode network engagement and disengagement

Since its original discovery, the default mode network (DMN) has since been found to sup-
port a wide range of cognitive processes often classified under internal mentation (Buckner
et al., 2008), including theory of mind, narrative processing, and autobiographical recall
(AbdulSabur et al., 2014). The DMN spans the medial prefrontal cortex, bilateral infe-
rior parietal lobules, and posterior cingulate cortex (Raichle et al., 2001). The DMN has a
large amount of overlap with traditional language areas, including comprehension-related
regions such as the angular gyrus and anterior temporal pole. However, the DMN also
has antagonistic relationship with attention networks and the FPN, where the activation
of one network necessarily comes at the suppression of the other. This relationship ap-
pears to be important for performance on a variety of cognitive processes (Fox et al., 2005;
Keller et al., 2015). Consequently, appropriate FPN involvement may be best achieved by
suppression of the DMN. Several studies point to over-involvement of the DMN in readers
with dyslexia, including higher internal correlations of the DMN during reading (Finn et al.,
2014) and greater correlations between the DMN and reading areas during reading and at
rest (Schurz et al., 2014). An alternative theory is that the DMN dis-integrates within itself
during language comprehension in order to re-integrate information into the active global
workspace (Spreng et al., 2013). Given that activity in both the FPN and DMN are crit-
ical for reading comprehension, understanding the dynamics of this relationship could be

illuminating.

Hub areas show abnnormalities in dyslexia
A particularly intriguing hypothesis is that dyslexia may be associated with differences in
the brain’s hub network, which is responsible for integrating information across many dif-

ferent RSNs. To determine whether there was any pattern related to network architecture in

15



The majority of nodes . Dyslt?ma rllodes
in the brain participate Non-impaired nodes
in one or two RSNs...

[
4 [ ]
° 0::% %
° . 1y ool 8 iy °ge
© e o °
oo : .
...but most nodes implicated
in dyslexia are hub-like.

0 2 4 6

Participation Coefficients

Figure 1.6: Dyslexia disproportionately impacts hub areas. Among the brain areas exam-
ined in Power and colleagues (2013), nodes implicated in dyslexia have higher participation
coefficients (32 nodes) compared to the rest of the brain (232 nodes). Figure adapted from
Bailey et al. (2018).

dyslexia-related areas, Bailey and colleagues compared clusters from three meta-analyses
comparing fMRI activation for individuals with dyslexia to typical readers with measures
of hubness across the brain from a connectomics study (Maisog et al., 2008; Richlan et al.,
2009; Paulesu et al., 2014; Power et al., 2013). The Power and colleagues study reports
the participation coefficient for each of 264 nodes previously described. As discussed, the
participation coefficient reflects the diversity of a node’s connectivity to different RSN,
where a higher value indicates that the node is correlated with many different RSNs.

The results, shown in Figure 1.6, shows that the node-by-node distribution of partic-
ipation coefficients is not normal, with a large group of areas having low participation

coefficients (i.e. affiliated with few RSNs) and a smaller hub-like group. Comparing nodes
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affected in dyslexia with those unaffected reveals that dyslexia loads onto brain areas with
higher participation coefficients than would otherwise be expected, supporting the hypoth-
esis that a network architecture perspective on reading skill is likely to yield new insights.
The finding that hubs areas are key in dyslexia are not surprising: dyslexia has often
been thought to be a disorder of combining information across different functional systems,
and in the context of connectomics, hub areas play a privileged role in mediating informa-
tion flow between RSNs. For example, the posterior temporal sulcus connects visual and
auditory networks by binding letters to sounds (Blau et al., 2010; van Atteveldt et al., 2009)
and the inferior frontal gyrus has many different subdivisions supporting language parsing
and manipulation (Hagoort, 2005). However, casting dyslexia dysfunction into a connec-
tomics perspective opens up new hypotheses and research avenues. For example, the brain
areas of interest and neuroimaging metrics can be unified across other developmental dis-
orders, including ADHD, specific language impairment and autism (Stam, 2014). Another
benefit is that it opens up many more avenues for investigating dyslexia using functional
and diffusion MRI, which can be performed in younger children and without administering

a cognitive task.

1.5 Influence of development on network connectivity

Children are taught to decode words between the ages of four and nine. This is a time of
major developmental changes in the brain, with extensive synaptic pruning and myelina-
tion of white matter tracts (Wandell and Yeatman, 2013). The brain areas responsible for
fast and efficient word decoding may become specialized through a process of interactive
specialization, in which intrinsic developmental processes and experience collaborate to
form the mature, skilled reading system (Johnson, 2011; Klingberg, 2014). The theory is
an extension of the Hebbian maxim that “neurons that fire together, wire together”, with
the brain being considerably more plastic during this developmental period than it is later

in life (Attneave et al., 1950).
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Figure 1.7: Interactive specialization posits that repeated co-activation of distant brain areas
will create a network of regions important for performance of a given task. Figure adapted
from Gaffrey et al. (2013).

Interactive specialization accommodates the observations that learning to read creates
changes to connectivity that persist even at rest. In a series of studies led by Maki Koyama,
it was found that individual connections between reading-related nodes was indicative of
reading performance improvement. They first found that many reading-related nodes had
overlapping connectivity with the left inferior frontal gyrus and left middle temporal gyrus,
nodes that are important for skilled language use (Koyama et al., 2010). A follow-up study
comparing 1Q-matched children and adults found similar patterns: better readers in both
groups showed increased connectivity between the inferior frontal gyrus and the middle and
superior temporal gyri, as well as between the precentral gyrus and motor areas (Koyama
et al., 2011). In adults, positive correlations were found between reading ability and con-
nectivity between the VWFA and phonological processing areas. In children, however, this
correlation was weaker and negative, suggesting that the VWFA becomes more integrated
with experience as well as skill. Reading intervention also exerts an effect on connectiv-
ity patterns. Dyslexic adolescents who received reading remediation had higher correla-
tions between the VWFA and the right middle occipital gyrus than did control participants

(Koyama et al., 2013). Connectivity values also correlated with spelling and single-word
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reading scores.

Despite the changes in connectivity between areas, reading-related regions do not create
one distinct network but are members of separate RSNs (Vogel et al., 2013). These RSN’
exhibit increasing functional correlation across the lifespan (Kesler et al., 2013; Uddin,
2010). Their properties, including density of connections, along with their locations and
changes with development are a major area of interest, but their study is difficult due to
differences in motion across the populations (Power et al., 2013). Nevertheless, the general
understanding is that RSNs in children are more greatly constrained by proximity than in
adults but are nonetheless functionally organized. Visual system regions, for example, form
their own community, as do auditory regions and executive control regions (Seeley et al.,
2007). This small-world architecture reaches peak efficiency in young adulthood, with
younger children exhibiting fewer long-range RSNs and older adults showing a decrease in
modularity, especially in higher-order RSNs like the DMN (Cao et al., 2016). However, the
relationships between development, expertise and network architecture have not yet been
disentangled.

According to the view of interactive specialization, an integrative ability like reading
comprehension would induce a transient, highly connected brain state. Repeatedly activat-
ing this network over time would result in the common pathways becoming more tightly
connected. Individuals who can more easily access these widespread resources, i.e. who
have more integrated connectomes, may be more likely to read well; older readers, too,
would be expected to be more fine-tuned for comprehension. And because comprehension
is a shared process between different regions, this network model may be even more telling

than localized measures of brain function and activity.

1.6 Outstanding questions
We have established that the network model of cognition has particular bearing in the case

of reading and that graph theory methods provide a framework with which to investigate
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the interactions between reading sub-processes. Furthermore, development of cognitive
skills is facilitated by the interactions between regions, rather than solely by themselves —
but the study of these processes have not been investigated extensively. These higher level
processes are important for longer forms of reading, including passage reading, which is
more common in older readers. Although disentangling the contributions from other skills
(working memory, attention, planning/organization) during reading is difficult for behav-
ioral research (Cain and Oakhill, 2006), it is a question that is well-suited to neuroimaging
studies.

In this dissertation, we present four studies that investigate network properties as they
relate to reading comprehension and reading success. The common thread is that reading
requires the integration of many different brain networks (even moreso than listening) and

that better readers are more able to meet these demands from a young age.

 Study I investigates individual differences in “intrinsic” network architecture and its
relationship to reading skill using resting-state fMRI data from older children (ages
10 to 11). We establish a set of methods for analyzing variability in connectomes and

use their attributes to predict individual differences in reading skill.

» Study 2 describes how network architecture changes during reading. We examine
changes within and between RSNs and attempt to localize these differences to spe-
cific RSN, such as the visual, dorsal attention and default mode networks. We also
elaborate on the results of Study 1, testing whether the relationship between network

architecture and reading skill changes in the task-evoked connectome.

* Study 3 moves beyond looking only at reading-evoked activity by comparing reading-
evoked networks to listening-evoked ones, then between several other activities.
The key questions this study addresses are whether greater variability between task-
evoked networks is a beneficial attribute, and whether any particular RSNs (such

as the fronto-parietal network) are more responsible for the reconfiguration of the
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whole-brain network.

* Study 4 provides a preliminary investigation of network topology in various evoked
architectures across development. In addition to comparing children, adolescents
and adults, these analyses serve as a replication and extension of each of the previ-
ous studies: we test whether the relationship between reading and network architec-
ture changes in more mature individuals and how task-evoked activity differs along
the lifespan. While there is strong evidence that learning to decode creates persis-
tent changes to the neural systems utilized in language (Schlaggar and McCandliss,
2007), there have been no studies investigating the trajectory of brain modularity and

its relationship to reading over time.

Overall, these studies will use reading-related brain activity and behavior as a model
for understanding how individual differences in network architecture form a basis for indi-
vidual differences in cognitive processing. We combine inferences from several different
methodological approaches, including resting-state network analysis, task-based activation
analyses, and the combination of the two. Through this systematic approach, we strive to
make a meaningful contribution to our understanding of brain modularity and its relation-

ship to cognition.
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CHAPTER 2

Intrinsic network architecture and skilled reading

2.1 Motivation

In the functional connectivity literature, researchers generally refer to two types of con-
nectivity: intrinsic (or resting-state) connectivity and task-evoked connectivity. Network
organization at rest is thought to be highly similar across people (Damoiseaux et al., 2006),
and the pattern of connectivity within an individual is consistent over periods of time in
excess of three years (Choe et al., 2015). It is thought that this stability may reflect a his-
tory of co-activation among brain regions that occurs over time (Power et al., 2010), and
it is closely tied to patterns of white matter anatomical connectivity (Honey et al., 2009).
As discussed in the introduction, a major feature of intrinsic network architecture is that
of resting-state networks (RSNs). RSNs can be identified on an individual basis (Laumann
et al., 2015) and are composed of brain regions that tend to function as a unit (De Luca
et al., 2006; Smith and Nichols, 2009). This functional subdivision of the whole-brain net-
work is hypothesized to provide a neural substrate for the diversity of cognitive functions
in which people engage (Yeo et al., 2014).

Despite the overall stability across individuals, variations in network architecture have
been noted. For example, differences have been observed in individuals who exhibit vari-
ation in executive functions (Reineberg et al., 2015; Tian et al., 2015) and in individuals
with genetic susceptibility to Alzheimers disease (Trachtenberg et al., 2012). Consequently,
variation in RSNs are likely to be stable measures of individual differences. To date, how-
ever, their relationship to other cognitive domains, and in particular reading, is not well
understood. Given that large-scale networks underlie a variety of cognitive functions, it
follows that individual variation within certain reading-related networks and the interaction

among RSNs could be linked to varying reading abilities. The existence of these associ-
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ations can be used to not only predict cognitive and academic functioning at the level of
the individual, but also to allocate treatments, model developmental trajectories, or predict
responses to intervention (Mattfeld et al., 2014; Crowther et al., 2015; Whitfield-Gabrieli
etal., 2016).

We hope to better understand how variations in connectivity within and between RSNs
is related to individual differences in reading skill. In general, skilled reading is asso-
ciated with left hemisphere language and word recognition regions (left inferior frontal,
supramarginal and occipito-temporal regions), and fronto-parietal regions supporting at-
tention (Paulesu et al., 2014). The brain regions supporting reading do not, however, form
a unique, fundamental network. Instead, reading appears to rely on the reconfiguration
and integration of multiple, more fundamental brain networks (Koyama et al., 2010; Vogel
et al., 2013). Indeed, emerging research suggests that functional connectivity indices are
associated with differences in reading skill. Struggling readers, such as those with dyslexia,
exhibit decreased connectivity between visual association areas and prefrontal attention ar-
eas, increased right hemisphere connectivity, and reduced connectivity to occipito-temporal
cortex compared to non-impaired readers (Finn et al., 2014). In typically developing read-
ers, Koyama and colleagues found increased positive connectivity among language regions
was associated with increased word reading ability (Koyama et al., 2011), and recent stud-
ies suggest that interventions designed to enhance reading skill can increase the correlations
between visual and frontal executive areas (Horowitz-Kraus et al., 2015a).

Although most cognitive functions are relevant to reading in some way, the RSNs most
associated with primary reading subprocesses are the fronto-parietal, ventral attention, and
visual RSNs. In addition to the intensity and composition of these networks, coordina-
tion between these brain areas and others are also likely to play a role in differentiating
higher from lower performing readers. A separate study by Koyama and colleagues found
that increased reading ability was associated with increased negative connectivity between

reading regions and regions of the default mode network (Koyama et al., 2013), a network
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typically implicated in internally-directed thinking (Andrews-Hanna et al., 2014). This
negative relationship between the default and reading networks echoes work showing that
increased anti-correlated activity between the default network and regions specialized for
cognitive function, such as those involved in attention, inhibitory control, and working
memory is associated with individuals who display higher performance. We expect, then,
that there will be both regional and global effects of network architecture on reading skill.

Because of its stability and close ties to structure, understanding the degree of variabil-
ity in intrinsic network architecture will serve as an excellent starting point for our aims.
An in depth examination of how behavioral indices of reading relate to various properties
of RSNs has not been previously reported, except within our own group (Bailey et al.,
2018). First, we validate the existence of a small-world architecture in these subjects, and
that the network parcellation is appropriate for them. Second, we determine whether global
measures of network architecture, including modularity, participation coefficient and path
length, are related to reading skill. Finally, we determine which RSNs drive the relation-
ship between connectivity and reading skill. To address each of these questions, we analyze
resting-state fMRI in developing readers, which has the further potential benefit of being

able to be performed before children even start reading.

2.2 Methods
The following methods detail the current study’s protocol and analytic approach. Because
the following chapters borrow heavily from the methods described below, they are ex-

plained here in detail.

Participants

Participants were drawn from the fourth wave of a larger, longitudinal study investigating
the neurobiological bases of reading comprehension. In total, 52 children completed scans
and a subset of these met the motion and attention thresholds described below.

All participants were native English speakers with normal hearing and normal or cor-
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Measure Value

Subjects 44
Mean age 10.51 (0.33)
Sex 21 M,23F

WASI Full-Scale IQ, Vocabulary 52.91 (9.38)
Test of Word Reading Efficiency 104.66 (18.07)
Woodcock-Johnson Basic Reading 101.63 (12.79)

Table 2.1: Demographics and mean test scores for Study 1 participants are described here.
For continuous data, the standard deviation is enclosed in parentheses.

rected vision, and no history of major psychiatric illness or traumatic brain injury/epilepsy.
Subjects had no history of a developmental disability or contra-indication to MRI. Each
participant gave written consent at the beginning of the study, with procedures carried out
in accordance with Vanderbilt Universitys Institutional Review Board.

In addition to having an MRI scan, participants completed cognitive tests, including
the Wechsler Abbreviated Scale of Intelligence (WASI) (Kaplan et al., 1999), the Test of
Word Reading Efficiency (TOWRE) (Torgesen et al., 2012), the Woodcock Reading Master
Tests (WRMT) (Woodcock, 1998), and the Gates-MacGinitie Reading Comprehension test
(MacGinitie et al., 2000), among others. Demographics and selected test data are summa-

rized in Table 2.1.

MRI acquisition and preprocessing
Imaging was performed on a Philips Achieva 3T MR scanner with a 32-channel head coil.
Functional images were acquired using a gradient echo planar imaging sequence with 40 (3
mm thick) slices with no gap. Resting-state fMRI scans consisted of 190 dynamic volumes.
Slices were parallel to the anterior-posterior commissure plane. Imaging parameters for
functional images included: TE = 30 ms; FOV = 240 x 240 x 120 mm?; flip angle = 75°;
TR = 2200 ms; and 3 mm? isotropic voxels.

Whole-brain fMRI analyses were performed using tools from the FMRIB Software Li-

brary (version 5.0.9). For each session, the following pre-processing steps were performed:
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Figure 2.1: Connectomes are constructed from resting-state fMRI in the following steps:
slice-timing correction, rigid-body motion correction, boundary-based registration to a T1-
weighted anatomical image, and normalization to MNI 152 template. The timseries for
264 nodes are then extracted and denoised using signal from non-neural tissue, continuous
motion parameters and outliers. A pair-wise connectivity matrix is then calculated and
thresholded at multiple different thresholds, then analyzed at the global-, RSN-, or node-
level. Figure adapted from (Yang et al., 2018).

slice-time correction, motion correction to the initial fMRI volume, boundary-based reg-
istration to the subject’s structural image, and normalization to 2 mm MNI 152 standard
space. To mitigate the effects of motion on our analyses, we regressed out 6 continuous
motion parameters and scrubbed out outlier volumes. We defined an outlier volume as any
in which the root-mean-square framewise displacement exceeded 0.7 mm. Because head
motion can be a major confound for connectivity analyses, we removed scan runs where

more than 20 percent of the fMRI volumes were outliers.
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Suggested RSN Abbreviation Nodes

Sensory
Auditory AUD 13
Somatomotor (Hand) SOH 30
Somatomotor (Mouth) SOM 5
Visual VIS 31
Attention
Dorsal attention DAN 11
Salience SAL 18
Ventral attention VAN 9
Executive / Associative
Cingulo-opercular CON 14
Default mode DMN 58
Fronto-parietal FPN 25
Memory retrieval MEM 5
Other
Cerebellar CER 4
Subcortical SUB 13
Not assigned UNC 28

Table 2.2: List of networks used in connectivity analyses and the number of nodes affiliated
with each. Although alternative parcellations of the node set are possible, we elected to use
those network assignments suggested in (Power et al., 2013).

Network construction
To investigate whole-brain patterns of connectivity with minimal investigator bias, we se-
lected 264 nodes a priori whose connectivity properties have been extensively analyzed
in previous works (Power et al., 2011, 2013; Cole et al., 2014). The node set samples the
entire brain, and nodes were selected based on their involvement in a diversity of cogni-
tive tasks. Each node was assigned to one of 13 RSNs based on a previous study (Power
et al., 2013). Approximately 10 percent of the nodes did not have a stable assignment in
the original paper; for the present analyses, these nodes were excluded from graph theory
calculations but included in network formation. A description of the 13 networks and their
sizes is provided in Table 2.2.

Connectivity analysis was performed in the CONN toolbox (Whitfield-Gabrieli and

Nieto-Castanon, 2012). Resting-state fMRI data were high-pass filtered at 0.008 Hz, motion-

27



corrected, co-registered to a structural image, normalized to MNI space and smoothed by a
5 mm FWHM spherical kernel. BOLD signal timeseries were corrected using “anatCom-
pCorr”, which uses signal from white matter tissue and cerebrospinal fluid areas to reduce
noise not related to brain activity (Chai et al., 2012). We also regressed out 12 continuous
measures of motion and all outlier timepoints. The timeseries was then high-pass filtered at
0.01 Hz. fMRI timeseries correlations were calculated between each of the the 264 nodes,
resulting in a single connectivity array for each subject at each time point. Matrices were
then thresholded into binary maps by keeping the top 5 percent of connections. (To confirm
that this particular threshold did not unduly influence results, we also swept results between

thresholds at the top 2 percent to the top 10 percent of connections.)

Network analyses

The metrics of interest were network modularity, participation coefficient and path length
(Rubinov and Sporns, 2010). Modularity is high in networks where nodes within the same
RSN are highly connected to each other but not elsewhere. The participation coefficient, on
the other hand, is high when many nodes are connected to several different RSNs. Both of
these metrics relate to the integration of information between RSNs. Path length describes
the distance between any two nodes on the graph. This was calculated between every node,
then summed up by RSN to create a measure of network distance. These properties, and
their changes within our task, were investigated at the level of connectomes, RSNs and
nodes.

First, we establish the validity of the parcellation for evaluting network properties in
this sample. At rest, we expect to see high modularity (greater than 0.1), low participation
(less than 0.9), and a lower path length within RSNs than between them. We also expect
to see moderate-sized correlations between measures, since each is measuring an aspect of
network architecture related to distance between nodes.

Next, we break each global measure down by RSN to determine how sub-systems differ
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Figure 2.2: Sampling of graph theory measures, including those of present interest. Mod-
ularity (left, circular regions) is high in networks where nodes within the same RSN are
highly connected to each other but not elsewhere. Path length describes the distance be-
tween any two nodes on the graph (left, green line). The participation coefficient, on the
other hand, is high when many nodes are connected to several different RSNs (right, center
node). Figure is reprinted from (Rubinov and Sporns, 2010).

in their network roles. For modularity, we report the total modularity contribution for each
network. For participation coefficient and path length, we report the mean value within each
network. We also investigate the measures obtained across the whole range of network-
forming thresholds (retaining the top 2 to 10 percent of connections). We expect to see
changes in the measures across thresholds, but ranked in a relatively stable order among
the different RSNs.

To determine the relationship between network measures and individual performance
on cognitive assessments, we input each global metric into a general linear model with the
Test of Word Reading Efficiency (TOWRE, total word efficiency (TWE) standard score).
Models containing measures of mean framewise-displacement (motion) and the WASI Vo-
cabulary measure were also assesed to ensure that effects were not driven by motion con-
founds or global measures of cognitive skill. We also examined whether there were differ-
ences in the modularity relationship between TOWRE subtests (sight word efficiency and

phonemic decoding efficiency).
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To assess whether there was an RSN-level trend in the modularity-to-reading relation-
ship, post-hoc analyses comparing network-level modularity values to TOWRE scores were
also investigated. For each node, a correlation value was calculated between its modularity
contribution and TOWRE TWE scores. To evaluate significance, RSN correlations were
compared to a bootstrapped distribution of 5000 correlation values generated by sampling
and totaling the modularities for a random set of nodes equal in size to the selected RSN.
(For example, summing modularity contributions for 31 random nodes for comparison to

the visual network.)

2.3 Results

Of the 52 subjects who completed resting-state fMRI scans, 44 met the scan quality criteria
for inclusion. Connectome parcellations at the 5 percent threshold exhibited small-world
properties: the mean global modularity value was 0.264 (SD = 0.037), and the mean par-
ticipation coefficient was 0.599 (0.052). Furthermore, the path length within RSNs was
significantly lower than those between: within-community nodes took an average of 2.49
(0.141) steps to reach each other, whereas between-community nodes took an average of
3.06 (0.207) steps (p < 0.001, two-sample ¢-test). Furthermore, a comparison of each met-
ric against the others shows that, while there is overlap between the measures at the global
level, there is substantial variability as well (Table 2.3).

Figure 2.4 highlights the contributions of each RSN to the graph theory measures. The
visual, somatomotor, and default mode were the most modular RSNs, in part reflecting
their larger size relative to others. The dorsal attention, auditory and cingulo-opercular
networks were the most participatory RSNs at rest. The fronto-parietal RSN occupied an
interesting place, possessing relatively high global modularity but also one of the higher
participation coefficients and lower global path lengths. The effect of changing thresholds
had consistent effects on each measure: as more connections were included, the modularity

decreased, participation coefficient increased, and path length decreased (Fig. 2.4, bottom).
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Figure 2.3: Distribution and correlations between the global modularity, participation co-
efficient and path length. Each attribute may be interpreted as a measure of connectedness

between RSN, but there is substantial variability between them.

The relationships between each graph theory metric to TOWRE Total Word Efficiency

scores are summarized in Table 2.3. Global modularity, but not participation coefficient or

path length, was predictive of reading skill even after controlling for mean frame-wise dis-

placement (motion) and verbal intelligence (Z7rwg = 2.536). The direction of the relation-

ship was positive, and it was higher for the Sight Word Efficiency subtest (Zswr = 2.779)

than for Phonemic Decoding Efficiency (Zppg = 2.138), which did not reach significance
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Figure 2.4: Relationships between network-level graph theory measures. Shown above are
the network-level distributions of the graph theory measures when graphs are thresholded
for the top 10 percent of connections (top row), and the network means as the network-
forming thresholds are swept from 2 percent to 10 percent (bottom row).

when confounds were controlled.

The relationship between global modularity and TOWRE is stable across multiple
thresholds (Fig. 2.5). In fact, when graph theory measures were compared to other language-
related assessments, there was a trend towards a significant positive relationship between
modularity and cognitive performance that was more stable than those of either the partic-
ipation coefficient or global path length.

Finally, we investigated the correlation between each individual RSN’s modularity con-
tribution and TOWRE scores (Fig. 2.6). Overall, no RSN reached the strength of correla-
tion of the whole-brain measure (i.e., r = 0.378). The default mode RSN had the highest
correlation with the TOWRE (rpyn = 0.350), with the memory retrieval (ry gy = 0.303)

and attention (rpay = 0.236, ryay = 0.248) RSNs ranking next. Surprisingly, the relation-
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Predictor Z-statistic  pypc.

TEST OF WORD READING EFFICIENCY

Total Word Efficiency
Modularity 2.536  0.011
Part. Coefficient -0.339  0.505
Path Length -0.763  0.484
Total Word Efficiency, cont. motion + verbal 1Q
Modularity 2.025 0.045
Phonemic Decoding Efficiency
Modularity 2.138 —
Part. Coefficient -0.268 —
Path Length -0.697 —
Sight Word Efficiency
Modularity 2.779 —
Part. Coefficient -0418 —
Path Length -0.750  —

Table 2.3: Results for analyses comparing global graph theory metrics to reading skill.
When correcting for multiple comparisons across the three network attributes, modularity
predicts TOtal Word Efficiency (p.i = 0.017). Post-hoc analyses demonstrate that the re-
lationship is significant at p < 0.05 when controlling for motion and vocbalary knowledge,
and that the relationship is stronger for the Sight Word subtest than Phonemic Decodeing
Efficiency.

ship was significantly different in the auditory and cingulo-opercular RSNs: lower RSN
modularity was associated with better reading skill (r4yp = —0.178, rcony = —0.127), po-
tentially reflecting literacy-induced differences. These last two effects were significant even

after Bonferonni corrections (p.,; = 0.003).

2.4 Discussion

Our aim for Study 1 was to establish whether network measures of resting-state fMRI data
were related to reading skill. We established a series of methods and measures for summa-
rizing the global and RSN-level network architecture, and showed that of all metrics, global
modularity was most robustly able to index reading skill in our sample. We also explored
how variations of this measure among RSN is associated with individual differences in

reading ability. This demonstrated that modularity within the default mode network is most
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Figure 2.5: Global Modularity at rest is the most stable and predictive network measure
for predicting language-related skills, although it only reached significance thresholds for
the TOWRE. Dashed lines indicate an bootstrapped p-value of 0.05 (see Methods) and are
used for reference only.

similar to the whole-brain modularity, and it also revealed significant negative correlations
between the modularity of the auditory and cingulo-opercular networks and reading skill.

One advantage to our approach is that we used an a priori defined set of nodes and net-
work parcellation (Power et al., 2013). We then employed standard global measures that
are sensitive to RSN properties: modularity, participation coefficient and path length. Al-
though adjusting the network-forming threshold had a sizable impact on the values yielded
for each metric, the relative contributions of each RSN to each metric were fairly stable.
That is, there was a global and not local trend in the effect of thresholds, with a few ex-
ceptions for very small RSNs (for example, the memory retrieval network). Modularity, in
particular, was relatively stable across thresholds, as indicated by its consistent relationship
to cognitive metrics (Fig. 2.5).

Global modularity was the most effective measure for predicting individual differences,
especially in reading but more broadly in verbal skill. Modularity is a measure of network
segregation: the more different each RSN behaves during rest, the higher the modularity
will be. One possible explanation is that modularity is an essential component to the entire
network organization, whereas participation coefficient and path length are more regionally
variable throughout the network (Bullmore and Sporns, 2012). Furthermore, this finding is

consistent with previous literature showing that anti-correlations between the default mode
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Figure 2.6: RSN modularity relationships with TOWRE. Although no individual RSN
matched the strength of correlation of the global modularity measure, the default mode
and memory retrieval RSNs had significant positive correlations with the TOWRE. The
auditory and cingulo-opercular RSNs, on the other hand, had significant negative corre-
lations. Dashed lines represent the bootstrapped significance threshold, which is tailored
to the size of the RSN. Starred relationships are significant even when using Bonferroni-
corrected thresholds (p¢,i; = 0.003).

network and the fronto-parietal network index cognitive skills (Anticevic et al., 2012).
The regional variability in correlation strength was also notable. We were surprised
to find an anti-correlation between RSN modularity in the auditory and cingulo-opercular
networks and reading skill, given the global trend of positive correlations. (The boot-
strapped distribution yielded a range of correlation values spanning approximately r = 0.0
to r = 0.4. See Fig 2.6.) The localization of these differences onto the auditory network
support a hypothesis that, in better readers, auditory networks are more integrated with
other networks, such as visual networks. Although the modularity measure cannot support

this directly, follow-up studies investigating task differences may be able to do. On the
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other end, we found that the default mode network was most highly correlated with reading
and most closely approximated the global correlation. The DMN supports a wide range of
cognitive processes important for comprehension, including theory of mind, narrative pro-
cessing, and autobiographical recall (Buckner et al., 2008; AbdulSabur et al., 2014), and its
cohesiveness during resting-state has been used to investigate other disorders (Uddin et al.,
2008).

Modularity in biological systems is an important feature from an evolutionary stand-
point. It increases adaptability and robustness and thus increases the system’s evolvability
(Sporns and Betzel, 2016). Although no consensus interpretation exists, one could specu-
late that increased modularity indexes segregation of functions. This interpretation stems
from a wide range of studies showing opposing activation in externally directed cognitive
tasks for the fronto-parietal and default RSNs, during which functions of the two networks
ought to be segregated to prevent interference (Reineberg et al., 2018). That is, an increase
in global modularity indicates that each RSN is more capable of functioning independently,
without the participation of external regions. Future studies will have to investigate this di-
rectly.

One important point to address in future studies is the specificity of these findings to
reading skill. While modularity was the only attribute significantly predictive of TOWRE,
it had a positive effect on WASI Vocabulary and Gates-Macginitie comprehension scores as
well. This is unsurprising given the close relationship between oral language comprehen-
sion and word recognition measures such as the TOWRE (Storch and Whitehurst, 2002).
However, future studies will need to address the generalizability of these findings directly
to determine to what extent these findings are specific to reading, given the diversity of
relationships between reading, mathematics, executive function and even theory of mind
(Cantin et al., 2016). One possibility is that attributes related to a high-functioning hub
network will be generalizeable across many different skills (as in Bertolero et al. (2018)),

whereas deficits in the functioning related to one or more specific hubs would manifest
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primarily in a single class of skills.

While this study is one of the first to examine the relationship between reading skills
and intrinsic network architecture, there are a few limitations. One limitation is the extent
of inference we can make about specific behavioral skills. We used a composite measure of
reading that accounts for phonological decoding and sight-word reading skill, but reading
skill relies on a number of other processes (e.g. semantic processing). Due to shared vari-
ance between these measures — and even domain-general ones — it is difficult to pinpoint
which cognitive process is most closely associated with modularity. However, the finding
that modularity was more closely associated with Sight Word Efficiency (which requires
no decoding) than Phonemic Decoding Efficiency provides some evidence that modularity
is related to speed of transfer of information between different systems, rather than envi-
ronmental tuning. Another limitation is that, because we examined these relationships in
relatively mature readers, it is possible that other relationships might be observed in de-
veloping readers. Such processes explain less and less variance in reading skill as texts
become more difficult and reading starts to reach mature levels (Cutting et al., 2006).

Overall, the current results demonstrate that global modularity is an important indicator
of successful reading skill, and there appear to be regional variations which influence it.
Future work will need to examine not just the internal connectivity, but the relationships
between these networks during reading and at rest. The default mode network, for exam-
ple, is typically anti-correlated with “task-positive” networks such as the fronto-parietal
network. A high degree of anti-correlation has been reported to be important for perfor-
mance on a variety of cognitive processes (Fox et al., 2005; Keller et al., 2015), but recent
work suggests that high modularity and connectivity of the default mode during higher-
level cognition is fundamental to processes relying on self-referential and memory retrieval
processes, such as those found in language (Vatansever et al., 2015). How this modular ar-
chitecture changes during the reading process is an important question that we will tackle

in the following chapter.
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CHAPTER 3

Integration of resting-state networks during reading

3.1 Motivation

In Study 1, we began building an argument that the brain compartmentalizes its cognitive
functions because this improves cognitive efficiency, both for specific tasks and for inte-
grating across the whole-brain network. We found this to be true in the case of reading
fluency: global modularity is positively related to reading skill, even when controlling for
verbal intelligence and motion. However, the brain network is not static but rather changes
in response to the demands made upon it. Therefore, evaluating the brain while it is reading
is critical for understanding how its organization supports fluency.

While resting-state functional connectivity is thought to provide insights into a rela-
tively stable intrinsic architecture, task-evoked functional connectivity measures network
organization in response to an environmental demand. The degree of reconfiguration is
physiologically limited: the BOLD signal change during a task is only about 1 percent
(Fox and Raichle, 2007), and there are underlying structural constraints such as white mat-
ter connectivity (Sui et al., 2014). Nevertheless, there is a large degree of flexibility to
reconfigure the functional network based on the demands of the task. One study, for ex-
ample, compared a finger-tapping to working memory task. Using measures of modularity
and participation coefficient, they found that within-network communication was critical
for the motor task, whereas between-network communication was important for working
memory (Cohen and D’Esposito, 2016). This supports a hypothesis that tasks can operate
on multiple levels: high connectivity within-module for sensorimotor tasks, and distributed
for ones that require higher-order skills. The ability to flexibly switch between high- and
low-modularity states may thus be an important trait.

Reading, and especially reading comprehension, spans both levels of cognitive activity.
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On the one hand, readers continuously receive visual stimuli and transform them into au-
ditory and semantic representations. These representations must then be kept in memory,
evaluated for relevance and updated when necessary (Maguire et al., 1999). In general,
task-evoked network architecture induces a decrease in modularity (Cole et al., 2014), and
this decrease is associated with active engagement and awareness of the task at hand (God-
win et al., 2015). Other studies have shown that the extent of the modularity is related to
the novelty and expertise at the task (Bassett et al., 2015). This has not, however, been
related to individual differences in those broader cognitive skills.

A complementary question is whether the relationship between reading skill and net-
work modularity while reading should remain the same. One hypothesis is that, if cross-
network communication is critical to reading, better readers should exhibit a much less
modular organization while reading than poor readers. However, there is evidence from
univariate analyses of brain activation that would suggest the opposite: compared to poor
readers, expert readers show less activation in many reading-related areas during reading
tasks (Christodoulou et al., 2014). In the context of interactive specialization, this is ex-
plained by the increased efficiency of information transfer within an established network.
If the resting-state network architecture represents an efficient baseline, then expert readers
may be expected to deviate from it less.

It has been well-established that during reading, brain activity patterns span a wide
range of networks and both hemispheres, especially as texts become longer and more com-
plex (Rimrodt et al., 2009; Xu et al., 2005). However, less understood is the relationship
between task-activity and changes to an area’s role in the network. Although hub regions of
the brain are known to be important for cognitive functioning, implicated in a wide variety
of processes and localize predominantly onto association cortices, we are not aware of any
studies that have directly compared their hub role to their BOLD response in a specific task.
That is, does the “activation” of a hub node correspond to its connecting of more areas, or

does it reflect a specific in the traditional sense corresponds to increased engagement with
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Measure Value

Subjects 47
Total scan runs 88
Mean age 10.51 (0.31)
Sex 24 M, 23 F

WASI Full-Scale IQ, Vocabulary 53.15 (8.69)
Test of Word Reading Efficiency 105.00 (18.09)

Table 3.1: Participant demographics for Study 2. Subjects include all of those from Study
1, and three additional ones who had sufficiently high quality task-fMRI scans.

many areas, or if it reflects primarily local processing. The answer may be region- and
task-dependent: visual areas may performing local processing, whereas activation of FPN
areas may indicate the linking of two networks.

Reading comprehension is thus an excellent model task for understanding how task-
evoked changes to network architecture vary throughout the brain and along reading skill.
First, we validate our task with a traditional univariate analysis. Next, we describe the
global changes to different aspects of network architecture during each condition. Then, we
pinpoint which brain areas and RSNs that drive the changes to network architecture, and
investigate the relationship between these changes and individual differences in reading

skill.

3.2 Methods

Participants

Participants were drawn from the same cohort of subjects included in Study 1, and identical
inclusion criteria for both demographic and scan motion were applied. However, additional
measures related to the performance of the task were levied as described below. A total of

47 unique subjects and 88 scan sessions were included in the analysis. Their demographics

are described in Table 3.1.
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MRI acquisition and task design

Participants performed up to four runs of a language comprehension task, which was
crossed on two conditions: the modality of presentation (listening or reading) and the pas-
sage genre (expository or narrative). Functional MRI acquisition parameters were identical
to Study 1 with the exception of scan duration, which was increased to a total of 250 dy-
namic volumes for each run.

For the present analysis, only the “reading” scans were considered, and the effects
of genre on brain activation were ignored, as they are balanced out within the majority of
subjects. (6 subjects had only a single genre used for analysis.) In the following paragraphs,
however, we will describe the experiment design in its entirety, as it will be relevant to
subsequent analyses.

Each fMRI run had two baseline conditions: a modality-specific baseline task and a
resting-state block with a fixation cross. At the conclusion of the comprehension portion
of each experiment, two images were presented, and subjects were asked to decide if the
image was related to the passage. (e.g., Is a picture of a cake with candles related to a story
about a birthday party?) The order and duration for each block varied slightly across runs
but was approximately: paragraph 1 (60 s), baseline 1 (60 s), paragraph 2 (60 s), baseline
2 (60 s), and resting-state (270 s). Total scan time was 550 s for each run. See Fig. 3.1 for
a schematic describing the visual task.

To create a more naturalistic reading experience than single word presentation (Rayner,
1997), passages were presented in syntactic phrases ranging from 1-7 words in length. The
interval between each stimulus was jittered to allow for event-related analyses (range: 275
4000 ms), although these effects were not examined here.

The sensory baseline condition was altered according to modality. For the reading
runs, three non-alphanumeric symbols were displayed horizontally (two types), and their
presentation time was matched to the passage phrases. Spacing between symbols was

randomly alternated to replicate the variable phrase lengths in the passage condition. For
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Figure 3.1: Schematic of the reading comprehension task. Subjects were presented two
blocks of passage reading and a symbol comparison tasks, which were followed by a brief
comprehension question and a resting block. Starred stimuli in the reading and symbols
conditions represent “repeat” stimuli, and a participant is asked to click a button when they
detect one. The total duration of each scan run was 550 seconds.

the listening runs, three tones (two frequencies) were played in sequence, with a new set of
tones beginning at the same intervals as the corresponding passage presentation.

To monitor attention, 4 to 8 percent of the stimuli within each passage or symbols
block were randomly repeated on two consecutive screens. Participants pressed a button
with their right thumb when they detected a repeated phrase, symbol or tone configuration.
Additionally, at the conclusion of each passage, a picture was presented on the screen, and
subjects were asked to identify whether the picture had any relationship to the passage (e.g.,
a picture of a mushroom for a passage about fungi).

To assess performance, we analyzed two measures: in-scanner attention and in-scanner
comprehension. To assess attention for the “repeated stimulus” task, we used the D sum-

mary measure. It is calculated as:

/
D' = Ziye positive — Zfalse positive

Individual scan runs with a D* value less than 2 were excluded from analysis. The in-

scanner comprehension measure was the number (either 0, 1, or 2) of questions correctly
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answered.
In total, there were 4 passages (2 listening and 2 reading), each leveled to a third grade
difficulty level and balanced on word measures such as concreteness and cohesiveness. All

subjects were trained on the task in a mock scanner prior to the actual scan.

Activation analyses

Whole-brain fMRI analyses were performed using tools from the FMRIB Software Library
(version 5.0.9). For each session, the following pre-processing steps were performed: slice-
time correction, motion correction to the initial fMRI volume, high-pass filtering at 0.08
Hz, boundary-based registration to the subject’s structural image, and normalization to 2
mm MNI 152 standard space. To mitigate the effects of motion on our analyses, we re-
gressed out 6 continuous motion parameters and scrubbed out outlier volumes. We defined
an outlier volume as any in which the root-mean-square framewise displacement exceeded
0.7 mm. We removed scan runs where more than 20 percent of the fMRI volumes were
considered outliers.

All task conditions were convolved with the double-gamma hemodynamic response
function to generate design matrices for each fMRI run. Two first-level contrasts were of
interest: the main effect of passage comprehension (“reading vs. rest”), and the contrast of
passage comprehension vs. the sensory baseline (“reading vs. symbols™). Repeated stimuli
and the picture comprehension task were modelled out.

Reading effects were estimated at the subject-level using fixed effects analysis. These
were carried over into group-level analyses using non-parametric methods implemented
in FSLs randomise tool with threshold-free cluster enhancement. For each group-level
analysis, we performed 5000 permutations and report results with p <0.05.

To understand our univariate results as a function of system-level activation, we also
extracted activation values from each of the 264 connectome nodes, and summarized the

activity of each intrinsic RSN.
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Network analyses

For graph theory analyses, network estimation was performed in the Conn: Functional
Connectivity Toolbox (version 17f) (Whitfield-Gabrieli and Nieto-Castanon, 2012). As in
Study 1, for each scan run, the BOLD activity at each node was denoised using the anatom-
ical CompCorr method, which regresses out background noise from white matter and cere-
brospinal fluid tissue. We also regressed out 12 continuous measures of motion were also
included, all outlier timepoints, and the effect of all task conditions (i.e., reading, symbols,
and rest). The timeseries was then high-pass filtered at 0.01 Hz.

Whole-brain connectomes for each condition were created by estimating the functional
connectivity between each node using a weighted general linear model. For connection-
level analyses, these values were compared directly across subjects and conditions. For
graph theory analyses, the array of all node connections was thresholded to keep the top 5
percent of connections, resulting in a much sparser representation. This threshold was also
tested at ranges from 2 percent to 10 percent. These arrays were then characterized using
the previously described graph theory measures: modularity, participation coefficient, and
path length.

To investigate the rewiring of the network at the RSN-level, we compared the number
of connections across each RSN relationship at each condition. For each pair of networks,
we computed a paired z-test between the total number of connections between the networks
to determine whether there were more in one or the other condition. This resulted in a 13
by 13 RSN-level connectivity array. Connectivity changes were performed at eaech of the
9 thresholds, and relationships that showed significant changes (p < 0.05, uncorrected) in

at least 7 of the 9 thresholds were included in the rewiring diagram.
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Figure 3.2: Scatterplot summarizing the relationship between scan motion quality and task
performance. The D’ score measures performance based on both active (correctly iden-
tifies repeats) and passive (few false alarm clicks) metrics. The frame-wise displacement
measure also accounts for outlier volumes which are regressed out during analysis.

3.3 Results

Behavioral results

47 subjects (88 scan runs) met the attention and motion criteria for inclusion in the analysis.
(5 subjects and 15 scan runs were excluded.) The distribution of performance and motion
criteria are illustrated in Figure 3.2. Across all included scans, the mean frame-wise dis-
placement was 0.143 (standard deviation of 0.091), and the mean D’ score, which measures
performance based on both active (correctly identifies repeats) and passive (few false alarm
clicks) metrics, was 4.097 (1.296). The mean score for the in-scanner comprehension task
(in which subjects identified if a picture was related to the passage) was 1.67 (out of 2), and

subjects missed both questions in only two of the 88 included scan runs.

Activation results
Figure 3.3 demonstrates the range of language-related areas were activated during read-

ing comprehension. Compared to the symbols baseline, reading-related activation spanned
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Figure 3.3: A range of language-related areas were activated during reading compreh en-
sion. The above figures show axial, coronal and sagittal views of the “reading vs. sym-
bols” activation contrast. Reading-related activations span expected areas, including left
fusiform, middle temporal and inferior frontal gyri, but also extend into right hemisphere
homologues and the cerebellum. Results are thresholded at p < 0.05 using threshold-free
cluster enhancement (5000 permutations).
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the inferior frontal gyrus, angular gyrus, premotor cortex, middle temporal gyrus and the
superior frontal gyrus. Activation patterns were robustly present on both hemispheres but
extended further and with greater intensity on the left hemisphere. There were also a num-
ber of areas that were more active in the sensory and resting state, particularly in the dorsal
attention network and anterior dorsolateral prefrontal cortex.

To understand RSN-level trends in activation, we also examined the results when pro-
jected onto the 264 nodes in the connectome parcellation. After performing FDR cor-
rection, the ventral attention was the only significantly active RSN compared to rest, al-
though it is notable that the “uncertain” nodes were significantly engaged. These nodes
had variable activity that made them impossible to classify consistently in the original pa-
per (Power et al., 2011). Their engagement may reflect the important role of functionally

diverse regions in the execution of reading comprehension. On the other end, the memory
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Figure 3.4: Distribution of reading-related activity among connectome nodes, grouped by
RSN. Each point represents a single node, while bars represent the aggregate mean for
each RSN. Visual and ventral attention networks showed the most network-level activity
in reading, although large portions of the default mode and fronto-parietal network were
also robustly related. Cingulo-opercular, memory retrieval and salience networks showed
decreases. Dashed lines are used for reference and represent an uncorrect p-value of 0.05.

retrieval, salience, dorsal attention, cingulo-opercular and somatomotor-hand networks ex-
hibited significantly decreased activity compared to rest (after FDR-correction). See Figure

3.4 for a diagram of these activations by RSN.

Network results

Next, we examined changes to global network architecture. Figure 3.5 summarizes the
subject-level changes (as well as significance values) in modularity, participation coeffi-
cient, and path length. Overall, the effect was one of increased integration across RSNs
during reading comprehension. Relative to rest, both reading comprehension reduced the
global modularity and increased the participation coefficient. The magnitude of the effect
in reading comprehension was also greater than that of the sensory condition. The path
length within each RSN did not significantly change across condition, suggesting that the

modular organization of the brain was not disrupted. However, there were significant in-
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Figure 3.5: Reading induces a more integrated global network architecture. Each set of
connected points represents a single subject. Compared to rest and the baseline symbols
task, reading comprehension increased global measures related to RSN integration. No-
tably, the only measure not significantly changed during task was the within-RSN path
length.

creases in the between-RSN path length corresponding to greater efficiency of transferring
information between these disparate systems.

Network-level trends in task-evoked differences, presented in Figure 3.6, were largely
consistent with global effects. However, a few findings are worth noting: compared to rest,
reading was marked by large decreases in modularity of the visual, dorsal attention and
default mode networks. However, the increases to participation coefficient were global.

Compared to the symbols task, network-level changes were modest, and the global differ-
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Figure 3.6: Post-hoc descriptive statistics reveal RSN-level trends in task-evoked networks.
Changes to modularity were driven by the de-clustering of the visual, dorsal attention and
default mode networks. For the participation coefficient, network-level trends in task-
evoked differences to graph theory measures were largely related to global trends. There
were many fewer significant changes in the “reading vs. symbols” contrast. Dashed lines
represent uncorrected significance thresholds of p < 0.05 and are used for reference only.

ences were driven by reduced modularity in the default mode and fronto-parietal networks

and increased participation of memory retrieval and default mode networks.

Specific relationships between RSNs are made apparent when comparing when exam-

ining the “rewiring” diagram comparing rest and reading (Figure 3.7). During rest, there

are many more within-module connections in the sensory systems, dorsal attention and
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Figure 3.7: Rewiring diagram showing the changes in connectivity between networks dur-
ing reading. During rest, there are many more within-module connections in the sensory
systems, dorsal attention and default mode networks. During reading, however, between-
network connections increase across many between-network relationships and none within-
network relationships. That is, the brain becomes more integrated.

default mode networks. When reading, however, between-network connections increase
across many between-network relationships and none within-network relationships. There
is a modest breakdown of the modularity during reading, in which there is a global increase
in integration across RSNs.

Decreases in modularity are coupled by increases in the participation of specific nodes.
To address whether the areas that are activated during reading (in the traditional univariate
sense) are also the areas driving integration, we correlated the two variables at the node
level. Interestingly, we found that nodes that were more activated in reading tended to
be those with lower participation coefficients (r = —0.434, p < 0.001). Nodes with high

participation coefficients tended to be deactivated relative to rest, although a few of these
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Figure 3.8: Univariate activity is anti-correlated with participation coefficients. Nodes with
high participation coefficients tended to be deactivated relative to rest, although a few of
these hub-like areas were also activated.

hub-like areas were also activated. (This effect can be seen in Figure 3.8).

There were a few noteworthy hub areas that were active during reading. These areas
spanned the left and right posterior temporal lobes, as well as the right inferior frontal
gyrus. Nodes and their coordinates are listed in Table 3.2.

Finally, we sought to replicate our previous finding relating resting-state modularity
with reading, and to determine whether this relationship would change in the task-evoked
network. For the reading and rest task conditions, we regressed the global modularity
against the TOWRE Total Word Efficiency standard score. We replicated the results of
Study 1 using the shorter rest condition from our task (7. = 0.432, p < 0.01), and we
also found that the relationship held in the reading condition (r,.,q = 0.494, p < 0.01)
(Figure 3.9). There was no relationship between reading skill and the change in modularity

between reading and rest, however.
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. . MNI
Brain region X Y 7 PC tread RSN

L superior temporal  -55 -39 13 0.680 3.527  Ventral attention
R superior temporal 51 -32 8  0.664 2.779  Ventral attention
R inferior frontal 52 32 0 0.655 2.412  Ventral attention
L inferior frontal -46 10 23 0.633 4.233  Fronto-parietal

R middle temporal 51 -28 -4 0.565 5.831 Ventral attention

Table 3.2: Hub areas activated in reading. Five areas were both active during reading
(tread>rest > 2.10) and in the top 70" percentile or higher for participation coefficient (PC)
at rest.

3.4 Discussion

The primary purpose of the current study was to determine the ways in which task-evoked
network architecture during reading differs from its baseline architecture, and whether
changes in modularity are good predictors of better reading skill. As expected, we found
that reading activated areas throughout the brain, especially in the visual, ventral attention
and default mode networks. Reading also increased measures of integration throughout the
brain compared to rest and a simple visual task. This integration was primarily driven by
the de-clustering of sensory, dorsal attention and default RSNs, and global increases to the
participation coefficients. Interestingly, we also found that hub areas — those with the high-
est participation coefficients — tended to be deactivated. Finally, we found that the positive
direction of the relationship between modularity and reading skill was unchanged at rest
and in task.

One feature of the present connectomics approach is the disregard for laterality effects.
There has traditionally been a major focus on laterality in reading and language (Martin
et al., 2015). However, a systems-based approach aggregates across the RSN instead, pro-
viding a more comprehensive summary of the network’s performance, but also making it
less sensitive to task effects in processes that are strongly lateralized. However, there is
much to be gained by prioritizing systems of the brain over sides. First, these right hemi-

sphere regions are homologues of important left hemisphere language areas, and comple-
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Figure 3.9: Higher modularity in reading is also related to reading skill. Although the
global modularity significantly decreased for each subject, there was still a positive rela-
tionship between global modularity and reading skill.

ment major processing areas such as the temporoparietal junction and angular gyrus (Price,
2012; Jung-Beeman, 2005). Secondly, the domain-general functions subserved by atten-
tion, executive and default networks are thought to be more global and less lateralized, so
the broader scope is more appropriate when treating reading holistically (with less focus
on decoding or semantics, for example) (Yeo et al., 2011).

One insight gained in this study is that much of the “reading network” falls predom-
inantly in visual, default and ventral attention networks. The heavy engagement of “un-
classifiable” border nodes is also indicative of the integrative nature of reading. While the
visual and default mode networks are commonly discussed in reading comprehension as
the seats of decoding and semantic processing, respectively, the attention networks have
received less attention. The ventral attention network, which was the most comprehen-
sively activated RSN in reading, plays a key role in integrating information from the envi-
ronment, and regulating top-down attention. It has a push-pull relationship with the dorsal

attention and salience networks. This can be seen in Figure 3.4, where the VAN and DAN

53



are activated in an oppposing manner. This relationship is important for reading: the dorsal
attention network encompasses the visual word form area, which was the only activated
DAN node and an area that has been the subject of much interest and debate in reading
and dyslexia research (McCandliss and Noble, 2003). It is probable that this area is so
important in reading not only because it is connected to language areas (Bouhali et al.,
2014), but also because it is tightly tied to other areas that control goal-directed attention
(Vogel et al., 2014). Vogel and colleagues found that reading ability in typical children and
adults (including decoding and passage comprehension ability) predicted increased corre-
lations between the visual word form area and the DAN (Vogel et al., 2012). The nesting of
this orthographic-processing area within the attention systems is further evidence of how
fundamental global systems of attention are to the reading process.

In terms of global network effects, we found that tasks reduced global measures of
modularity and increased measures of between-RSN communication, including participa-
tion coefficient and path length. Relative to rest, this was most apparent in the visual RSN,
which was characterized by a massive decrease in modularity compared to rest. These find-
ings support a model in which the modular architecture of the brain is highly maintained
between tasks, with global and some regional changes. It is not yet possible to say whether
modularity within these specific RSNs correlates most highly with reading because of their
functional roles in reading processes or whether they simply capture global trends better
than other networks (because they are larger, for example). There is some reason to suspect
specificity, however. In studies of remediation-induced changes to connectivity, increased
connectivity within the visual network (Koyama et al., 2013) and cingulo-opercular net-
work (Horowitz-Kraus et al., 2015b) have predicted reading improvement in dyslexic chil-
dren.

Previous research has also noted that brain regions that have been found to be abnormal
in dyslexia localize on high-hub regions (Bailey et al., 2018). Overall, however, we found

that nodes with high participation coefficients tended not to be activated during reading.
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One explanation is that, in most cases, the nodes responsible for integrating information
throughout the brain are not “taxed” in the same way that nodes performing specific com-
putational processes are. The fronto-parietal network, for example, showed no RSN-level
changes in activity, although it is known to play an important role in task-switching and
coordinating neural systems (Cole et al., 2013).

One implication of this finding is that it appears nodes of the hub network may work
in two ways. The first is to play a network-level role in integrating information across the
whole brain, facilitating the small-world architecture at a global level (van den Heuvel and
Hulshoff Pol, 2010). The second role is a more active local-level role that is functionally
specific, such as binding orthography to phonology in reading. The five hub-like regions
identified in Table 3.2 are examples of areas that are typical hub regions when studied at
rest but serve critical visual, semantic and procedural functions during reading comprehen-
sion (Price, 2012). These posterior temporal regions are also identified in meta-analyses of
abnormal functional activity in reading disability (e.g. Maisog et al. (2008); Richlan et al.
(2009). There could be potentially be two ties to reading disability, then: in one case, indi-
vidual differences in global network architecture (observable at rest) leads to less efficient
cognitive processing. This results in a garden-variety reading struggles, where the indi-
vidual struggles to attend to and integrate sensory information rapidly into the system and
struggles as a result, and which could also spill over into other cognitive domains such as
attention (Paulesu et al., 2014). In the second case, there may be focal deficits in a specific
process that give rise to reading struggles in children and adults which are caused by a gap
in a specific learned skill such as phonological processing (Achal et al., 2016; Goswami,
2002).

Overall, the results suggest that the maintenance of an efficient network organization,
i.e. one in which brain areas form clusters connected by hub regions, is important for
skilled reading, even as between-network connectivity increases. To our knowledge, this is

the first time the relationship between modularity and hubness to reading skill has been de-
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scribed during reading, adding to a foundation of work built on other connectivity methods.
It also provides a replication of the resting-state findings described in Study 1. However,
one limitation of the present approach is that effects were measured at a global level using
the a pre-defined RSN parcellation. While this allows for reproducibility and an inter-
pretable RSN “rewiring” framework, it cannot capture or describe the presence of new
communities (Power et al., 2011). Comparing the modularity or individual connections
between conditions assumes a reference framework, but to what extent is flexibility in net-
work connectivity important? Other analytical methods, such as investigating the number
of shared connection between two connectomes may provide a more detailed insight into
variability in task-evoked connectomes (Petersen and Sporns, 2015). In the next chapter,
we will address this question of how individual networks reorganize across a wider variety

of tasks.
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CHAPTER 4

Network flexibility and consistency across tasks

4.1 Motivation

How does a modular architecture support cognitive flexibility? The results of Studies 1
and 2 suggest that a high degree of connectivity within RSNs leads to more efficient cogni-
tive processes, even though communication between networks is critical for accomplishing
specific tasks. As a biomarker, then, flexibility in functional networks across different
tasks — at least those constructed using functional MRI — may not be related to efficiency
of cognitive processing. Rather, better readers seem to have a shared and strong network
“backbone” that is persistent throughout task reconfiguration.

The idea of similar activation between tasks reflecting a more efficient architecture is
not novel. In fact, in the domain of language, it is a widely-held view is that reading and
listening share the same core linguistic processes and differ primarily in the sensory trans-
formations that feed into supra-model linguistic systems (Mattingly, 1971). Although the
regions activated span the entire brain, it’s through a shared semantic processing core that
language is abstracted from the domain of sensory experience into higher-level processes
(Price, 2012). (see Figure 4.1 for a detailed mapping of these processes.) In this context,
then, a high degree of similarity between task-evoked networks would likely indicate a
system tuned for success in both listening and reading.

From a cognitive standpoint, reading and listening comprehension processes overlap
a lot more than reading and resting or reading and a simple working memory task. An
important extension of this similarity principle, then, is how much variability in network
architecture is there between dissimilar tasks? Our results thus far suggest that — as in
the case of listening and reading — more consistency between task states would mean that

fewer “new” systems need to be used, leading to greater efficiency. How do we reconcile
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Figure 4.1: There exists a common core architecture for reading and listening. The models
presented here contend that reading and listening share the same core processes, with the
major differences being in the sensory processing functions. Figure adapted from (Price,
2012).

this with the diversity of activity patterns seen in thousands of fMRI studies? One potential
answer may be the hub network that serves as a central role in integrating the whole-brain
network.

In this third study, we seek to address two questions. First, do better readers have
greater similarity between listening- and reading-evoked networks? Second, does this prin-
ciple of a strong “network backbone” extend to other tasks, and if so, can we identify any
network-level drivers of flexibility? To answer this, we we expand our task scope and their
analysis to include the auditory modality, and we also more closely examine network re-

configuration of the sensory baseline tasks. Below, we review additional background on
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relevant cognitive processes and network mechanisms.

The connectome in listening and reading comprehension

The Simple View of Reading, a widely-used and time-tested pychological model of reading,
states that reading comprehension is the product of listening comprehension and decoding
skills (Gough and Tunmer, 1986). This view has received support from large behavioral
studies (Kirby and Savage, 2008) and neuroimaging investigations: many literacy-related
changes are linked to visual or phonological systems, areas not directly related to seman-
tic or comprehension processes (Schlaggar and McCandliss, 2007; Dehaene et al., 2015).
These findings support a model in which inputs from auditory or visual domains are fed
up into higher-order association areas that sequence, encode articulation plans, and extract
semantic information (Price, 2012). These processes localize onto the similar areas regard-
less of language and writing system (Rueckl et al., 2015), and may even extend to inputs
from somatosensory domains (Xu et al., 2005; Sood and Sereno, 2016). Neuroanatomical
models of language, such as the one shown in Figure 4.1, illustrate that language is dis-
tributed throughout much of the brain with a high degree of overlap between listening and
reading comprehension.

The supra-modal language core is largely left-lateralized and centers on the inferior
frontal gyrus, anterior and posterior middle temporal gyrus and the angular gyrus. These
areas are responsible for the construction of a mental representation that includes textual in-
formation and associated background knowledge, connected by some conscious and some
unconscious executive processes (Kendeou et al., 2014). During comprehension, the re-
lationship between areas is dynamic and the mental model of the text constantly being
re-evaluated, and so attention and executive systems also play an important role (Spreng
etal., 2013).

Despite the clear overlap between reading and listening, there is also evidence that the

two skills are not directly equivalent. The pioneering researcher Alvin Liberman suggested
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that reading is parasitic on listening: it requires the majority of the listening machinery,
as well as an awareness of the linguistic act (Mattingly, 1971). There is also a subset of
students who, despite adequate word decoding skills and vocabulary skills, struggle with
reading comprehension (Pimperton and Nation, 2010; Spencer et al., 2014). From a neu-
robiological perspective, differences in core language systems are also observed: studies
have found additional activation in left posterior temporal and parietal areas in reading
(Constable et al., 2004), as well increased bi-laterality of activity in children (Berl et al.,
2011). Altogether, there is substantial evidence that reading relies on existing speech com-
prehension circuitry, but that there may be meaningful differences even beyond sensory
processing. A high degree of overall convergence in the evoked networks may therefore
be an indicator of better reading, but certain key hubs or RSNs may play special roles in

weaving the processes together.

The connectome across many tasks

If the brain preserves its modular architecture across tasks, how does it tie together the
disparate processes that make each task unique? Strong candidates for this role are the
brain’s hub regions, which show flexibility across a number of tasks — not just listening and
reading but other cognitive tasks as well (Cole et al., 2014).

The “flexible hub” theory asserts that a subset of regions in the brain are responsible
for coordinating other brain systems in the accomplishment of internally-directed aims
(Cole and Schneider, 2007). Hubs provide a way in which the brain might maintain its
overall modular architecture while still increasing communication between regions. While
there are a number of cognitive systems that may perform hub-like functions, including
the salience, dorsal attention, ventral attention, and cingulo-opercular networks, several
researchers have targeted the fronto-parietal network as a particularly important set of areas
likely to perform hub-like functions (Cole et al., 2013; Niendam et al., 2012).

The fronto-parietal network is an assembly of brain regions encompassing the lateral
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frontal and parietal cortices along with insular, anterior cingulate, and inferior temporal
areas that have been broadly implicated in a variety of higher-level cognitive tasks (Fe-
dorenko et al., 2013). One reason it has been targeted is that it encompasses the lateral
prefrontal cortex, which has been seen to exert top-down control over other brain areas and
which is often active in novel or difficult tasks (Duncan, 2010). Some have described the
fronto-parietal network as supporting active and adaptive online control, initiating and ad-
justing goal-directed mental systems (Dosenbach et al., 2007), while others have proposed
a more general superordinate role in directing cognition (Niendam et al., 2012). Further-
more, it has been found that variability in the connectivity of the fronto-parietal network is
predictive of the severity of cognitive deficits in intelligence and symptoms of schizophre-
nia in a clinical population (Cole et al., 2011). SPecifically, higher connectivity from the
prefrontal cortex to areas outside of the fronto-parietal network was tied to worse psychi-
atric symptoms. Taken together, there is significant evidence for the importance of hub
regions in supporting flexible cognition, and the fronto-parietal network may be particu-

larly important.

Study aims

Overall, the aims of the present study were to determine to what extent flexibility across dif-
ferent tasks is predictive of individual differences in skilled reading and cognition. While
global modularity can be important metric that reflects network similarity — specifically,
similarity to a pre-determined RSN partition — we here also employ a reference-free method
for identifying similarity between networks. This will improve our ability to directly com-
pare the architectures of listening and reading, and those between other tasks. First, we
test similarity between listening and reading network architecture corresponds to higher
reading skill. Second, we compare similarity between task-evoked networks across many
conditions, and examine the variability at the level of individual RSNs. We specifically

expect that attributes related to the fronto-parietal network will be important indicators of
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Measure Value

Subjects 42
Total scan runs 142
Mean age 10.54 (0.31)
Sex 21M,21F

Test of Word Reading Efficiency 105.60 (17.16)
WASI Full-Scale IQ, Vocabulary 53.76 (8.20)

Table 4.1: Participant demographics for Study 3. Participants were a subset of those exam-
ined in Study 2, who had also completed a listening comprehension task with sufficiently
high quality.

cognitive processing.

4.2 Methods

Participants

Participants were drawn from the same cohort of subjects included in Studies 1 and 2, and
identical inclusion criteria for both demographic and scan motion were applied. However,
additional measures related to the performance of the task were levied as described below.
A total of 42 unique subjects and 142 scan sessions were included in the analysis. The

demographics for these subjects are described in Table 4.1.

Functional MRI acquisition and processing
The task design for this study is described in detail in Chapter 3. Briefly, subjects were
presented up to four separate runs of a language comprehension task. The task included
two passage blocks (“reading” or “listening”), two sensory baseline blocks (“symbols™ or
“tones”) and a trailing resting-state block (“rest”). The four scan runs were crossed on two
conditions: the modality of presentation (auditory or visual) and the genre of the passage
(narrative or expository).

A scan session was excluded based on the following parameters: the number of high-

motion volumes exceeding 20 percent, mean frame-wise displacement greater than 0.4, or
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poor task performance (D’ < 2). To control for the effects of genre, we matched all scans
that met inclusion criteria with their opposing-modality counterpart, so that each subject
had either 2 scans (same genre in listening and reading) or 4 scans (both genres in listening
and reading). In total, 42 children (142 scans) met inclusion criteria.

Functional MRI acquisition and preprocessing procedures were equivalent to those de-
scribed for Study 2. See the Methods section of Chapter 3 for a detailed description of these

processes and their parameters.

Activation and network analyses
Our analysis was broken into two parts: first, comparing the similarities and differences in
network organization for listening and reading, then across all available tasks.

For the modality comparisons, we used a fixed-effects subject-level model to esti-
mate the shared activation for “listening and reading” and their differences “listening vs.
reading”. We then used FSL’s randomise utility to estimate the main effects of modality
across all subjects in our sample (5000 permutations, threshold-free cluster enhancement,
p < 0.05). We also investigated these effects in “connectome space” by extracting the val-
ues at each of the 264 nodes used for connectivity analysis, then comparing the activity

profile of each RSN during reading and listening.

Network similarity estimation
Global modularity estimates the similarity of a network to a reference partition, such that
two networks with high modularity must be similar to the reference, but not necessarily
to each other. This method, while useful, has the drawback of being biased towards the
provided RSN parcellation: two networks could receive the same modularity score, but
deviate in significant ways (i.e. both similar to partition but not to each other).

One similarity metric that is not biased towards a reference is the intersection of the
union (IOU). To calculate the IOU of two binary matrices, one sums the total number

of shared connections (intersection) and divides it by the total number of connections in
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Figure 4.2: Schematic of methods for measuring similarity between whole-brain connec-
tomes. The intersection of the union (IOU) can compare two connectivity arrays without
reference to a pre-defined set of RSNs. On the left are methods for comparing listening
to reading connectomes. On the right are methods for comparing, for each whole-brain
network or RSN array, the similarity across all all task and rest conditions.

either array (union), resulting in a value between O to 1, with O corresponding to no shared
connections and 1 representing identical arrays. IOU provides two advantages compared
to simply calculating the number of shared connections: it converts all comparisons to a
common range, and it can compare arrays with different numbers of connections without
being biased towards dense arrays (e.g. comparing an array with many connections to
one with few connections). The IOU approach provides a complementary perspective to
estimates of modularity.

We first compared the IOU of network arrays across individuals within the two linguis-
tic conditions: listening to listening and reading to reading. We summarized the distribu-
tions of the IOU, with the expectation that there would be the most variability within the
reading condition, since listening is more “natural”. Next, we tested whether the similarity

between an individual’s reading and listening network arrays was related to reading skill.
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Finally, we analyzed RSN-level patterns of similarity and difference between reading and
listening.

Next, we broadened the scope of analysis to include comparisons between all task con-
ditions: rest (x2), symbols, tones, listening and reading. For each subject, we calculated
the IOU between each evoked network in all conditions. This resulted, for each subject,
in 15 network comparison values, for each set of nodes examined. The question we were
interested in was whether, within-subject, individuals who had fewer changes in network
configuration were also better cognitive performers. We then sought to determine whether

changes within a single RSN (e.g. the fronto-parietal network) were the key drivers of this.

4.3 Results

Behavioral results

42 subjects (142 scan runs) met the attention and motion criteria for inclusion in the anal-
ysis. Across all included scans, the mean frame-wise displacement was 0.149 (standard
deviation = 0.099), and the mean D’ score was 3.964 (1.285). The mean score for the
in-scanner comprehension task (in which subjects identified if a picture was related to the
passage) was 1.725 (out of 2), and only 4 of the 142 scan runs answering both questions
incorrectly.

Mean D’ scores were unrelated to the modality of presentation (Mean D/, = 3.678,
Mean D(, = 4.006, p = 0.176) However, there was a trend towards difference in median
FDRMS between scan modalities (paired t-test, r = 1.904, p = 0.059), so we also replicated
analyses with a stricter motion threshold (no more than 10 percent outliers in a scan run).
The main results from analysis of this 35 subject (116 scan runs) cohort were broadly

consistent.

Activation results
As expected, reading and listening shared a common core of language-related activations.

These included the bilateral middle temporal and inferior frontal gyri, as well as the ante-
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rior temporal poles. The differences related to modality fell into three categories: sensory
processing areas, including the insula, superior temporal gyrus, and secondary visual pro-
cessing areas; and hetero-modal association areas, most notably the inferior frontal gyrus
and angular gyrus; and somato-motor regions, including the premotor cortex and lateral
geniculate nucleus of the thalamus (Fig. 4.3). Areas showing greater activation in listening
localized on primary auditory cortex and the dorsal attention network.

This result is more easily visualized when viewing it in terms of the 264 nodes of
the connectome. There was a very high correlation coefficient between activation during
reading and listening compared to the sensory baseline (r = 0.748, p < 0.001), reflecting
the high degree of shared activity in the language network. Relative to rest, the variability
was slightly higher (r = 0.552, p < 0.001), but still significant.

In general, areas that are active during listening are also active during reading, but
there were differences in the intensity with which they were activated: many nodes were
more strongly activated in reading compared to listening. Figure 4.4 displays these in
connectome space. These fell predominantly into the ventral attention, visual, and default
mode networks. Only a few areas were more active in listening than reading: areas in the

dorsal attention network and a few in the default mode and salience networks.

Network results

In terms of graph theory measures, we found a significant decrease in global modularity
(t =3.670, p < 0.001) and a significant increase in participation coefficient (t = —4.312,
p < 0.001) in reading compared to listening (top panel of Figure 4.5). Investigating the
differences in path length between the two modalities provides a stronger sense of key
drivers of this increased integration. The bottom panel of Figure 4.5 displays the node-
level connections of nodes that get closer or further during the reorganization. The large
amounts of red reflect the greater global integration seen in reading. On the other side, the

large blue patch showing a reduction in visual network connectivity is particularly salient.
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Figure 4.3: There was a large overlap in activation between the listening and reading com-
prehension tasks. Activation spanned a bilateral set of regions, especially around middle
temporal, inferior frontal gyri. Activations shown for p < 0.05, threshold-free cluster en-
hancement (5000 permutations).

Network similarity results

We next investigated whether there were individual differences in the task-evoked networks
for listening and reading. For each pair of participants and modality of presentation, we
calculated the IOU between their whole-brain networks (Fig. 4.2, left side). We found

that listening-evoked networks had more overlap between subjects than reading-evoked
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Figure 4.4: Activation differences due to modality of presentation among RSNs, when both
tasks were compared to their sensory baseline. Each point represents a single node, while
bars represent the aggregate mean for each RSN. Visual and ventral attention networks
showed the most network-level activity in reading, although large portions of the default
mode and fronto-parietal network were also robustly related. Cingulo-opercular, memory
retrieval and salience networks showed decreases. Dashed lines represent p < 0.05, uncor-
rected.

networks (r = 53.190, p < 0.001). Additionally, we found a trend among subjects in
which those with the highest mean similarity overall were also more similar to other high-
similarity subjects. This suggests there is a common architecture that is approximated by
each individual (see top panel of Figure 4.6).

As readers become more experienced, the expectation is that the task-evoked network
architecture for reading would converge onto the listening comprehension system. To test
this, we compared each subject’s listening network with their reading network then corre-
lated this measure with TOWRE scores (Fig. 4.7). Better readers had a higher degree of
similarity between the listening and reading networks (r = 0.408, p = 0.007). Furthermore,
we found that reading and listening networks within a subject were on average more similar
than between subjects (t = 26.123, p < 0.001).

We next extended this question to encompass multiple task conditions and examined
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Figure 4.5: Reading induces a more integrated network architecture than listening. In terms
of modularity and participation coefficient, there is greater integration during reading than
listening. The bottom panel displays the changes to the number of steps connecting each
node. The large amounts of red reflect the greater global integration seen in reading; the
blue patches represent a reduction in modularity, especially within visual networks.

connectome variability at the level of individual RSNs. For each person, we created a simi-
larity matrix describing the shared connections between each of these conditions. Then, we
calculated the mean of the shared connections (Fig. 4.2, right side). Figure 4.8 shows the

distribution of within-subject IOU values for each RSN. The global similarity was 0.364,
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Figure 4.6: Distribution of subject similarity values in listening and reading. Top panel:
each matrix represents the subject-to-subject similarity of task-evoked networks in the lis-
tening or reading conditions. Subjects with high mean similarity (brighter) also tended to
be more similar to each other, suggesting they approximated a common network config-
uration. Bottom: When comparing the distributions of similarity scores, there is greater
similarity between listening-evoked networks than reading-evoked ones. Dashed lines rep-
resent the mean subject-to-subject IOU for each condition.

meaning that within an individual subject, the evoked connectomes from the listening, read-
ing, tone, symbol and resting conditions shared more than one third of connections on aver-
age. At the RSN-level, the highest similarities were among the visual, dorsal attention and

memory retrieval conditions; the lowest were in the auditory, ventral attention, subcortical
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Figure 4.7: Network similarity between listening and reading predicts word efficiency. We
compared the listening-evoked network to the reading-evoked networks within each subject
and found that it, too, correlated with reading skill.

and somatomotor (mouth) regions.

We next correlated these measures with TOWRE scores. The mean within-subject IOU
for the entire connectome (264 nodes) was significantly correlated with the TOWRE Total
Word Efficiency standard score (r = 0.324, p = 0.033). Individual RSNs generally fol-
lowed this trend, although a few had higher correlations: the ventral attention (r = 0.384),
fronto-parietal (r = 0.370), salience (r = 0.352) and default mode (r = 0.346) networks
were slightly greater than the whole-brain IOU. To test whether this was specific to reading
skill or more general, we performed the same correlation using the Vocabulary scores from
the WASI intelligence test. We found an even stronger correlation between global similar-
ity measures and vocabulary scores (r = 0.481, p < 0.001), with the trend continuing for

the other RSNs.
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Figure 4.8: RSNs share a large degree of similarity. At the global level, the mean similar-
ity among task-evoked networks was higher (0.362) than any individual RSN. Several of
the language- and task-oriented RSNs had very low similarity (ventral attention, auditory,
somatomotor).

4.4 Discussion

This study addressed two questions: how does task-evoked network architecture vary be-
tween two highly similar tasks, and how do individual differences in this variability relate
to cognitive skills? We covered differences between reading and listening at the level of
activitation, global network measures and network similarity. At all levels, we found a high
degree of similarity between listening and reading relative to the other conditions, but with
reading eliciting more more integration across RSNs and more variability between subjects.
We found that the degree of similarity between listening and reading task-evoked networks
was related to reading skill; the degree of similarity between all of the conditions, in fact,
was related to reading skill. The results provide further support that variability in network

architecture is not associated with increased cognitive performance. Rather, it seems to be
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TOWRE - TWE WASI VOCABULARY
SET OF NODES

Rank r Rank r

Whole-Brain - 0.324* - 0.481%**
Fronto-Parietal 2 0.370 2 0.498
Sensory RSNs

Auditory 9 0.283 7 0.417

Somatomotor-Hand 14 0.119 12 0.285

Somatomotor-Mouth 6 0.322 9 0.402

Visual 7 0.316 5 0.456
Attention RSNs

DorsalAttention 12 0.261 4 0.464

Salience 3 0.352 8 0.416

Ventral Attention 1 0.384 6 0.453
Associative RSNs

Cingulo-opercular 8 0.307 13 0.271

DefaultMode 4 0.346 1 0.509

MemoryRetrieval 10 0.277 3 0.469
Other RSNs

Subcortical 5 0.327 11 0.325

Cerebellar 11 0.267 10 0.346

Uncertain 13 0.136 14 0.234

Table 4.2: Correlation values between shared connectivity and cognitive skills. Individual
RSNs generally followed the global trend, with the exception of the unclassifiable and so-
matomotor (hand) RSNs. Whole-brain correlations are significant at p < 0.05 for TOWRE
and p < 0.01 for WASI. RSN-level inference is based on rank order than significance of
correlation strength.

the case that the “evoked” networks approximate a baseline architecture that is suprisingly
stable across task demands.

Reading and listening elicited a similar activation profile with many overlapping ar-
eas. This is consistent with previous research and theoretical models suggesting that, after
the act of word recognition, reading and listening share a common supramodal core set of
processing areas (Rueckl et al., 2015; Hoover and Gough, 1990; Price, 2012). However,
there were some important differences. The first was the finding of greater activity during
reading along several shared language-related areas, including the temporo-parietal junc-

tion and inferior frontal gyrus. The greater activation here likely represents more effortful
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processing: in developing readers, there is an elevated BOLD signal for reading compared
to listening (Berl et al., 2011). This elevation is also true for individuals with dyslexia
who will sometime exhibit greater activation in reading-related areas compared to typically
developing children (Pugh et al., 2000).

The other meaningful difference is the deactivation of the dorsal attention network dur-
ing reading, relative to listening. The dorsal attention network has a push-pull relationship
with the ventral attention and salience networks. Because the ventral attention network is
so heavily engaged during reading (viz. Chapter 3), it is likely that this reduction in DAN
activity is a response to it. The DAN is closely connected to language areas including the
visual word form area (Bouhali et al., 2014), but also plays a major role in guiding top-
down attention, and is closely related to other executive RSNs such as the fronto-parietal
(Vogel et al., 2014). Vogel and colleagues found that reading ability in typical children
and adults (including decoding and passage comprehension ability) predicted increased
correlations between the visual word form area and the DAN (Vogel et al., 2012). That
the deactivation of the DAN (and activation of the VAN) are present in a contrast of the
two skills suggests that these attention processes are unique to reading and not general to
language comprehension. To our knowledge, this is the first report of this.

Speech comprehension is “natural”, in the sense that most everyone learns to under-
stand language regardless of their educational environment. The greater similarity values
observed when comparing the listening-evoked networks across participants may reflect the
more practiced nature of speech. On the other hand, the greater variability in the reading-
evoked network might be indicative of the additional interactions necessary in reading:
guided control of eye movements, visual processing, additional engagement of the atten-
tion systems (Mattingly, 1971; Rayner et al., 2006). There are also differences in what is
encoded in speech and text. Speech contains overt clues about the speaker, such as tone and
prosody, and these can convey additional non-linguistic meaning for the listener. Reading

could be considered a more purely linguistic act. Reading may thus allow more room for
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self-generated situation models and more independent direction of thought.

As readers become more experienced, the expectation is that the task-evoked network
architecture for reading would become more similar to that of the intrinsic listening com-
prehension system. It is thus expected that greater overlap between the two systems would
be correlated with reading skill, as it was. Once again, each individual RSN was broadly
representative of the global trend, but there were a few of particular note. Similarity of
structure in the fronto-parietal and default mode networks were the only RSNs that out-
performed the global IOU in both correlations with cognitive skills. It could be argued
that these two represent the two core higher-order RSNs. High similarity in both implies
that they are anti-correlated, once again touching upon the segregation hypothesis. The
two RSNs that had no correlation with either measure were the “uncertain” nodes — nodes
whose connectivity profiles were too variable to assign to an RSN — and the somatomotor
(hand) RSN, whose connectivity may have been strongly influenced by the tapping task
throughout the scans.

The overarching result is that variability in task-evoked network architecture, whether it
is between language tasks, simple sensory tasks or resting state, is anti-correlated with cog-
nitive performance. Although alterations to the intrinsic organization are inevitable when
performing a task, the degree of reorganization appears to be related to the task difficulty
— or at least the extent of cognitive functions employed — with reading representing the
most taxing model investigated by us. We have also seen that differences in the network
architecture are robust within individuals: the correlations with reading have held across
a number of different network measures. But how and when do they change? Does the
relationship with reading hold true throughout the lifespan? We tackle these questions in

the next chapter.
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CHAPTER 5

Modular networks throughout development

5.1 Motivation

Childhood represents the ideal time window in which to study the relationship of brain
network architecture on reading because of the rapid changes and growth. Over the first
three studies, we found that whole-brain modularity was predictive of reading skill and con-
served during reading comprehension but that there was an increase in integration among
RSNs during reading. RSN related to attention and internal thinking, including the dorsal
attention, ventral attention and default mode networks were especially impacted. Reduced
modularity was not unique to the reading process, however, and we found a high degree
of similarity, on average, when comparing several different network structures within each
individual — roughly one third of connections were conserved.

Despite the benefits of studying children, it is important to couch these findings in a
developmental context: for example, does higher modularity and network consistency rep-
resent a more mature architecture, or is it tied to individual variability in organization?
Although we are just beginning to understand how maturation changes the network archi-
tecture of the brain, there have been some consistent findings in the past several years.
One of the earliest findings was that in children, short-range connections are strongest,
whereas in adults, long-term connections increase in strength (Power et al., 2010; Chan
et al., 2014). This is accompanied by decreases in functional network modularity and the
coherence (fractional anisotropy) of white matter tracts, and in later life, decreases in the
participation coefficients of hub areas (Betzel et al., 2014). It should be noted, however,
that many of these lifespan studies have investigated the time period between early adult-
hood and senescence, with fewer studies having been done in childhood and adolescence

(Cao et al., 2016).
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One purported benefit of a modular brain architecture is “evolvability”: the capacity
for a system to easily adapt to environmental circumstances because new modules can be
added without drastically altering the other modules (Kashtan and Alon, 2005). Each one
can work in parallel, sharing information when necessary, but without being too dependent
on the success or failure of another system. This makes modularity not only efficient and
robust to damage, but also capable of accommodating change over the lifespan. Cognition,
too, has traditionally been considered to a large degree modular, with the pseudo-science of
phrenology being the most extreme example, but more recent efforts coming from a deeper
understanding of visual and sensory systems (Barrett and Kurzban, 2006). However, some
higher-order cognitive functions such as working memory, attention and planning have
not been localized to a discrete cortical area and are more likely to depend on a global
workspace (Dehaene et al., 1998).

The degree of reorganization is likely to depend on the individual’s ability to respond to
a given task. Although it is still an area of investigation, one group investigated how mod-
ularity changed over the course of learning a novel task. Bassett and colleagues scanned
participants at four timepoints while they were learning a new finger-tapping task: be-
fore training, early in training, midway through training and at the end of training (Bassett
et al., 2015). The authors empirically defined a visual and motor module, and investigated
changes to it throughout training. They found two important trends: first, the two modules
became increasingly segregated throughout training and practice; and second, the involve-
ment of non-module nodes such as those in subcortical systems was reduced over time.
A separate study found that that modules are more likely to re-organize at early stages in
the training process (Bassett et al., 2010). Taken together, the findings suggest a model
in which the early stages of training require a high degree of cross-module communica-
tion, whereas later stages rely on more automated, modular processes (i.e. efficient and
segregated processing).

The cognitive processes in reading are also thought of in a modular sense: visual, au-
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ditory, semantic and motor processes can each be taught or assessed separately. Phonics
instruction focuses on letter-sound mapping, a process which engages both auditory and vi-
sual systems. Neuroimaging evidence from the past two decades suggest that this binding
process localizes to specific areas, including the left temporo-parietal junction and visual
word form area (Price, 2012). These areas have received a lot of focus because they serve
as bottlenecks for reading efficiency which, if they have not been tuned properly, prevent
fluent reading. However, there have also been efforts to characterize poor reading as a
lower-level deficit in terms of more fundamental processes, including visuo-spatial atten-
tion (Vidyasagar and Pammer, 2010), cerebellar function (Pernet et al., 2009; Eckert et al.,
2003), subcortical sensory processing (Stein and Walsh, 1997; Angelica and Fong, 2008),
or some combination of these (Pernet et al., 2009). We suggest that global modularity in the
context of reading skill is best interpreted as high efficiency in these more basic processes.

In this chapter, we seek to further develop our model of the relationship between net-
work architecture and reading by investigating changes throughout development. We use
task-based methods previously described (but with new stimuli) to attempt a replication of
previous findings in a new cohort of subjects. We then explore the differences in network
organization during reading comprehension. Finally, we use the reference-free methods
of similarity described in Chapter 4 to investigate within- and between-subject flexibility
of network architecture. We note that, although the data analyzed here parallel those de-
scribed in Studies 1, 2 and 3, this also introduces some challenges. Most important of these
is that developmental effects are confounded by the task difficulty and differences in mo-
tion. Even with these limitations, however, the results will provide important context for
our previous findings and help to flesh out a model of the advantages conferred to specific

cognitive skills by the modular brain.
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Measure Group 1 Group 2 Group 3

Subjects 38 18 20
Total scan runs 118 64 72
Mean age 9.38 (0.31) 11.61 (1.33) 25.96 (4.49)
Sex 18 M, 20F 5M,13F 16 M,4F

WASI Full-Scale 1Q, Vocabulary 55.37 (11.95) 55.89 (7.52) —
Test of Word Reading Efficiency 109.95 (15.23) 101.33 (15.50) —

Table 5.1: Participant demographics for Study 4. Participants were drawn from three sam-
ples: children from the third wave of the longitudinal study described in Studies 1 to 3;
adolescents in a cross-sectional study of reading comprehension skill; and adult volunteers.
Scan sessions followed the same task design as in Study 3 but stimuli were novel.

5.2 Methods

Participants

Participants in this study were drawn from several studies and age groups to represent a
cross-section of the population at different points in development. They fell into three
categories: a group of children (ages 8 to 10) were selected from the third wave of the
longitudinal study described in Study 1; a group of adolescents (ages 10 to 14) from a
large, cross-sectional study on the cognitive components of reading; and a group of adults
(ages 18 to 40), largely from a population of university research assistants and graduate
students. In this final group, behavioral data was sparsely collected, so no analyses of
reading-related skill are possible. Demographics for these subjects are described in Table

5.1.

Functional MRI acquisition and processing

The task design for this study is described in detail in Chapters 3 and 4. Briefly, sub-
jects were presented up to four separate runs of a language comprehension task. The
task included two passage blocks (“reading” or “listening”), two sensory baseline blocks
(“symboles” or “tones”) and a trailing resting-state block (“rest”). The four scan runs were
crossed on two conditions: the modality of presentation (auditory or visual) and the genre

of the passage (narrative or expository). One difference, however, was that the contents
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of the passages presented to these participants differed from those previously described.
While still balanced to a third-grade reading level using Coh-Metrix, the passages were
novel.

Motion is a major confound in age-related connectivity analyses since, on average,
children move much more during a given scan session than their older counterparts. To
combat this, we applied a stricter motion criteria for inclusion than previously: subjects
needed to have no more than 10 percent outlier volumes across the entire scan. A total of
72 unique subjects and 256 scan sessions met this criteria.

Functional MRI acquisition and preprocessing procedures were equivalent to those de-
scribed for Studies 2 and 3. See the Methods section of Chapter 3 for a detailed description

of these processes and their parameters.

Network analyses
Analyses were broken into three parts. First, we sought to understand what effects devel-
opment had on the modularity of the brain at rest and during reading. We assessed these
changes by analyzing the task-evoked networks for each of our participants, and using the
group (children, adolescents, adults) and task conditions (rest, symbols, reading) as the
factors in a two-way ANOVA predicting network modularity. We then analyzed changes to
connectivity strength at the connection- and RSN-level to summarize changes to reading-
evoked activity across development. For these analyses, we created connectivity networks
(thresholded to retain the top 5 percent of connections) for each subject’s “reading” con-
nectome, then we performed an independent two-sample 7-test between younger readers
(Group 1) and older readers (Groups 2 and 3) on each connection. For each RSN-RSN
pair, we summed all connections that were significant at an uncorrected p < 0.05 to create
a measure of net connectivity change between the two RSNs.

We also sought to replicate previous results showing a positive relationship between

global modularity and reading. In particular, we sought to determine whether this relation-
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ship changed over time (for example, flattening out in older readers). For this study, we
used the average modularity during the resting condition of the task. (Data could be drawn
from either 2 or 4 sessions, or approximately 8 - 16 minutes of resting-state signal). The
adult group had an inconsistent amount of data available, so this regression analysis was
only able to be performed across Groups 1 and 2.

Finally, we built upon Study 3 by investigating how network similarity changes through-
out development. We had two questions: first, whether between-subject similarity increases
over time, and second, whether the mature network is more “flexible” and reorganizes it-
self to a greater degree during different tasks than younger individuals. To accomplish
these two objectives, we calculated the intersection of the union for each subject’s reading-
evoked network with each of their peers (Group 1 to Group 1, etc.). (We also did this
for their resting-state network.) We then averaged this IOU metric and performed a ¢-test
between the younger and older participants. To study within-subject variability, we fol-
lowed the methods described in Chapter 4: for each of the six conditions that each subject
(reading, listening, symbols, tones and rest in each modality), we calculated the pairwise
similarity matrix, then averaged it. Higher mean values indicate a higher level of similarity

between each evoked state. We then performed a 7-test between younger and older subjects.

5.3 Results
In total, 76 subjects (254 scan runs) were analyzed. Despite our stricter criteria, motion
does represent a potentially confounding variable for between-group comparisons, as there
was significantly less motion in Group 3 (adults). As discussed in Study 1, however, we
have attempted to address these differences through preprocessing techniques.

We first tested the effects of task condition and age on estimates of modularity on the
reading comprehension task. We set up a two-way ANOVA with the three groups (young
readers, adolescents, adults) as one factor and the three experimental conditions (rest, sym-

bols, reading) as the other factor. Figure 5.1 displays the distribution of these data.
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Figure 5.1: Adults have lower modularity but undergo the same task effects as younger
readers. For the group factor, adults ("Group 3’) had a lower modularity than the younger
participants, but Groups 1 and 2 were not significant different. For experimental condi-
tions, resting state had a higher modularity than both task conditions, which did not differ
significantly.

We found significant main effects for both group (F = 11.376, p < 0.001) and con-
dition (F = 60.4, p < 0.001), but not their interaction (F = 0.470, p = 0.758). We then
conducted post-hoc ¢-tests on the comparisons within each factor. With regard to group
effects, adults had a lower modularity than the younger participants, but Groups 1 and 2
were not significant different. For experimental conditions, resting state had a higher global
modularity than both task conditions, which did not differ significantly. See Table 5.2 for
complete results.

Next, we turned to individual differences in RSN connectivity to understand drivers of
decreased modularity. We first examined changes at the connection-level by comparing
the strength (i.e. correlation) between the younger and older groups. We noted two spa-
tial trends: there is greater connectivity strength in posterior areas in the younger group,

whereas the older group shows greater connectivity between anterior and bilateral areas.
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Variable SSq df F-/t-statistic ~ p-value
Two-WAY ANOVA

Group 0.023 2 11.374 < 0.001
Condition 0.126 2 60.402 < 0.001
Group:Conditions 0.001 4 0.469 0.758
Residual 0.229 219

POST-HOC ¢-TESTS

Conditions

Rest vs. Attention 13.341 < 0.001
Rest vs. Reading 14.279 < 0.001
Attention vs. Reading 0.437 0.663
Groups

Group 1 vs. Group 2 0.604 0.546
Group 1 vs. Group 3 3.733 < 0.001
Group 2 vs. Group 3 2.869 0.005

Table 5.2: Two-way ANOVA table for the main effects of condition and group on modu-
larity. Below are results for post-hoc 7-tests conducted within each factor.

See Figure 5.2 for a diagram of these connections.

To summarize this at the RSN level, we grouped each significant connection by its
originating and target RSN, then summed up the number of connections changed. The net
results of this aggregated connectivity map are shown in Figure 5.3. This map reveals a
few important trends: when children read, there is high connectivity within and between
the dorsal attention, visual, somatomotor and executive networks. In older readers, the
concentration of connections shifts towards higher-order areas such as the default mode
and salience network, as well as the auditory and ventral attention areas. In the context
of our previous findings, it would seem that mature readers have a reduced modularity
due to decreased within-network connectivity of visual, somatomotor and dorsal attention
networks.

We then attempted to replicate our findings that higher global modularity at rest was
associated with higher reading skill. We were unable to test the relationship in the oldest

readers (ages 15 and older), but did have access to TOWRE scores from participants in
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Younger > Older

Figure 5.2: Connection-level changes to the reading network. Connections that showed sig-
nificant differences between older and younger readers. Dorsal and posterior connections
had higher connectivity strength in younger readers than anterior and bilateral connections.
Connections shown here are significant at p < 0.05, FDR-corrected.

Group 2. When all subjects were included in the analysis (n = 56), there was a positive
correlation that trended toward significance but did not quite reach it (r = 0.256, p = 0.057).
When analyzed separately, we found that the correlation was higher in younger readers
(r =0.280, p = 0.089) than older readers (r = 0.198, p = 0.432).

We noticed that some of the poorest readers had more variability in their modularity
values. We re-ran the correlations excluding the 4 readers with standard scores of 85 or
less (one standard deviation below average, or the bottom 16 percent). This adjustment
made the correlation across the entire group (r = 0.404, p = 0.003) and the younger group
(r=0.459, p = 0.006). Although the correlation increased for the adolescent group, it did

not reach significance either (r = 0.292, p = 0.273).
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Figure 5.3: Developmental shifts in connectivity strength. When children read, there is
greater connectivity within and between the dorsal attention, visual, somatomotor and ex-
ecutive networks. In older readers, the concentration of connectivity shifts towards ventral
attention, salience and the default mode networks.

Finally, we investigated how subject “flexibility” differed across age groups. We first
compared the degree of subject similarity between “developing readers” (Group 1) and
“mature readers” (Groups 2 and 3) during reading and rest. Consistent with our findings
of decreased modularity, we found that older participants had, on average, lower similarity
to their peers than children did. This was true both during language comprehension (¢t =
13.829, p < 0.001) and at rest (r = 9.087, p < 0.001). Figure 5.5 provides an example of
this effect for the reading-evoked network.

Despite the findings of decreased modularity, we found no evidence that the the within-
subject IOU across conditions changed (t = 0.239, p = 0.811). This was also true of the

comparison of the listening-evoked to reading-evoked networks, which were previously
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Figure 5.4: Modularity is related to reading skill in younger readers. Although including
all developing readers resulted in a significant correlation, and both Groups 1 and 2 had
positive correlations with reading skill, the relationships only reached signifiance in Group
1 when analyzed separately. It is also possible that this relationship is different in very poor
readers (e.g. bottom 16 percent, as shown here).

found to be correlated with reading skill. This level of similarity was consistent across all
age groups and had a mean of 0.345 (standard deviation of 0.047), replicating the results

from Chapter 4 (mean similarity of 0.364).

5.4 Discussion

In this study, we sought to better understand how the maturation of the human brain affects
functional network architecture and its reorganization during tasks. We build on our previ-
ous work showing that the modular organization of the brain decreases slightly throughout
the lifespan but is similarly disrupted during tasks, no matter the age or expertise of the
individual. We identified developmental shifts in network connectivity which show that an
emphasis on sensorimotor and dorsal attention systems gives way to connectivity between
default mode, auditory, ventral attention and salience systems. While the within-individual
variation of task-evoked and resting-state architecture remained consistently high in mature

participants, adult networks showed a greater amount of variability than in children. The
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Figure 5.5: Older subjects show less similarity between in reading-evoked networks. Net-
work similarity decreased in the older group, even as within-subject similarity stayed the
same. This suggests that, while older subjects largely retain the modular architecture from
early in life, they also develop a more individualized connectome.

results bolster the hypothesis that modularity is an adaptive trait which allows for growth
and the support of cognitive functioning throughout the lifespan.

Although the global differences between reading and rest remained the same throughout
development, there were major changes in the manner with which they reorganized. The
adult connectivity network had fewer connections in visual, dorsal attention and somato-
motor areas. This is consistent with previous findings of decreased modularity of visual,
dorsal attention and control regions in later life (Betzel et al., 2014). One interpretation
is that children were more sensory-laden: they used their top-down attention systems to
focus more on the mechanics of reading. Adults, on the other hand, had a more anterior
and bilateral network. The significant increases of connectivity within the default mode
network certainly support the hypothesis that adults had richer internal mental activity dur-
ing the stories (Spreng et al., 2013). That is, they may have been better able to focus on
the content and integrate it with more of their personal experiences and background knowl-

edge. We also note in particular the differences in connectivity between the dorsal attention

87



and ventral attention networks. In Study 2, we saw that the ventral attention network is a
critical reading-related RSN, and in adults we observe that it is connecting out to a number
of higher-order processing areas. This supports the idea that adults have automated much
of the lower-level visual processing of reading such that the ventral attention network can
feed it up to other systems (Twomey et al., 2011).

Some models of network development suggest that children have intact network ar-
chitectures from early on in life and RSNs with long-range connections, such as those in
the fronto-parietal and cingulo-opercular, strengthen later in life (Uddin, 2010; Cao et al.,
2016). Our findings are compatible with such a model but extend it in two ways. First,
the finding of greater modularity in children also means that younger subjects were more
similar to the reference partition from Power and colleagues (Power et al., 2011). This ref-
erence partition is the result of finding a consensus parcellation across nearly 100 subjects,
suggesting that children more closely resemble the “average” brain network than adults.
Second, adults shared fewer similarities to other adults than children did to other children,
but showed strong consistency within themselves. In effect, their within-person modularity
was just as high as it was in children.

It thus appears that humans start life with an archetypal architecture and “tweak” it as
they learn and grow. In fact, this is the evolutionary advantage of modularity: a system
can easily adapt to its environmental circumstances because new modules can be added
without drastically altering the other modules (Kashtan and Alon, 2005). Individuals can
add new skills, such as recognizing a new alphabet, or rewire portions of cortex to perform
new functions, as in stroke recovery, without having to re-build the system from the ground
up. Indeed, this is what happens in the case of literacy: locations predisposed to be useful
for connecting areas (e.g. fusiform gyrus) are recycled for more specific uses (Saygin et al.,
2016). It’s likely that this process occurs consistently throughout development and even in
less “revolutionary” skills than reading, as John Steinbeck puts it. This process of continual

editing and adding results in a more individualized architecture in adulthood, even though
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the template remains the same.

Although this study boasts several major features, including the replication of previous
results, multiple cross-sectional age groups and a large number of analyzed scans (254
scans totalling nearly 30 hours of scan time), there are a few limitations. First of all, the
passages were balanced to a third grade reading level, meaning that the younger groups
may have found them challenging while the older groups found them very easy. While this
is likely, we do not believe this unduly influences the results. The passages were presented
at a pace that was slow enough for the young readers to follow along without difficulty, and
they were also presented phrase-by-phrase so that older readers would still have to engage
with the text for the same amount of time and retain a mental model over the same period.
More pernicious may be the differences in scan motion between the two groups. However,
we have included a narrower portion of the young population and also performed several
layers of preprocessing to account for these effects.

We were able to replicate our findings that higher global modularity is correlated with
better reading skill, with two new findings. First, the strength of the connection seems to
decrease as children get older and reach adolescence. This might reflect the individuation
of their architecture, as discussed above, or it could be that the effects of experience begin to
trump an intrinsic biological disposition. The relationship was greatly strengthened in the
younger group when we excluded very poor readers from analysis. One possibility is that
individuals who struggle may have focal differences, such as in phonological processing,
that are not reflected in the global architecture. We interpret a highly modular brain as one
with many very efficiently organized sub-systems. One potential intersection this model
has with reading is that this may reflect the importance of the “building blocks” of reading.
Rather than reading (and reading difficulty) being defined by the activity of a few important
areas (for example, the occipito-temporal cortex, temporo-parietal junction, inferior frontal
gyrus), the integrative process relies on finely tuned RSNs. These may correspond with

cognitive skills such as visual attention and phonological awareness. Any inefficiencies in
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these basic skills will cascade into problems integrating into the larger network.
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CHAPTER 6

Review and summary

The human brain is a remarkable and complex organ. Its small-world organization of the
brain is an apparent paradox: to more efficiently integrate cognitive processes, it has to seg-
regate their neural substrates into spatially and functionally distinct modules. Reading, a
skill that combines almost every cognitive process humans have, is one of the brain’s most
remarkable capabilities and a prime example of the brain coordinating activity among dis-
tributed systems. Throughout this dissertation, we have investigated the influence of these
organizational principles on individual differences in the ability to efficiently integrate brain
systems during reading. We combined inferences from several different methodological ap-
proaches, including behavioral testing, resting-state network analysis, task-based activation
analyses, and the combination of the two. We believe these results represent a contribution
to the fields of macro-scale human connectomics, as well to those studying reading and its
disabilities.

Over the course of the first three studies, we analyzed the network architecture of fourth
grade readers under a variety of conditions. Using resting-state networks, we established
a set of connectome-forming methods and descriptive metrics including modularity, par-
ticipation coefficient and path length. We then compared individual differences in these
attributes to reading skill, finding that better readers had greater global network modularity
but reduced modularity in the auditory and cingulo-opercular RSNs. This suggests that this
segregated network architecture is important for functioning but that literacy acquisition
may impact the composition of specific networks.

We then sought to describe how network architecture changes during reading, and
whether task-evoked networks had a different relationship to reading skill than those at

rest. In Study 2, we observed that reading comprehension decreased global modularity,
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especially in the visual, dorsal attention and default mode networks. Overall, it increased
measures of integration between a wide-variety of RSNs, including sensory and attention
systems. Furthermore, the positive relationship between reading skill and global modular-
ity persisted during comprehension, suggesting that the maintenance of each module across
tasks is an important attribute of an efficient connectome.

Does that mean that more similarity between task-evoked network architectures is in-
dicative of a more efficient organization? If so, do some RSNs become more similar and
other nodes less so? To answer these questions, Study 3 compared two related but different
processes - reading and listening. We found that there was a common core of areas acti-
vated in the two network states, as well as a common network backbone. In fact, better
readers had a greater degree of similarity between the two language conditions, suggesting
that the two networks merge in more skilled readers. We then calculated network flexibility
across many different architectures, including simple attention tasks and rest, and we found
that the listening-to-reading similarity was not unique to language, but inherent to the in-
dividual: participants were generally more similar to themselves in different tasks than to
others in the same task.

Finally, we investigated the effects of development on modularity and network organi-
zation. In Study 4, we replicated previous findings of a relationship between modularity
and reading skill in younger readers using novel stimuli and a larger group size. We found
that the modular organization of the brain — as determined by using a group average ref-
erence parcellation — decreases slightly throughout the lifespan but is similarly disrupted
during tasks, no matter the age or expertise of the individual. We also identified develop-
mental shifts in network connectivity which show that an emphasis on sensorimotor and
dorsal attention systems gives way to connectivity between default mode, auditory, ventral
attention and salience systems. Adults also showed greater differences between each other
than children did, although their within-subject “flexibility”” did not change. Although these

results require further validation with a larger sample size and better control of confounds
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Figure Key Finding

STUDY 1

2.5

Global modularity was the graph theory measurement most
predictive of reading skill.

2.6 Modularity in the auditory and cingulo-opercular networks

was anti-correlated with reading skill.
STUDY 2

3.4  Reading comprehension induces system-level increases in
the ventral attention, visual, somatomotor (mouth) and de-
fault mode networks.

3.7  Reading is especially characterized by decreased connec-
tivity within sensory, dorsal attention and default mode and
increased connectivity between many different RSNs.

3.9  The positive relationship between network modularity and
reading persists during reading comprehension.

STUDY 3

4.5 Reading comprehension requires more more integration
across networks than listening.

4.7  Better readers have greater similarity between their listen-
ing and reading networks.

4.8  There is a relatively high level of mean similarity between
network configurations across many tasks.

STUDY 4

5.1  Modularity decreases with age but exhibits similar task-
evoked changes in all groups.

5.4  Global modularity predicts reading skill in young readers
better than adolescent ones.

5.5  Adults showed less connectome similarity with their peers

than children, although within-subject similarity remained
the same.

Table 6.1: Key findings in Studies 1 through 4.

such as text difficulty, they serve a useful preliminary role in supporting our developmental
model of network architecture.

Taken as a whole, the studies underscore the importance of functional network archi-
tecture in cognitive processing, as well as its stability over time and cognitive states. The
results support a neurocognitive model in which efficiently segregated processes serve as a

scaffolding for their integration during complex functions, and over time, the development
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of new connections and displacement of others individuates each person’s connectome.
The studies illustrate how a connectomics approach to reading illuminates — not displaces
— previous neuroimaging research, much of which focused on localizing specific cognitive
processes. We made every attempt to be systematic in our methodology, and believe we
have made a meaningful contribution to our understanding of brain modularity as it relates
to cognitive processing. However, there is much left to be investigated, and many possible

future directions for these research aims. Below, we outline a few of these.

6.1 The importance of attention in reading

One of the consistent findings across our studies was the engagement and disengagement
of attention networks in reading. The ventral attention network was the RSN most engaged
by reading in Study 2, and the dorsal attention network was one of the only RSNs to show
lower activation in reading than in listening (Study 3). Furthermore, adults had greater con-
nectivity between the ventral attention network and many other networks, whereas children
had higher modularity with the dorsal attention network and higher connectivity between it
and visual and somatosensory systems. Although it’s widely recognized that reading relies
heavily on attention (e.g. Vogel et al. (2012); Vidyasagar and Pammer (2010); Clifton et al.
(2016)), it may warrant an even closer relationship to language processes than it currently
bears. Popular models such as the Simple View of Reading, for example, don’t account
for attention explicitly, instead modeling reading ability as the product of word recognition
and oral language comprehension (Gough and Tunmer, 1986).

One of the major benefits of prioritizing the attentional aspects of reading, as opposed
to its visual or linguistic aspects, is the potential for identifying similarities across multi-
ple cognitive processes. As we have seen, from a network standpoint, the reading-evoked
network is less unique than might be expected. Apart from a few remarkable regions (the
visual word form area, temporo-parietal junction), a great degree of the reading process

appears to be the orchestration of pre-existing and highly efficient sensory processes, and
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attentional networks are key to this orchestration: they will help identify salient words
in a large block of text, suppress environmental distractions and maintain focus for ex-
tended periods of time (Fedorenko and Thompson-Schill, 2014). Slow or inadequately
rapid attention-shifting could undermine fluent reading by causing temporal-spatial mis-
alignment in processing, e.g. letter sequence and arrangement (Lallier et al., 2009). At-
tention issues such as these could affect performance in other cognitive domains such as
specific language impairment and attention deficit / hyperactivity disorder, which are often
comorbid with reading disorders (Pennington, 2006; Margari et al., 2013). One question
ripe for investigation is how the push-pull relationship between the dorsal and ventral at-
tention networks proceeds during reading, and whether it varies at different points during
the comprehension process. New methods for modelling this dynamic relationship are de-

scribed below.

6.2 Dynamic modeling of network activity
Brain networks are not static, even though they are often modelled as such. Connectiv-
ity patterns are constantly shifting, and changes in the configuration of networks across
time (so-called dynamic connectivity) have become an increasingly important domain of
research in the past several years. Work using sliding time windows have illustrated that
during rest modules alternate between time periods of higher and lower levels of integration
(e.g. global efficiency) over time (Zalesky et al., 2014). These changes are periodic and
can be consistent throughout different parts of the brain (Handwerker et al., 2012). (See
Figure 6.1 for an example.) Modelling this variability across subjects can be a challenge,
since subjects states tend not to be locked in time with each other outside of tasks; how-
ever, many advances have been had by using wavelets and other techniques (Zalesky et al.,
2014).

Answering this question is crucial to understanding our findings of high modularity in

better readers. The networks we examined in these studies were averaged over a relatively
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Figure 6.1: Correlations between brain regions fluctuate over time. Top panel, from left
to right: the posterior cingulate seed region; the correlation map created from the seed
using a 10 minute time series; correlation maps created over 32s temporal windows. The
shorter correlation windows show how functional connectivity changes over time. The
authors were able to parse brain regions based on the temporal frequency of these changes
in connectivity. Bottom panel: relationships betwen different RSNs can be modelled and
compared using methods such as Grainger causality. Figures adapted from Handwerker
et al. (2012) and Havlicek et al. (2010).

long time period — the course of a few minutes. In that time, there could have been many
transitions between low- and high-modularity states. The frequencies at which the brain
cycles through these states could be driving the “average” global modularity observed in
our studies (Fries, 2005). Indeed, this oscillatory activity has been the subject of a num-
ber of studies and represents a promising new dimension to resting-state fMRI analyses

(Hutchison et al., 2013). One intersection that these dynamics may address is the ubiqui-
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tous role of the default mode network across a number of tasks. In reading, for example,
large portions of both the default mode and fronto-parietal networks are active, despite the
well-established anti-correlation between them. One explanation could be that some areas
of the default mode network oscillate at higher frequencies in order to integrate information
into the global workspace (Vatansever et al., 2015).

Another major question relates to the effects of task-switching during reading. Previ-
ous research demonstrating the flexibility of the fronto-parietal network in cognition used
event-related connectivity measures in which subjects performed a task with rapid changes
in instructions or event-related working memory tasks (Cole et al., 2013; Braun et al.,
2015). The FPN may thus be critical for the initial switching action in connectivity pat-
terns, after which the network becomes more settled. In the context of reading, individuals
will spend time in various stages of the comprehension process: at some point extra atten-
tion will be paid to the decoding of the text, at others to the semantic processing, at others
to the recall and integration of previous information (Spreng et al., 2013). Looking at the
variations in activity at key junctures of the reading task would elucidate the roles of indi-
vidual RSNs such as the FPN in the construction, maintenance and evaluation of the text
(Sakai, 2008). The answers would help to identify whether the flexibility of certain RSNs

and connections are an attribute of that connection or of the task.

6.3 Individualized network assignments

One caveat with connectomics analyses, including those presented here, are that results
for the modularity analyses are often based on RSN parcellations from previous literature
(e.g. Power et al. (2011)) and are applied indiscriminately across the entire group. This
allows for a common reference partition and more interpretable results, but it neglects the
fact that there may be important differences between individuals in the optimal community
partition for an individual. Even within a given method, there can be a very large number

of alternative community parcellations that may differ from the maximum in only a very
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Figure 6.2: Individualized networks in a highly sampled individual brain. Although the
individual’s systems-level organization is broadly similar to the group, it demonstrates
distinct network features. Annotations represent areas where the individual parcellation
diverges meaningfully from the group. Figure from Laumann et al. (2015).

slight way (Good et al., 2010). Community-agnostic measurements such as the intersection
of the union, which we employed in the present analyses, or consensus-based clustering
can address some of these concerns, but they are still essentially limited in their capacity to
allow variability of possible partitions in the system.

The problem may be especially acute in the context of development. As we noted in
Study 4, as children mature, the pattern of connectivity changes significantly, with mod-
ules becoming more segregated and long-range RSNs such as the fronto-parietal network
becoming more robustly connected (Cao et al., 2016). In cases where there are actual dif-
ferences in the architecture, comparison to the same reference partition will result in one
group being considered lower modularity when in fact they are more appropriately deemed
different modularity. One alternative methodology is to create a group average map for

each group then assign communities (e.g. Chan et al. (2014)), but as we have seen, this
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neglects individual differences in the network architecture that may be important and in-
teresting. One important way this can be controlled is by modelling subject’s networks on
an individual basis and measuring changes longitudinally, as in Bassett et al. (2015). This

allows for the accommodation of individual differences as well the condition effect.

6.4 High-resolution and multi-modal parcellations

One tension present in network analysis is that of resolution: using too coarse of a sampling
of the brain and one risks losing important detail; too fine and one risks introducing extra
noise and unneeded complexity. In these analyses we used 264 nodes that have been used
in a number of other studies (e.g. Power et al. (2013); Cole et al. (2014)). These nodes
cover a large range of brain systems and functional subdivisions (defined by meta-analytic
techniques), and each node is separated by at least 10 mm, meaning there is less redundant
information being measured. Functional MRI, however, represents only a narrow sliver
of the possible methods for understanding the network architecture of the brain, and how
it differs between individuals. Functional methods for human brain mapping can also be
found in electroencephalography and magnetoencephalography, which offer much higher
temporal resolution. Other whole-brain methods in MRI include white matter tractogra-
phy and structural covariance. (See Sui et al. (2012) for a review of methods connecting
different modalities.) In recent years, the combination of these techniques has resulted in
a renaissance of brain mapping, and its impact is beginning to extend into the cognitive
domain.

One of the more influential parcellations has been one developed by Glasser and col-
leagues using Human Connectome Project data (Glasser et al., 2016). This parcellation
utilizes changes in cortical architecture, function, structural connectivity, and topography
to delineate 180 cortical areas on each hemisphere of the brain. This large number of areas,
and the amount of data it is built on, stands in stark contrast to the 52 Brodmann areas

which have long formed the standard schema for analysis. However, this is hardly the only
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Figure 6.3: This high-resolution parcellation of the human brain is based on cortical
anatomy, structural tractography and functional covariance. Each hemisphere has 180 re-
gions of interest which can be projected onto a surface map. In this picture, black outlines
indicate areal borders and colours indicate the extent to which each area is associated with
the corresponding sensorimotor system. Figure from Glasser et al. (2016).

contender: there is also the multimodal Brainnetome (210 parcels), Gordon atlas (356),
Shen atlas (213), and the ubiquitous Yeo (98), Brodman (52) and AAL (74) atlases, among
others (Gordon et al., 2016; Fan et al., 2016; Shen et al., 2013; Yeo et al., 2011).

The challenges limiting the adoption of these advanced methods — especially in envi-
ronments with a more specialized population such as pediatric imaging — is the amount
and quality of data required (multiple modalities, little-to-no subject motion), as well as
the steep learning curve associated with implementing them in practice (many pieces of
software, advanced programming techniques, many different file types). The number of
parcellations can also be overwhelming: although there is a high degree of similarity be-

tween each of them, it will be useful for the field to converge on an accepted standard for
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researchers seeking to bridge the latest advances in network science to their more specific
fields. However, as more tutorials become available and software becomes more accessi-
ble, future research is likely to reap incredible benefit from these more detailed methods

(Poldrack and Farah, 2015).

6.5 Final word

Reading is a remarkable ability that requires the efficient coordination of information be-
tween distributed brain systems. Mastering it is, in John Steinbeck’s words, one of “the
most difficult and revolutionary thing that happens to the human brain.” Why might some
children find it easy, even natural, to read, whereas others find it a grueling or impossible
chore? One piece of the puzzle is likely to be the brain’s network architecture: the scaffold
developed from the first moments of life through birth and childhood and into adulthood.
The ongoing tuning and shaping of this architecture forms a basis for the myriad cognitive

tasks in which people engage, including reading.
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