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Abstract 

Sensation, perception, cognition and behavior depend on complex neural processes carried 

by the coordinated function of brain structures. This coordination is achieved through 

oscillatory activity and synchronization, and the main pathways can be captured with 

resting-state activity. Structural alterations might affect the functional coordination with 

other brain structures, and a structure-function approach can provide a better understanding 

of the underlying neural mechanism that characterizes human populations. This thesis will 

study altered structure-function relationships in Autism Spectrum Disorder and in children 

born preterm at school age. Functional activity is assessed with MEG or fMRI resting-state 

data and structural characteristics with MRI. Both populations present brain oscillatory and 

structural alterations related to the thalamic-cortical system. Recent evidence indicates that 

the development of brain networks connectivity is altered in ASD and in very preterm born 

children. Evidence remains scant, however, regarding the relationship between atypical 

brain network connectivity and altered structure-function relationships in these groups. In 

ASD, there is contradictory evidence on the nature of such alterations with some studies 

suggesting increased or decreased functional connectivity involving particular structural 

areas. In very preterm children, evidence regarding the overall nature of structure-function 

network alterations remains scarce. Both populations present structural alterations and 

atypical oscillatory activity, and this research will investigate how structure-function 

relationships in brain networks are altered in ASD and in very preterm children and their 

association with developmental difficulties. Specifically, in ASD it will be assessed the 

functional brain networks spatial maps variability and atypical structural developmental 

trajectories of cortical thickness, and in preterm, atypical oscillatory activity and 

synchrony, and altered thalamic structural measures.  

 

 

 

Keywords:  brain connectivity; brain spectral power; brain structures; autism spectrum 
disorder; very preterm children; child development; 
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Chapter 1.  
 
Introduction 

1.1. Overview 

The brain is the main organ in the body that gives rise to sensory perception, cognition and 

behavior. Structures in the brain have different functions and complex neural processes 

require the coordination of distributed brain structures. This coordination is achieved 

though oscillatory activity and synchronization and main neural pathways form brain 

networks with a specialized repertoire of functions. Structural alterations might affect the 

functional coordination with other brain structures, thus, a structure-function approach 

where the relationships between atypical brain structures and disrupted functional activity 

are examined could better characterize the neural underpinnings of behavior and cognition 

as opposed to only studying structural and functional alterations as two separated 

phenomena.  

In this thesis, through a structure-function approach, structural and functional atypicalities 

will be assessed in Autism Spectrum Disorder (ASD) and in children born very preterm at 

school age using one of the largest datasets currently available in both populations. 

Children born preterm and ASD population present a disruption of developmental 

processes that sets atypical structure-function relationships. These atypical relationships 

could explain the neurocognitive deficits and symptom severity present in the studied 

populations. In very preterms, the disruption is temporally very defined, involving the first 

perinatal weeks, whereas in ASD is temporally more diffuse, expanding mostly childhood 

and adolescence. Both populations are associated with altered network oscillatory 

synchrony and activity associated with structural alterations in the cortex and thalamus. 

Namely, structural alterations in preterms are more pronounced in the thalamus whereas in 

ASD are more pronounced in the cortex. The cortical-thalamic system is crucial for 

cognition and behavior (Wolff and Vann 2019) and understanding structure-function 

relationships that characterize preterms and ASD could bring a better understanding of the 
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relationship between functional and structural alterations and the cognitive deficits and 

symptomatology of these populations.  

In this thesis, structure function alterations in ASD will be studied by examining the 

structural variability of functional brain networks and its relation to structural changes in 

the maturation of the cortical mantle by measuring age-related changes in cortical thickness 

at different levels of spatial granularity. In children born preterm the structure-function 

relationships will be studied. First, by examining oscillatory synchrony and spectral power 

at different brain areas, and then, examining the association between oscillatory activity 

and structural alterations associated with the thalamus. Although both populations have 

distinct functional and structural alterations, they both present a neurodevelopmental 

disruption and thalamic-cortical structural and oscillatory alterations. Thus, this thesis, 

using a structure-function approach, will aim at providing a deeper understanding of the 

neural underpinnings of the behavioral characteristics in ASD and preterm.   

In the following subsections of this chapter, a general introduction will be presented to 

contextualize the studies in this thesis. First, the integration of modular brain areas that 

give rise to segregated brain networks will be discussed. It will be followed by an 

introduction to spike-timing dependent plasticity (STDP) that modulates different temporal 

oscillatory synchrony, preserves brain network circuitry, and ensures that information 

transfer between brain areas is not lost. Then, an overview of the main developmental 

processes of brain maturation will be presented as a background for discussing, in the next 

sections, the disruption of foetal development in preterm children and atypical pruning of 

cortical synapses in ASD. This introduction chapter will be closed by stating the aims and 

hypothesis of the thesis studies. 

1.2. The macro-structural organization of the brain 

Human cognition involves multisensory integration of stimuli in a millisecond scale, 

creation of internal models to predict future events, mental projections of  other’s thoughts, 

integration of mental representations whose association allows the articulation of language, 

interpolation and extrapolation to infer new meanings, abstract thinking involving 
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symbolic constructs that go beyond concrete representations of sensory-perceived objects, 

and creation of new thoughts (Andrews-Hanna 2012). The brain is the central structure that 

gives rise to cognition, and a deep understanding is necessary to underpin the neural basis 

of cognition and behavior in the health and disease.  

With the discovery of magnetic inhomogeneities caused by changes in the level of 

hemoglobin oxygen in the blood due to local blood flow and oxygen consumption by 

neurons and astrocytes (Fox and Raichle 1986; Ogawa et al. 1990; Pauling and Coryell 

1936), functional MRI opened the door to study in-vivo brain activity with a never-seen-

before high spatial resolution. Many neuroimaging studies followed inquiring on the 

regional brain areas involved in perception, cognition and behavior. This functional 

segregation, a one-to-one mapping of a brain area to a function, brought a deeper 

understanding of the functional architecture of brain areas, such as retinotopic mapping 

and low-level visual features responsive areas (Engel, Glover, and Wandell 1997; 

Warnking et al. 2002). However, the specialization of brain structures alone cannot explain 

the wide repertoire of cognitive functions to adapt and thrive in the environment. Moreover, 

brain areas are functionally pluripotent (many functions to one area) and degenerate or 

redundant (many areas to one function), (Price and Friston 2002). Instead, the neural 

substrates of cognition arise from the multi-level integration of local processes and their 

dynamic interaction though distributed brain networks (Pessoa 2012). 

More precisely, brain function, rather than independent and functionally specialized 

modules, it arises from an optimal equilibrium of functional segregation, where 

information is processed locally, and functional integration, where information locally 

processed is distributed to other areas and integrated (Sporns 2013). Modules are 

anatomical areas whose neural units are more connected to each other than to the rest of 

the network. The functional integration of modules follows a pattern of small-world 

network in which connections tend to be short-ranged -where local processing occurs- and 

a few connections termed as ‘hubs’ -where integration takes place- have many short and 

long-range connections (Albert and Barabási 2002). Modular interactions have a 

hierarchical structure-function relationship (Mahjoory et al. 2019). Low-level sensory 

regions processing simpler features and sending the information to higher regions which 
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process more complex information (Hilgetag, O’Neill, and Young 2000), until reaching 

multimodal or associative areas where higher-order information is integrated holistically 

(van den Heuvel and Sporns 2013). Information hubs, such as the posterior cingulate cortex 

(PCC) and the thalamus (Hwang, Maxwell A. Bertolero, et al. 2017), are primarily located 

in associative areas and are considered to be central in brain communication and integration 

of neural information (van den Heuvel and Sporns 2013).  

Small-world network organization of neural pathways makes energetically viable large-

scale patterns of synchronization (Bassett and Bullmore 2006). Even at rest, when there are 

no specific demands from a task, very slow fluctuations (<0.1 Hz) of blood-oxygen-level 

dependent (BOLD) activity captured by fMRI reveal spontaneous synchronization across 

distributed brain areas. Functional connectivity (FC) measures these synchronizations by 

correlating BOLD time series between brain regions. Resting-state networks (RSNs) can 

be identified by means of clustering FC values (as done in Chapter 2), extracting maximally 

independent spatial components (Independent Component Analysis -ICA) or measuring 

correlations between one voxel and the rest of the brain. RSNs can be associated with 

sensory processing such as the visual and somatosensory networks, with sensory gating 

processes such as the ventral and dorsal attention networks, and with non-sensory specific 

such as the executive, the limbic and the default mode networks (Yeo et al. 2011). 

RSNs can also be found during task-related cognitive processes (Smith, Fox, and Miller 

2009). As mentioned by Friston (2009), this reflects a ‘dual-state’, where sensory-driven 

brain activation relies on the same neural pathways as in internally-driven tasks 

(pluripotency). Although RSNs are stable, especially on a long time scale, the functional 

coupling strength varies across different task demands (Krienen, Yeo, and Buckner 2014; 

Yeo et al. 2015), and even at rest structure-function relationships are dynamical over time 

(Allen et al. 2014; Park et al. 2012; Smith et al. 2012). This dynamic level of integration 

and segregation can be seen, for example, during a novel sensorimotor learning task, in 

which the FC architecture is initially composed of visual and motor sensory networks along 

with frontal and PCC hubs integration. With training, the visual motor networks become 

functionally segregated from these higher-order hubs and act more autonomously (Bassett 

et al. 2013, 2015).  
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Notwithstanding the task-dependent functional connectivity dynamics, resting-state 

functional connectivity provides an insight on the stable framework from which cognition 

and behavior emerges. The brain represents 2% of the total body weight but the resting 

metabolic rate (RMR) consumption represents the 20% of the body’s energy (Ames 2000) 

with most of the energy demands coming from synaptic activity (Raichle 2009). During an 

intensive mental task, the energy consumption does not increase more than 5% (Raichle 

and Mintun 2006). Thus, resting-state activity captures an important percentage of the 

functional neural architecture, and it has become an important tool for comparing clinical 

populations against controls and as a neural correlate of behaviour and clinical 

symptomatology.  

In addition to studying FC alterations in clinical populations, a bigger picture and 

understanding can be obtained by studying the relationships between these alterations and 

structural abnormalities. Given that FC is the by-product of ensembles of neurons and their 

synaptic connections, structural alterations could explain the underlying atypical neural 

functional communication. For very preterm born children, this is the case, where thalamic 

structural deficits might lead to atypical oscillatory activity as discussed in Chapter 4 and 

5. Alternatively, the combination of structure and function alterations can better identify 

altered neurophysiological mechanisms. This is the case with ASD, where idiosyncratic 

RSN topology is associated with delayed cortical thinning, probably indicating 

dysfunctional synaptic pruning.  

 

1.3. Synaptic-dependent activity and the role of neural oscillations 

Neurons are the atomic unit from which oscillatory activity emerges. Neurons are excitable 

cells composed of dendrites, soma and axons. Synapses in the neurons allow 

communication with other neurons. Between two synapsed neurons there is a synaptic gap 

where a stimulus can be transmitted electrically or chemically. Electrical synapses are 

mediated though ions flow, whereas chemical transmission though neurotransmitters are 

the most abundant type of synapse. When an action potential (AP) is triggered in a neuron, 
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the signal is propagated to other coupled neurons by releasing a neurotransmitter that binds 

into the chemical receptors of the synapsed neurons. Based on the postsynaptic receptor, 

the produced effect can be excitatory, inhibitory or modulatory. Postsynaptic potentials 

(PSP) are the dendritic electrical changes generated by presynaptic neurons. Excitatory 

PSP will increase postsynaptic membrane potential, whereas inhibitory will decrease it. 

The resting membrane potential is at -70mV. If the sum of PSP received in a short temporal 

window across all the dendrites increases the membrane potential more than 20mV, ion 

gated channels at the beginning of the axon (the axon hillock) depolarize the membrane to 

40mV. This triggers an AP that propagates though the axon ramifications where synapses 

are located. Once the AP starts until after it peaks, there is an absolute refractory period 

where the neuron does not respond to PSP excitation. After the AP, the membrane potential 

is temporarily hyperpolarized to -90mV, and there is a relative refractory period where a 

new AP can be triggered only if the PSP summation is strong enough.  

At a neuronal level, oscillatory activity peaking with an AP and followed by a refractory 

period, are often entrained by pacemaker neurons (Le Bon-Jego 2007; Grillner 2006) or by 

local microcircuits where inhibitory interneurons generate rhythmic inhibitory PSP 

(Buzsáki and Chrobak 1995; Klausberger and Somogyi 2008). Windows of alternated 

increased and reduced excitability generates oscillatory activity synchronized among 

neurons entrained by pacemaker currents or local microcircuits. This coherent 

synchronization ensures effective exchange of information between neurons by temporally 

parsing functional activity from neural ensembles (Buzsáki and Draguhn 2004; Fries 

2005). This temporal parsing allows for dynamic gating of information between distributed 

brain areas by means of oscillatory synchrony at different time windows.  

Oscillatory synchrony is the mechanism that ensures functional communication across 

brain structures (Buzsáki, Logothetis, and Singer 2013a). Over the evolution of mammal 

species, brain size grew, and new structures emerged, however, the temporal organization 

is such a fundamental mechanism that has remained intact over the evolution with the same 

oscillatory timing and behavioral correlations (Buzsáki, Logothetis, and Singer 2013b). 

Temporal windows of excitation and inhibition generate oscillatory activity, which allows 

the processing of information across neurons through a coherent and coordinated network 
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activity of action potentials (Fries 2005). Without synchronicity, the likelihood of sending 

information during inhibition widows would increase, and information would be lost. 

Coherent synchronization between two areas is required, as only in the excitation window 

of the receiving area the neural activity can be integrated.  

Spike-timing-dependent plasticity (STDP) regulates the timing of brain synchronization, 

ensuring a neural organization with effective communication locally and globally. This 

biological mechanism adjusts the synaptic coupling based on the timing of the presynaptic 

output and the state of the postsynaptic neuron. If presynaptic activity induces an action 

potential in the postsynaptic neuron, the synaptic coupling will strengthen, if the input 

arrives during or immediately after a postsynaptic spike it will weaken the synaptic 

connection (Masquelier, Guyonneau, and Thorpe 2008). Simulation models have proven 

that STDP leads to a small-world network organization characterized by short connections 

and rich hubs with many short and long connections (Feldman 2000; Kube et al. 2008; Shin 

and Kim 2006). It is known that, cells that fire together wire together (Shatz 1992), 

however, the synaptic coupling only survives when a presynaptic neuron consistently 

stimulates a postsynaptic neuron before its action potential has started (Masquelier et al. 

2008). STDP based long term potentiation (LTP) increases the likelihood of activating 

recurring neural pathways that are coherent, whereas long term depression (LTD) 

decreases synaptic couplings in which the presynaptic impulse is out of the excitability 

period of the postsynaptic neuron. Long-range connections have longer conduction delays 

and variability, and only connections oscillating at slow frequencies -where the excitability 

window of the postsynaptic neuron is wide- survive STDP regulation (Penttonen and 

Buzsáki 2003). 

Different scales of neural integration require different temporal windows of excitability. 

Local processing of information requires short temporal windows for synchronization as 

the distance of the local network is very short. This allows for very precise coordination of 

input and output processing (von Stein and Sarnthein 2000). Conversely, the distributed 

neural activity requires wide windows to accommodate conduction delays for coordinated 

synchronous activity. The power distribution of brain oscillations is close to 1/f where the 

magnitude of the frequency is inversely proportional to its power. This reflects slow 
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oscillations recruiting brain-wide neuronal ensembles and faster oscillations, recruiting a 

smaller volume of neurons. This power distribution causes a hierarchical order in which 

widespread slow oscillations influence fast oscillations with smaller power (Buzsáki and 

Draguhn 2004; Canolty and Knight 2010).  

Oscillatory activity at different frequencies represent distinct neural mechanisms with 

specific cognitive or behavioural functions. The nature of oscillations is usually 

hierarchical with slower oscillations modulating faster ones (FitzGerald et al. 2013; 

Seymour, Rippon, and Kessler 2017; Voloh and Womelsdorf 2016). For example, delta 

oscillations in the 1-4 Hz typically originate in prefrontal and orbitofrontal regions and 

propagate from frontal to occipital regions (Massimini et al. 2004). During sleep, delta 

oscillations modulate faster oscillations such as sleep spindles (Massimini et al. 2004), and 

during memory tasks, delta activity acts as a cortical deafferentation inhibiting sensory 

afferences and inducing reduced gamma activity in sensory processing areas (Harmony 

2013).  

Theta, alpha and beta also act as modulators of gamma activity. Gama oscillators emerge 

from local circuits’ coordinated inhibition and excitation and can be directly recorded as 

local field potentials (Buzsáki and Wang 2012). Neural ensembles with local gamma 

oscillatory activity can be excited by theta or inhibited by alpha or beta oscillations. 

Increased theta has been reported to be phase-locked to gamma power (Canolty et al. 2006) 

and its cognitive role is associated to sleep spindles crucial for memory consolidation  

(Piantoni, Halgren, and Cash 2016), hippocampal activity involving locomotion, 

orientation and maintenance of goal states (Kahana et al. 1999), and in working memory 

tasks with increased theta coherence between prefrontal and posterior brain areas during a 

visual memory task (Clayton, Yeung, and Cohen Kadosh 2015; Sarnthein et al. 1998; 

Sederberg et al. 2003). As theta, alpha oscillations are also top-down processes but with an 

inhibitory function (Klimesch, Sauseng, and Hanslmayr 2007a). Increased alpha activity is 

associated with filtering out unattended or unnecessary stimuli (Händel, Haarmeier, and 

Jensen 2011; Katyal et al. 2019) and increases during idling states (Başar et al. 1997). Thus, 

alpha oscillations are critical for sustaining attention and supressing unnecessary brain 

activity. Similarly to alpha, beta oscillations act as a top-down inhibitory mechanism 
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focused mostly in sensorimotor areas but also involving attentional cognitive processes and 

in maintaining cognitive states (Engel and Fries 2010; Miller, Lundqvist, and Bastos 2018; 

Riddle et al. 2019).  

Slower oscillatory activity involving inter-regional brain communication has been 

associated with BOLD fMRI very slow fluctuations. An MEG study found clusters of 

neuromagnetic oscillatory synchrony similar to RSN reported in fMRI in the alpha and 

beta frequency bands (Brookes et al. 2011; Vidaurre, Smith, and Woolrich 2017). 

Moreover, low cortical potentials recorded with electrocorticography (ECoG) had been 

associated with FMRI very slow fluctuations (He et al. 2008). These studies suggest that 

faster neuroelectric oscillations captured though MEG, EEG or ECoG recordings are 

reflected by slower hemodynamic responses. The BOLD activity rather than reflecting 

spike activity as in LFP or PSP as in MEG and EEG, it rather reflects the physiological 

demands of the cortical processing of an area (Hillman 2014; Logothetis et al. 2001). 

Cerebral haemodynamic changes are much slower than neuroelectric changes, both capture 

changes induced by neural activity, however, BOLD changes can also be driven by non-

neural artifacts such as breathing and hemodynamic flow changes (Peeters and Sunaert 

2015; Windischberger et al. 2002).  

Long discussions emerged about the origins of RSNs and if they were related at all to 

cognitive functions (Morcom and Fletcher 2007). Slow oscillatory synchrony has been 

found during deep sleep (Horovitz et al. 2009), under anesthesia in humans (Greicius et al. 

2008), monkeys (Vincent et al. 2007) and rats (Hutchison et al. 2010), and during coma 

vegetative states (Norton et al. 2012). Rather than pointing to non-cognitive functions, 

these findings suggest, instead, that resting-state oscillatory activity reflects the internal 

brain dynamics necessary for cognition and behavior. Intrinsic oscillations maintain the 

neural pathways from which RSN emerge and without them synaptic couplings would 

weaken due to STDP depression (Deco et al. 2009). Interestingly, even the organization of 

brain networks during foetal development is consolidated though endogenous oscillatory 

activity (Khazipov and Luhmann 2006), and as discussed further in this thesis, remnants 

of foetal development disruption can be found in children at school age born preterm.  
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1.4. Brain development from foetal to adolescence 

The brain is composed of about 86 billion neurons (Williams and Herrup 1988). During 

early development, there is an exuberance of neural proliferation, neural migration to life-

long positions, synaptogenesis, emergence of thalamo-cortical and cortical-cortical 

connections, cortical folding and myelination. Some structures and neurons act as structural 

scaffolds for the development of the brain, and although the newborn has almost the same 

number of neurons as an adult (Kornack and Rakic 1999; Rakic 1974), approximately 50% 

of the neurons naturally die during prenatal gestation (Oppenheim 1991). Similarly, in the 

newborn, there is an exuberance of synaptogenesis, and later in life, during adolescence, 

there is a recession of synapses for neural optimization totalling about 6% of the cortical 

thickness (Squeglia et al. 2013). After the following overview of brain development, 

recessive impacts in children born very preterm and in autism spectrum disorder will be 

discussed.  

Brain development begins in the 3th postconceptional weeks (PCW) with the first 

neuroectodermal stem cells, the neural progenitor cells, beginning to divide and migrating 

to form the neural tube where brain structures will be formed. Molecular signaling drives 

this developmental period (Stiles and Jernigan 2010). At 8-9th PCW, primitive encephalic 

structures have differentiated, and cortical neurons migrate towards the pial surface to 

create the cortical plate (CP), the marginal zone (MZ) above the cortical plate, and the 

subplate (SP) (Kostović and Judaš 2010). The SP is four times thicker than the CP and 

eventually dies off by the 35th PCW. Both MZ and SP are transient layers, the MZ guides 

the correct positioning of neurons in one of the six cortical layers, and the SP is essential 

in establishing neural pathways. While the CP during the midfoetal period does not contain 

synapses, the first synaptic connections appear in the SP and drive the organization of the 

cortex (Kostović and Judaš 2010).  

The SP is composed of migratory neurons that will populate the CP and postmigratory 

neurons that guide structural connections. Thalamocortical fibers grow through the white 
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matter (the intermediate zone under the SP) starting from the 8th PCW, between the 22-

24th week these afferents accumulate in the SP in a ‘waiting’ mode and between the 24-

28th week penetrate into the CP to form the thalamic-cortical system (Kostovic and Judas 

2002; Kostović and Judaš 2010). After the 24th week, along neurogenesis there is an 

exuberant growth of synapses that will continue during birth (Huttenlocher and Dabholkar 

1997). Initial synaptogenesis occurs in the deep part of the CP in frontal and sensory 

cortical areas close to the SP due to the interaction of waiting thalamocortical fibers and to 

axonal guidance molecules present in the SP (Bicknese et al. 1994). In this period between 

weeks 24th and 26th, it emerges two overlapping functional circuits, one is the 

thalamocortical loop, connecting sensory input with the CP through the SP, and an 

endogenous circuitry in the SP (Kostovic and Judaš 2006).  

The endogenous circuitry in the SP generates the first oscillatory activity of the brain that 

leads to STDP organization of cortical networks and columnar architecture (Luhmann, 

Kirischuk, and Kilb 2018). The SP acts as a pacemaker by generating spontaneous activity 

synchronized in the 10-40 Hz, this oscillatory activity provides a functional scaffold for 

arranging CP neurons in a microcolumn manner (Dupont et al. 2006; Hirsch and Luhmann 

2008). In addition, interacting with the thalamocortical loop, it amplifies thalamic activity 

that stimulates the CP formation. These has been seen in mice studies where early deletion 

of the subplate prevents the segregation of thalamocortical fibers in layer IV of the cortex 

(Kanold et al. 2003) and electrical stimulation of thalamic projections has been shown to 

elicit spontaneous postsynaptic currents that amplify the signal in the CP (Hanganu 2001). 

With the maturation of the CP in the end of the 24-25th PCW period, spontaneous activity 

emerges from somatosensory, visual and auditory areas that can also be elicited by sensory 

stimulation (Colonnese and Khazipov 2012). Thalamocortical axons penetrate the IV layer 

and temporally expand in layer III to promote synaptogenesis (Kostovic 1990). With the 

appearance of these synapses in layer IV and III, evoked potentials can be captured with 

EEG as intermittent bursts of electrical activity composed of brief, high-amplitude low-

frequency signal, and recedes with the dissolution of the SP around the 35th PCW 

(Vanhatalo and Kaila 2006). 
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Between the 29-32nd PCW, main gyri and sulci are formed and the CP is differentiated 

into six-layer architecture. Gradually the cortex transits from an endogenous driven to a 

sensory-expectant system and pathways mediating pain perception become functional. In 

addition, between the 28-34th POW, callosal fibers connecting hemispheres develop and 

synapse the SP waiting to penetrate in the CP. An overproduction of these fiber tracks 

occurs in this period and only months after birth pruning takes place (Rakic and Yakovlev 

1968). 

In the last weeks of gestation until the 38th PCW, neural circuits in the CP develop as 

denoted by a sharp increase of synaptogenesis and neural maturation. Long cortico-cortical 

associative tracks are established and supported by the SP, while in non-associative areas 

the SP recedes and disappears (Kostović and Jovanov-Milošević 2006). It has even been 

reported that important amounts of SP remain in the frontal cortex aiding in the growth of 

short cortico-cortical pathways in the frontal cortex and in shaping the tertiary gyri, and 

gradually fade over the 6 months postnatally (Kostović and Jovanov-Milošević 2006). 

In addition to the SP recession, in the last gestational period, neuronal apoptosis takes place 

to eliminate unnecessary neurons. Apoptosis is a gene-encoded mechanism involving 

expression of genes that leads to a self-destruction of the neuron by breaking down the 

DNA and cellular membrane. Apoptosis is an activity-dependent mechanism, at least in 

the CP (Stiles and Jernigan 2010), that is activated on neurons with low presynaptic 

activity. Post-synaptic neurons release neurotrophic factors at the synaptic junction and are 

up taken by the presynaptic neuron (Oppenheim 1989). Neurons that stablish relevant 

functional neural circuits are more likely to receive enough neurotrophic factors and 

survive, whereas neurons with deficient amounts apoptosis will be triggered (Buss, Sun, 

and Oppenheim 2006). Prenatal apoptosis can reach up to 70% in CP layers (Rabinowicz 

et al. 1996). 

After birth, the newborn has the same small-world network organization as an adults (Ball 

et al. 2014), but the brain is still under development and very receptive to stimuli-induced 

neural plasticity. Major reconfigurations take place to respond to stimuli through spike 

dependent plasticity. Resting-state brain networks can be found in the newborn (Fransson 
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et al. 2007), but they are not fully connected. The hubs, instead of being in heteromodal 

association areas as in adults, they are found in sensory areas to support sensory perception 

and reaction to the environment (Doria et al. 2010; Fransson et al. 2007). During the first 

months after birth, there is a functional maturation lead by an overproduction of synapses 

(Bourgeois 1997). Vision, for example, at birth, is functional but limited, and 

synaptogenesis leads the maturation and full acuity of visual capacities (Johnson 1990). 

This overproduction that leads to activity-dependent maturation of brain functions, will be 

balanced with a recession of unnecessary synapses.  

From birth through childhood glial progenitors proliferate and migrate from the 

subventricular zone to subcortical white matter, the cortex and subcortical structures. There 

they differentiate into astrocytes and oligodendrocytes. The latter produces myelin that 

wraps around a nearby axon and increases axonal velocity while decreasing consumption 

costs. This myelination process starts in sensory processing areas. Around 5 years of age, 

sensory cortices are myelinated. However, in higher-order cognitive areas, myelination 

finishes in late adolescence and early adulthood (Pujol et al. 2006). In addition, myelination 

level is also activity-dependent, active circuitry triggers proliferation of oligodendrocytes 

and myelin production (Gibson et al. 2014), and although more pronounced in childhood, 

this neural plasticity is carried throughout adulthood (Monje 2018)  

A major brain development takes place during adolescence. The exuberance in 

synaptogenesis of the first years follows an optimization process by pruning unnecessary 

synaptic connections. This process causes a non-linear thinning of the cortical gray matter 

mantle (Raznahan et al. 2011), and has been associated to an optimization of neural 

communication that underpins the development of cognitive capabilities (Chechik, 

Meilijson, and Ruppin 1999; Paolicelli et al. 2011; Paus 2005). Part of this thinning, 

however, also might reflect increased myelination in white matter tracks that on the gray 

and white matter border, the MRI signal becomes whiter. Notwithstanding myelination, 

neural pruning is evidenced by the lack of increase in brain volume and by increases of 

CSF adjacent to the cortical surface in the pruning period, if changes were driven only by 

myelination, the volume would increase (Sowell et al. 2002). 
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1.5. Structure-function alterations associated with very preterm 
birth 

Very preterm birth (VPB) is defined as a birth with gestational age (GA) under 32 weeks, 

specifically, very low gestational age (VLGA) between 32 and 29 weeks of GA and 

extremely low gestational age (ELGA) between 28 and 24 weeks of GA. Under 24 weeks, 

it is not considered viable, and resurrection does not take place (Lagercrantz 2007). 

Worldwide the incidence of VLGA is 1% with a mortality of 5-10% and ELGA of more 

than 10% (Torchin et al. 2015). It is of critical importance to understand how neonatal 

procedures and early life experiences impact the development of children born preterm, as 

preterm birth, even in the absence of overt brain lesions, are at risk of cognitive, behavioral 

and motor difficulties (Aarnoudse-Moens et al. 2009; Anderson 2014; Moore et al. 2012). 

VPB takes place during critical neurodevelopmental stages, described in section 1.4. To 

note, GA differs by two weeks more than PCW. The former counts the two weeks of 

ovulation preceding conception. Overall, critical developmental processes disrupted by 

preterm birth includes neuronal migration, differentiation, axonal growth, synaptogenesis, 

brain folding and activity-dependent apoptosis (Khazipov and Luhmann 2006).  

Importantly, the thalamocortical system is under formation, sensory pathways are not 

properly developed in ELGA and lack of endogenous self-regulation (Fabrizi et al. 2011a). 

In addition, the brain relies on a delicate endogenous oscillatory system that interacts and 

guide the formation of the thalamocortical system and the organization of cortical 

microcolumns and brain circuitry (Kostović and Judaš 2010).. An fMRI longitudinal study 

of 53 preterm infants using seed-based connectivity found that the earlier the gestational 

age the more spatially diffuse the resting networks are, and with maturation networks 

become more focalized with an increase of long-range and bilateral connectivity (Smyser 

et al. 2010a). These results underpin the regression of the cortical sub-plate and the 

establishment of callosal and long-range cortical connections by the end of the typical 

gestational period (Kostović and Jovanov-Milošević 2006). The transient endogenous 

connections in the cortical sub-plate guide synaptogenesis and its activity has been 
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captured with EEG in preterm babies as intermittent bursts of electrical activity. These are 

composed of brief, high-amplitude low-frequency signal that recedes with the dissolution 

of the sub-plate (Vanhatalo and Kaila 2006). In VPB, the oscillatory activity produced by 

the endogenous system coexists with ‘developmentally atypical’ high sensory-driven 

exogenous activity, putting at risk the growth of axonal pathways, primarily 

thalamocortical, driven by endogenous spontaneous activity (Kostovic and Judaš 2006). 

The disruption of normal intrauterine development and brain maturation driven by early 

sensory overflow leads to abnormal structure-function relationships that persist later in life 

and it has been associated with a higher prevalence of cognitive, behavioral and motor 

difficulties (Roberts et al. 2010). VPB newborns require weeks or months of life-saving 

neonatal intensive care based on their premature GA. During these intensive cares, 

newborns are exposed to numerous daily invasive, painful and stressful procedures such as 

blood draws and line insertions (Roofthooft et al. 2014). Preterm neonates are more 

sensitive to pain, with a lower threshold to touch which is lowered more with repeated 

cumulative exposure due to the pain-driven excitability of sensory neurons (Fitzgerald 

2005). Pain sensitization due to cumulative pain exposure leads to pain responses in 

neonates, for example, when a diaper is changed if it is preceded by a painful intervention 

such a heel lance within 30 minutes, it can trigger a pain response (Holsti et al. 2006). The 

amplification of signals by subplate neurons, which naturally drives brain organization, in 

VPM leads to an amplification of pain-induced activation that spans across multiple brain 

regions (Fabrizi et al. 2011b). Animal studies with preterm rodent pups and goats have 

demonstrated that pain exposition leads to upregulated molecular-signalling driven 

apoptosis in the thalamus and cortical regions, especially in frontal and parietal regions 

(Anand et al. 2007; Dührsen et al. 2013). Pain in the very preterm brain alters the 

development of thalamocortical axons (Dean et al. 2013; Molnar and Rutherford 2013), 

and white-matter microstructural pathways (Brummelte et al. 2012). These studies indicate 

that decreased pain modulation along with pain exposition triggers mechanisms that lead 

to structural decreases in white and subcortical grey matter in VPB. 

Disruption of foetal development caused by preterm birth and neonatal experience persists 

later in life. At adolescence, pain processing in children born very preterm is heightened 
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with higher activity in pain pathways involving the thalamus, cerebellum and 

somatosensory cortex (Hohmeister et al. 2010). When comparing very preterm born with 

age-equivalent term-born, it has been found that decreased thalamic volume in the preterm 

is correlated with motor, IQ and negative academic outcomes at the age of 7 years (Loh et 

al. 2017). At school age, preterm born exhibit visual-perceptual difficulties and MEG 

studies have found that neonatal pain is associated with decreased power spectrum peak 

during rest (Doesburg, Chau, et al. 2013), and during a visual memory task it has been 

found that preterm born children have reduced oscillatory synchrony in alpha band but 

increased in theta band (Doesburg, Ribary, et al. 2010). Abnormal structural deficits in the 

thalamus might explain the functional alterations present in children born preterm, 

however, evidence remains scant regarding the relationship between abnormal recruitment 

and synchronization of cortical oscillatory activity and structural deficits in the thalamus.  

The stress during a developmental period where the fetus should be protected from sensory 

overstimulation in the womb, might cause activity-dependent alterations in the thalamus 

that leads to atypical thalamic regulation. The thalamus is considered to have a two-fold 

function. One is to relay sensory information from the periphery to the cortex and the other 

is to act as a hub where cortical information is integrated (Hwang, Maxwell A. Bertolero, 

et al. 2017). There are two types of thalamocortical neurons termed core and matrix (Jones 

1998). The former are neurons topographically very defined constrained in thalamic nuclei 

and project into the layer IV of the cortex. All sensory systems but the olfactory have a 

projection to a thalamic nucleus and through core neurons sensory information travels from 

the thalamus to cortical sensory areas and, in turn, the thalamus receive feedback from 

afferent corticothalamic tracks. In contrast, matrix neurons project diffusely in the 

superficial layer of the cortex in non-sensory areas, especially in frontal areas, and are not 

restricted to specific nuclei. Cortical areas receiving projections from matrix neurons in 

turn project back to the cortex. It has been argued that information processed in a cortical 

area is projected to the thalamus where sensory, emotional and cognitive information from 

other projections is integrated and the updated information is sent back to the cortical area 

giving rise to a conscious percept (Halassa and Kastner 2017; Mumford 1992; Ward 2011).  
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The thalamocortical system is crucial for cognitive functions and memory consolidation. 

The thalamic reticular nucleus (TRN) is the only thalamic structure that does not project 

into the cortex, instead it modulates thalamic activity through its GABAergic inhibitory 

neurons. Inputs in the TRN are mainly excitatory, coming from the cortical layer IV and 

other thalamic nuclei (McCormick and von Krosigk 1992). TRN neurons have a large 

receptive field where afferent neurons synapses many TRN neurons, suggesting the TRN 

as an integrator (Pinault 2004). The number of afferent cortical inputs from layer IV to the 

TRN is 10 times greater than thalamic afferents highlighting the important contribution of 

the cortex in the TC system (Mitrofanis and Guillery 1993). Activation of TRN emerges 

as bursts inhibiting ThalamoCortical connexions (TCx).  In turn, TCx exhibit an excitatory 

rebound after being inhibited, bursting excitation to the cortex and back to the TRN which 

triggers bursts of inhibition back to TCx neurons in the thalamus. These inhibition-

excitation oscillations from the thalamus regulate brain-wide oscillatory activity. For 

example, the thalamic loop is crucial for memory consolidation during deep sleep stages, 

and it is manifested as sleep spindles. These are triggered by hippocampal activity through 

a pathway to the anterior thalamus. The thalamic loop’s inhibition-excitation entrains 

cortical spindles though different matrix and core pathways based on the memory being 

consolidated (Piantoni et al. 2016). Similarly, cognitive flexibility is mediated by a 

bidirectional prefrontal cortex (PFC) and mediodorsal (MD) thalamic loop, with lesions in 

the MD thalamus leading to cognitive flexibility and working memory deficits (Daum and 

Ackermann 1994; Rikhye, Gilra, and Halassa 2018; Van Der Werf et al. 2003). During 

working memory, there is an interplay of gamma (40-80 Hz) in superficial layers and betta 

(15-30 Hz) bursts in deep layers that propagate to superficial ones (Miller et al. 2018). 

Working memory, rather than being retained by persistent spiking, is maintained by gamma 

bursts that strengthen the synaptic weights encoding the memory. In between the bursts, 

gamma is suppressed by beta oscillations coming from the coherence between the MD 

thalamus and PFC through TCx pathways (Parnaudeau et al. 2013; Schmitt et al. 2017). 

This allows to sustain different working memories by different spatial entrainment of 

gamma oscillations modulated by beta activity and when the memory is not needed, strong 

beta oscillations flush them out (Miller et al. 2018). 
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The thalamus as a neural switch that regulates alpha and theta-gamma cortical activity 

(ATG-switch) is a more general formulation of the role of the thalamus as a cortical 

pacemaker. The integration of cortical information can be reflected as a neural switch of 

cortical oscillatory activity in which the thalamus controls the switch between alpha and 

theta-gamma cortical activity. During rest, there is an increase of alpha oscillation, which 

reflects cortical inhibition or idling (Klimesch, Sauseng, and Hanslmayr 2007b). When the 

eyes are closed, there is an increase of alpha activity, whereas during a visual task there is 

a decrease in alpha and increase in gamma reflecting inhibition and excitation of the visual 

cortex (Jensen and Mazaheri 2010). In addition, to alpha decrease and gamma increase, in 

a variety of perceptual and cognitive task it has been reported an increase of theta activity 

(Caplan et al. 2003; Ekstrom et al. 2005; Jerbi et al. 2009), and evidence suggests that theta 

activity, produced by cortical integration, modulates the amplitude of gamma activity 

originated by local processing (Canolty et al. 2006; Jensen and Colgin 2007). The ATG-

switch mediated by the thalamus has been proposed to modulate cortical resting or idling 

and task-driven brain activity (Ribary, Doesburg, and Ward 2017), and in numerous 

cognitive impairments and neurological and psychiatric conditions, there is a functional 

alteration of the ATG-switch where the brain is in an ‘ON’ mode with decreased alpha and 

increased theta and gamma activity (Ribary, Doesburg, and Ward 2019). 

The stress during a developmental period where the fetus should be protected from sensory 

overstimulation in the womb, might cause an activity-dependent plasticity that unbalances 

the ATG-switch towards an active mode with higher theta-gamma and decreased alpha. 

Effects of this imbalance can be seen with neonatal pain exposure that leads superficial 

sleep patterns with less time awake or in deep sleep (Grunau 2013), and in the alteration of 

cortisol production that causes persistent alterations in cortisol expression (Haley et al. 

2010). Very preterm reports of alterations in power at different frequency bands (Doesburg 

et al. 2011; Doesburg, Moiseev, et al. 2013) and atypical oscillatory synchrony (Doesburg, 

Ribary, et al. 2010; Moiseev, Doesburg, Herdman, et al. 2015) might be explained by 

alterations in the thalamus that lead to disruptions of the ATG-switch.  

Given these previous reports associating thalamus alterations with pain and the role of the 

thalamus in relaying sensory information and integrating cortical representations, this 
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thesis will test if the reduction of thalamic volume and mean T1 normalized intensity in 

the thalamus are related to atypical power in very preterm birth. Importantly, increased 

alpha along decreases theta has been associated with higher attention and alertness though 

inhibition (Hughes and Crunelli 2005; Klimesch 1999). Theta oscillatory activity increases, 

by contrast, is associated with memory tasks, such as encoding and retrieval, and as a long 

range synchronization mechanism (Pesonen, Hämäläinen, and Krause 2007; Voloh and 

Womelsdorf 2016). While in Chapter 4, preterm functional alterations such as spectrally 

resolved connectivity are studied, in Chapter 5, structural thalamic measures are correlated 

with power at the delta (1-4 Hz), theta(4-8 Hz), alpha (8-12 Hz), beta (12-25 Hz) and 

gamma (25-45 Hz). 

 

1.6. Autism related structure-function alterations 

There is not a clear etiology of Autism spectrum disorder (ASD), in its spectrum the DSM-

V includes: Autism, Asperger syndrome, and Pervasive Developmental Disorder-Not 

Otherwise Specified (PDD-NOS). ASD comprises persistent deficits in social 

communication and interaction involving lack of social-emotional reciprocity, deficits in 

nonverbal communicative behaviors or difficulties in developing, maintaining or 

understanding social relationships, as well as restricted, repetitive patterns of behavior such 

as stereotyped behaviors, ritualized verbal or non- verbal patterns of behavior, fixated 

interests and hyper- or hyporeactivity to sensory stimulation (American Psychiatric 

Association 2013). The incidence of ASD is 1 in 59 children (Baio et al. 2018). There are 

genetical and environmental components in ASD. In identical dizygotic twins, there is a 

77% incidence of both having ASD if one has it, and in monozygotics, if one sibling has 

ASD, 31% of the times the other sibling will also have it. Genetic heritability is estimated 

in 83% and environmental factors in 17% (Sandin et al. 2017). However, 40-50% of the 

variance in ASD is estimated to be determined by environmental factors (Modabbernia, 

Velthorst, and Reichenberg 2017). Children born from older parents are at higher risk of 

ASD (Durkin et al. 2008), as well as if born preterm or with a small birth weight (Schendel 

and Bhasin 2008).  
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Although the mechanisms leading to ASD are not clear, and probably many alterations in 

developmental processes can lead to a spectrum of ASD symptoms, abnormal 

synaptogenesis and synaptic pruning has been associated with ASD. Specifically, 

environmental factors along with genetic mutations, gene expression alterations, and 

disruption in the transcription of proteins have been reported to be associated to abnormal 

brain development in ASD (Jamain et al. 2003; Persico and Bourgeron 2006; Toro et al. 

2010). Higher prevalence of ASD in preterm children (Limperopoulos et al. 2005; Sugie 

et al. 2005), especially in ELGA (Johnson et al. 2010), might steam from the disruption of 

intrauterine developmental processes that triggers a cascade of alterations in brain 

maturation processes, such as synaptogenesis and synaptic pruning, that aligns the brain 

maturation towards an ASD neurodevelopmental trajectory (Malik et al. 2013). During the 

first years of life in children with ASD, several studies found brain overgrowth indicating 

a neurodevelopmental disorder involving programmed neural apoptosis or overexuberant 

synaptogenesis (Dawson et al. 2007; Hazlett et al. 2011, 2017; Cynthia M Schumann et al. 

2010). Later in life, it has been found a decreased rate of cortical thinning between 

childhood and teenagerhood indicating a disruption in synaptic pruning (Courchesne 2004; 

Khundrakpam et al. 2017a; Wallace et al. 2010a; Zielinski et al. 2012). The specific brain 

areas and directionality effect showing abnormal developmental trajectories is still not 

clear. Wallace et al. (2010) reported age-related cortical thinning, whereas, Zielinski et al. 

(2012) reported decelerated thinning, however evidence converge in abnormal age-related 

changes during periods of synaptogenesis and synaptic pruning prevailing in the ASD 

population. These developmental structural alterations could help to explain the atypical 

functional organization of RSNs in ASD and shed light on the neural mechanisms that 

underpins ASD symptomatology.  

Alterations in structure-function relationships in ASD might be characterized by deviations 

from the group norm. There is an abundance of studies reporting opposite findings 

regarding alterations in functional connectivity in ASD. Some studies indicate a pattern of 

underconnectivity (Cheng et al. 2017; Damarla, Keller, and Kana 2010; Just et al. 2012); 

others suggest a general or local increase in connectivity (Cerliani et al. 2015a; Supekar et 

al. 2013); some studies report both hypo- and hyper- connectivity (Lynch et al. 2013a; 

Maximo, Cadena, and Kana 2014; Monk et al. 2009; Müller et al. 2011) or no differences 
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in global connectivity (J. Nomi and Uddin 2015; Tyszka et al. 2014). Recently, it has been 

suggested that a critical but overlooked characteristic of the ASD brain is the variability of 

functional connectivity across individuals (Byrge et al. 2015; Falahpour, Thompson, and 

Abbott 2016; Hahamy, Behrmann, and Malach 2015). This idiosyncrasy might be the cause 

of apparent increases or decreases due to the ‘regression to the mean’ effect where 

individual topographical misalignments rather than changes in magnitude lead statistical 

differences in increase or decrease in connectivity (Hahamy et al. 2015). Still it remains 

unclear if the incorporation of a specific anatomical structure into a particular brain 

network is more variable in ASD and if spatially idiosyncratic brain communication is 

associated to developmental abnormalities during childhood to adolescence synaptic 

pruning. 

 

1.7. Aims and hypothesis 

Although preterm birth diagnosis temporally precedes ASD and it would seem more 

natural to presents the studies of the populations in this order, given that the ASD studies 

in this thesis were conducted first, the hypotheses and thesis chapters will follow the 

temporal order of the studies.  

In ASD, the hypothesis is that the structure-function relationship is idiosyncratic. 

Idiosyncrasy refers to a higher absolute degree of deviation from the group mean (Hahamy 

et al. 2015). Mounting literature in ASD suggests contradictory findings in the 

directionality of the magnitude of oscillatory synchrony between brain areas. Many studies 

report an increase or decrease in connectivity and even no differences (Byrge et al. 2015; 

Cheng et al. 2017; Damarla et al. 2010; Just et al. 2012). The idiosyncrasy hypothesis could 

bring a consensus among these studies. In this thesis, the aim will be to demonstrate that 

the functional communication that gives rise to brain networks are topographically more 

idiosyncratic, meaning that the function of the structures deviates more from the group 

mean compared to healthy individuals. It will also be tested if this functional idiosyncrasy 
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is related to developmental alterations of the cortical mantle thickness that could lead to 

different functional specializations of the structures. 

In preterm children, the structure-function relationship is hypothesized to be characterized 

by a structural deficit of the thalamus that alters its functionality. While in ASD, the 

relationship is driven by greater variability possibly stemming from alterations in the 

development of cortical circuits, in preterm children, a structural deficit of the thalamus 

might lead to altered functional relationships between cortical structures. The hypothesis 

is that a disruption of the maturation of the thalamus, measured by decreased volume, 

affects the typical functional relationship between the thalamus and cortical structures via 

thalamic-cortical connectivity loops. This atypical relationship is hypothesized to 

dysregulate functional interactions such as oscillatory synchrony, between cortical 

structures at different frequencies.  

In this thesis, there are two general hypotheses being tested: 

• That functional brain networks in ASD are idiosyncratic with structures 

showing functional relationships that deviates more from the group mean 

and that functional idiosyncrasy is associated to abnormal structural 

developmental trajectories of cortical thinning.  

• That in very preterm children structure-function relationships are 

characterized by a structural thalamic deficit that leads to unregulated 

oscillatory activity and synchrony at different frequencies and spatial 

locations.  

The general hypotheses will be implemented through a specific hypothesis in each chapter: 

Chapter 2: Brain networks in ASD, captured by averaged oscillatory synchrony during 

rest, are topographically more idiosyncratic than in typical controls, indicating the 

functional role of structural areas is more idiosyncratic. 
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Chapter 3: The idiosyncratic structure-function relationship in ASD might be related to 

alterations in the developmental process of synaptic pruning in the cortical mantel from 

childhood to late adolescence measured by cortical thickness across age.  

Chapter 4: In very preterm children, the functional oscillatory synchrony between 

structures are atypical with particular increases and decreases of connectivity between 

structures at oscillatory frequencies where the thalamus exercises a regulatory role.  

Chapter 5: In very preterm children, a structural thalamic deficit measured by its volume, 

is associated with cortical power in the theta-alpha and gamma where the thalamus acts as 

a gating agent modulating the power bursts in these frequencies.  
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Chapter 2.  
 
Idiosyncratic organization of cortical networks in autism 
spectrum disorder  

The study in this chapter corresponds to the publication:   

Nunes, A. S., Peatfield, N., Vakorin, V., & Doesburg, S. M. (2019). Idiosyncratic 

organization of cortical networks in autism spectrum disorder. Neuroimage, 190, 182-190. 

 

2.1. Abstract 

Neuroimaging studies of Autism Spectrum Disorder (ASD) have yielded inconsistent 

results indicating either increases or decreases in functional connectivity, or both. Recent 

findings suggest that these seemingly divergent results might be underpinned by greater 

inter-individual variability in brain network connectivity in ASD. We tested the hypothesis 

that the spatial patterns of intrinsic connectivity networks (ICNs) are more idiosyncratic in 

ASD and demonstrated that this increased variability is associated with symptomatology.  

We estimated whole brain functional connectivity based on resting state functional 

magnetic resonance imaging (fMRI) data obtained from the Autism Brain Imaging Data 

Exchange I & II (ABIDE I & II) repository: 422 (69 females) participants with ASD and 

424 (59 females) typically developing (TD) participants between 6-30 years of age. We 

clustered individuals’ patterns of resting state functional connectivity into seven networks, 

each representing an ICN, and assessed the heterogeneity of each vertex on the cortical 

surface across individuals in terms of its incorporation into a particular ICN.  

We found that the incorporation of individual anatomical locations (vertices) to a common 

network was less consistent across individuals in ASD, indicating a more idiosyncratic 

organization of ICNs in the ASD brain. This spatial shifting effect was particularly 

pronounced in the Sensory-Motor Network (SMN) and the Default Mode Network (DMN). 
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We also found that this idiosyncrasy in large-scale brain network organization was 

correlated with ASD symptomatology (ADOS). 

These results support the view that idiosyncratic functional connectivity is a hallmark of 

the ASD brain. We provide the first evidence that the anatomical organization of ICNs is 

idiosyncratic in ASD, as well as providing evidence that such abnormalities in brain 

network organization may contribute to the symptoms of ASD.  

 

2.2. Introduction 

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder characterized by 

difficulties in social communication and restricted, repetitive behaviors and/or interests 

(DSM-5). The neurobiological basis of ASD remains unclear. Increasing evidence, 

however, indicates that alterations in brain connectivity are an important contributing 

factor in ASD (Dajani and Uddin 2016; Kennedy and Courchesne 2008; Minshew and 

Williams 2007). Although many studies have reported atypical functional connectivity in 

the ASD brain, they are often contradictory regarding whether this involves 

hypoconnectivity, hyperconnectivity, or both (for review see Mohammad-Rezazadeh & 

Frohlich, 2016).  

Intrinsic connectivity networks (ICNs), derived from large-scale correlation structure in 

spontaneous hemodynamic activity, appear to be altered in ASD with little consensus on 

the direction of the alterations. Some studies indicate a pattern of underconnectivity (Cheng 

et al. 2017; Damarla et al. 2010; Just et al. 2012). Others suggest a general or local increase 

in connectivity (Cerliani et al. 2015b; Supekar et al. 2013), and some studies report both 

hypoconnectivity and hyperconnectivity (Lynch et al. 2013b; Maximo et al. 2014; Monk 

et al. 2009; Müller et al. 2011), or no differences in global connectivity (J. Nomi and Uddin 

2015; Tyszka et al. 2014).  

Recent research suggests that rather than a characteristic directionality of atypicalities of 

brain network connectivity, such as a consistent increase or a decrease across individuals 
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with ASD, the critical characteristic of the ASD brain is variability of functional 

connectivity across individuals, often referred as idiosyncrasy (Hahamy et al. 2015). In this 

view, it is the idiosyncrasy of connectivity that contributes to ASD symptomatology. This 

is an attractive hypothesis in that apparently contradictory findings might be reconciled by 

supposing that greater variability of connectivity is characteristic of the ASD brain, rather 

than under- or over- connectivity per se. This perspective is also consistent with reports of 

increased variability across trials in ASD. For example, Dinstein et al., (2012) reported 

non-significant differences in the evoked related amplitudes but statistically significant 

lower reliability in the ASD group. Spatio-temporal responses during stimuli have also 

been reported to be more idiosyncratic and variable across ASD individuals (Byrge et al. 

2015; Hasson et al. 2009). In the view that idiosyncrasy underlies apparently contradictory 

functional connectivity results in ASD, increased temporal variability of correlation 

strength between nodes of a network could also drive differences between groups in either 

direction, particularly when sample sizes are low. Studies of dynamic functional 

connectivity in ASD have reported typical connectivity but increased intra-individual 

variability that seems to be a contributing factor in static functional underconnectivity 

results in ASD (Falahpour et al. 2016). From this perspective, inherent idiosyncrasy or 

variability in brain network communication may be a largely overlooked feature of the 

ASD brain which underpins observed symptomatology and could be mischaracterized as 

either underconnectivity or overconnectivity in particular studies. 

It remains unclear if idiosyncratic functional connectivity is manifested in the spatial 

organization of large-scale ICNs which are implicated in cognition, development and 

atypical neurocognitive function in ASD. Specifically, it is not clear if the incorporation of 

specific anatomical locations into particular ICNs is more variable in ASD. In this study, 

we tested the hypotheses that the spatial organization of ICNs in ASD is more 

heterogeneous, and that such idiosyncrasy in spontaneous large-scale network connectivity 

is associated with ASD symptomatology. To test these hypotheses, we used a clustering 

algorithm similarly applied in Yeo, Krienen, & Sepulcre, (2011) with a large data-set from 

the Autism Brain Imaging Data Exchange (ABIDE I & II) repository: 422 (69 females) 

participants with ASD and 424 (59 females) typically developing (TD) participants 

between 6-30 years of age. We considered that this method could better estimate spatial 
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variability of ICNs relative to more conventional approaches such as seed-based 

connectivity analysis. Seed based connectivity analysis can be biased by the seed selection 

and reflects connectivity of one seed with other voxels. Conversely, clustering analysis 

parcellates the brain into clusters that highly correlate between each other and renders a 

spatial map of the topographies of the networks which can be used to measure spatial 

consistency across subjects. Recent studies on cingulate cortex connectivity (Balsters, 

Mantini, Apps, et al. 2016) and basal ganglia connectivity (Balsters, Mantini, and 

Wenderoth 2016) support the evidence that in ASD brain parcellation techniques improve 

network detection in comparison of seed-based approaches due to more variable spatial 

topographies. Aiming at assessing if ICNs are spatially shifted in ASD, once the spatial 

maps for every subject were derived, we measured how much they differed from their 

group norm map and we obtained a variability measure. This variability was later 

correlated with age, IQ and ADOS. 

 

2.3. Material and methods 

2.3.1. Data acquisition 

Data were selected from the Autism Brain Imaging Database Exchange (ABIDE; Martino, 

Yan, Li, & Denio, 2014) repository (ABIDE I and II releases), which combines data across 

multiple imaging centers ( 

Table 2.1). We employed structural (MPRAGE T1) and resting state functional MRI scans. 

Details of acquisition and protocols are available at 

http://fcon_1000.projects.nitrc.org/indi/abide/. Based on visual inspection, we excluded 

participants with compromised quality of structural MRI scans, such as having movement 

artefacts or not having a full brain coverage. The final sample included 424 typically 

developing (TD) individuals (aged between 6 and 64, mean 16.05±7.19 years of age; 59 

females) and 422 participants with ASD (aged between 6 and 64, mean 16.56±8.66 years 

of age; 69 females). Participants per center where matched and a chi proportion statistical 

test indicated that there were no significant differences in the proportion of ASD and TD 
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participants across centres. The Autism Diagnostic Observation Schedule (ADOS) scores 

were provided for 158 participants for ADOS total, 134 for ADOS communication and 

social, and 109 for ADOS behavioral scores. For the ADOS multilinear regression, 109 

participants with ASD where included. 

Table 2.1 ABIDE cohort despription. 
Centers Group Sub- 

jects 
Age Framewise 

Displacement 
Full IQ Verbal IQ Performance 

IQ 
Mean STD Mean STD Mean STD Mean STD Mean STD 

KKI ASD 18 9.96 1.52 1.09 0.75 96.61 18.00 N/A N/A N/A N/A 
  CTR 21 9.97 1.16 0.88 0.42 112.48 9.32 N/A N/A N/A N/A 
MAX MUN ASD 22 29.55 13.86 0.62 0.39 109.83 15.64 N/A N/A 111.50 10.85 
  CTR 24 24.64 8.77 0.67 0.78 111.75 9.29 N/A N/A 110.87 13.82 
NYU I & II ASD 93 13.14 7.10 0.45 0.37 107.84 16.30 105.90 15.76 108.59 17.20 
  CTR 93 15.79 6.28 0.43 0.37 113.53 12.74 113.25 12.16 110.63 13.56 
OHSU ASD 12 11.43 2.18 0.18 0.07 106.01 22.01 N/A N/A N/A N/A 
  CTR 14 10.09 1.12 0.49 0.51 114.97 11.12 N/A N/A N/A N/A 
OLIN ASD 15 17.33 3.17 1.03 1.40 109.70 22.10 N/A N/A N/A N/A 
  CTR 14 16.93 3.63 0.81 0.52 116.36 13.94 N/A N/A N/A N/A 
PITT ASD 27 19.13 7.43 0.55 0.41 110.63 14.22 107.11 13.75 111.41 13.74 
  CTR 26 19.07 6.69 0.53 0.35 110.04 9.56 107.46 11.08 109.73 9.16 
SBL ASD 14 35.29 10.76 0.39 0.26 109.20 13.63 111.36 12.57 114.27 12.74 
  CTR 13 35.38 5.22 0.41 0.20 N/A N/A N/A N/A N/A N/A 
SDSU ASD 11 15.25 1.70 0.54 0.33 118.88 18.91 117.00 18.42 116.00 17.13 
  CTR 12 14.08 1.94 0.54 0.47 108.20 11.01 106.30 10.88 108.50 12.47 
STANDFORD ASD 15 10.23 1.63 0.62 0.44 114.71 15.44 113.64 20.30 112.71 12.52 
  CTR 17 9.92 1.58 1.04 2.03 114.12 13.60 114.35 16.83 111.00 16.60 
TRINIT ASD 22 16.81 3.17 0.64 0.53 108.91 15.55 107.86 14.35 107.57 15.72 
  CTR 25 17.08 3.77 0.47 0.55 110.88 12.20 109.60 13.70 110.32 10.95 
USM ASD 28 23.46 8.33 1.15 1.94 99.72 16.56 94.98 19.27 104.65 16.73 
  CTR 25 21.29 8.35 0.70 0.58 115.36 15.14 113.60 16.00 112.84 14.19 
YALE ASD 26 12.75 3.11 0.62 0.51 95.26 21.68 97.11 23.30 92.26 19.61 
  CTR 27 12.68 2.75 0.54 0.38 104.96 17.39 106.79 15.97 101.25 16.51 
UCLA ASD 47 13.12 2.42 0.88 0.99 100.87 13.35 102.10 13.70 100.21 13.97 
  CTR 42 12.93 1.91 0.57 0.79 106.48 10.67 107.19 11.22 104.43 11.62 
LEUVEN ASD 27 18.03 5.08 0.51 0.31 109.43 13.09 100.19 20.35 103.37 17.41 
  CTR 29 18.69 5.04 0.62 0.52 114.80 12.86 115.84 11.12 107.42 13.47 
UM I & II ASD 45 14.88 1.55 0.63 0.44 114.12 12.92 115.85 18.22 112.38 15.49 
  CTR 42 16.71 3.97 0.78 1.13 111.12 9.51 113.48 11.85 107.62 12.13 
Total ASD 422 17.36 4.87 0.66 0.61 107.45 16.63 106.65 17.27 107.91 15.26 
  CTR 424 17.02 4.14 0.63 0.64 111.79 12.03 110.79 13.08 108.60 13.13 
Significance  p >0.05 p >0.05 p >0.05 p < 0.01* p < 0.01 * p >0.05 * 

Description of number of participants per center, and mean and standard deviation of age, total Framewise 
Displacement (mean displacement between volumes) and IQs. For the total means we indicate if 
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statistically significant (*). Full names of the centers available at: 
http://fcon_1000.projects.nitrc.org/indi/abide/  

2.3.2. Data preprocessing 

Structural MRI images were preprocessed using FreeSurfer 5.1 (Fischl, 2012). Functional 

MRI data was preprocessed using the Configurable Pipeline for the Analysis of 

Connectomes (C-PAC, Cameron et al., 2013). The first four volumes were removed to 

ensure magnetic stability was reached. All volume slices were time corrected and head 

motion was regressed on 24 parameters (Friston, Williams, and Howard 1996). Sources of 

spurious signal were removed, regressing out the global, linear, motion and quadratic 

signals, CompCor was applied calculating 5 components derived from nuisance signals 

from the white matter and cerebrospinal fluid. Then, the functional images were temporally 

filtered between 0.1 Hz and 0.01 Hz.  

Next, we co-registered functional images with the cortical surfaces, defined by gray-white 

boundary and pial surface, using FreeSurfer. Specifically, a boundary-based registration 

algorithm was applied (Greve and Fischl 2009), available in the FsFast FreeSurfer toolbox 

(http://surfer.nmr.mgh.harvard.edu/fswiki/FsFast). Centers in where acquisition 

parameters led to the algorithm failure to co-register were discarded. Individuals with a 

cost function above 0.6 were visually inspected and realigned if necessary or discarded. 

The surface functional MRI was smoothed with a FMHW of 5 mm for a better group-space 

co-registration and then was projected into a common group space composed of 10,242 

vertices per hemisphere, ~ 4mm mesh (fsaverage5). For our analysis, the non-cortical 

vertices were masked out, rendering 18,715 vertices for the whole cortex (See 
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for data analysis overview). 

 
Figure 2.1 Overview of the data analysis workflow 

 

2.3.3. Network clustering 

Brain functional connectivity was parcelled into seven clusters based on correlations 

between fMRI signals. We first selected the time series of 1170 regions of interest (ROIs), 

which were sampled equidistantly on the cortical surface at approximately 16 mm apart. 

Then, for each ROI the Pearson correlation was calculated with all the vertices of the 

cortical surface (18715 vertices), resulting in an 18715 x 1170 correlation matrix. Each 
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18715 vertices were associated with a point in a 1170-dimentional space. A von Mises-

Fisher clustering algorithm (Lashkari et al. 2010) was applied to parcel the cortical vertices 

into seven clusters, separately for each participant, similar to what was done in previous 

study (Yeo et al. 2011), except that individual’s correlation matrices were used rather than 

a group-averaged one. With this, each vertex in the cortex was assigned to a label 

associated with one cluster. The number of clusters selected was set at seven following the 

successful application of this technique in Yeo et al., 2011. 

To start the clustering algorithm from a common point rather than a random location, we 

computed the posterior assignment probabilities (the probabilities of vertices to belong to 

a cluster) using a group correlation matrix and used its values as initialization parameters 

(a priori assignment probabilities) for the individual correlation matrices. First, all the 

individual correlation matrices were added up to form a group correlation matrix and we 

clustered the group activity obtaining the initialization parameters. Then, for every 

participant we initiated the algorithm with a common assignment probability distribution 

that was then iteratively adjusted to the correlation values of the participant. We obtained 

one parcellation for every participant, and to match the cluster labels between participants, 

separately for each group, a Hungarian Matching combinatorial algorithm was applied, 

available in the toolbox Thomas-Yeo-lab toolbox: 

(https://github.com/ThomasYeoLab/CBIG/). Once the parcellations for every participant 

were obtained, three analyses were performed: a network proportion analysis, a group 

mode matching analysis and a network area analysis. 

 

2.3.4. Network proportion analysis 

In the network proportion analysis, we tested the hypothesis that the anatomical 

organization of ICNs is more idiosyncratic in ASD by analyzing the proportion of 

participants for which any given vertex is associated with a specific network in each group. 

Alternatively stated, this investigates if a particular ICN membership of a given cortical 

location is more variable across individuals with ASD, relative to TD participants. The 

number of participants for whom a given ICN label was assigned in each vertex was 
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calculated and a chi-square test was used to test the equality of proportions. Thus, for every 

vertex we had the number of times a cluster was labeled across participants, i.e. for vertices 

in the visual area the percentage of participants with a visual network label would be around 

80 – 90 % and in frontal vertices should be less than 5%. To find associations between 

network-specific idiosyncrasy and symptomatology, we measured how many vertices in 

each participant matched the group mode for a given network. This measure was then 

correlated with ADOS scores and a multilinear regression was conducted to find which 

subscales predicted better this measure.  

 

2.3.5. Group mode matching analysis 

In the group mode matching analysis, we aimed to determine on a whole-cortex level if 

certain vertices were more stable or variable in terms of being assigned to a specific 

network, and more variability would indicate higher idiosyncrasy across participants. We 

explored the mode of the ICN cluster label at each vertex and its deviance to support the 

so called ‘regression to the mean’ effect. This effect, as described by Hahamy et al. (2015), 

refers to individual topographical misalignments rather than magnitude changes that in the 

group level is reflected by group statistical differences such as increase or decrease in 

connectivity when apparently these differences are driven by topographical misalignments. 

For each group, the most frequent label (mode) in each vertex was calculated, and the group 

spatial organization of the cortical networks was obtained. To investigate group 

differences, a chi-square test was conducted, separately for each vertex, to test for equality 

of proportions of the participants matching the mode for a given vertex. The chi-square 

test p-values were corrected for multiple comparisons using FDR with a q = 0.05. Then, 

correlations and multilinear regression with ADOS subscales for the ASD group were 

conducted, as well as associations between age and IQ with the number of vertices in a 

given participant that matched the mode.  

To further test if the results of this analysis were driven by inter-site variability, we repeated 

this analysis calculating the mode for every center and matching each participant to its 

center mode. To determine if the observed results might be driven by structural differences 
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we also measured major sulcus-gyrus differences between groups by using Freesurfer 

sulcal values, where in each vertex a value is given by its distance of the midpoint between 

a sulci and gyri, and positive if it is closer to the sulcus and negative if to the gyrus. We 

performed a T-test for every vertex and corrected with FDR q=0.05. 

 

2.3.6. Network area analysis 

In the network area analysis, we aimed to assess if any group differences observed in the 

previous analyses were driven by a reduced incorporation of vertices into a given cluster 

or if the number of vertices in a given cluster are equal between groups but more spatially 

variable. The null hypothesis would suggest that there is an increased or decreased overall 

connectivity in some networks, for example that some networks recruit more vertices in 

one group than the other, thus not supporting the idiosyncrasy hypothesis. Alternatively, a 

similar recruitment number would support the ‘regression to the mean’ effect where spatial 

misalignment would drive the results obtained in the previous analysis. To test this, we 

measured how many vertices were incorporated into each network for every participant 

and performed a two-sample t-test comparing the number of vertices recruited for each 

cluster between the two groups.  

 

2.3.7. Analysis of covariance of the consistency scores 

For every subject, we obtained a consistency score of how many vertices matched the group 

mode, for the group mode matching analysis, and for network proportion analysis we 

obtained a consistency score for the SMN and for the DMN, the two networks statistically 

significant in the network proportion analysis. In order to control for confounding 

variables, we conducted an ANCOVA for each of the three consistency scores. As 

potentially confounding variables we included mean total Framewise Displacement, which 

is the mean of the sum of the absolute values of the derivatives of six realignment 
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parameters between one volume and the previous one and converted to total millimetres 

moved, IQ (full, verbal and performance), age and center. 

 

2.4. Results 

2.4.1. Network proportion analysis 

In the network proportion analysis, we obtained the percentage of times a given cluster was 

labeled at every vertex. For both TD and ASD groups we found that the seven clusters 

corresponded well to the well-established topology of the ICNs representing the visual 

network (VN), somatomotor network (SMN), dorsal attention network (DAN), ventral 

attention network (VAN), frontoparietal network (FPN), default mode network (DMN) and 

the limbic system network (LSN) (Figure 2.2 Resting state networks clustering).  

The network proportion analysis revealed network-specific idiosyncrasy in the SMN and 

DMN in ASD, in which significant vertices were labeled more often as belonging to these 

networks in the TD (Figure 3). The VAN had 27 significant vertices out of 2723 total 

vertices from the group mode map and was discarded as non-significant given that the 

significant vertices were very few < 0.01%. In the SMN the vertices which differed 

significantly between groups were located mostly in the mid precentral gyrus and the 

postcentral gyrus. Out of 3215 vertices labeled as SMN in the group mode map, 512 were 

significantly different between the two groups. In the DMN the areas which significantly 

differed between the ASD and TD groups were in the posterior cingulate cortex, frontal 

pole, angular gyrus and anterior temporal pole. These differences were represented by 931 

vertices significantly different out of 4080 vertices labeled as the DMN in the mode group 

map. In both cases, these two networks were labeled more frequently in the control group, 

i.e. in the ASD these vertices were less consistent across participants. All reported 

differences were significant p < 0.05, FDR corrected.  
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Figure 2.2 Resting state networks clustering 
Spatial maps for every network showing the percentage of participants that matched each network for a 
given voxel in the left hemisphere for ASD (left two columns) and TD (right two columns).  
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2.4.2. Group mode matching analysis 

In the group mode matching analysis, a group spatial map was obtained by taking the most 

frequent label for every vertex (the mode). The group mode maps for both groups were 

visually similar, although some areas incorporated into the DMN in TD participants were 

instead associated with the LSN in the ASD group. This was particularly pronounced in 

the anterior temporal pole and the superior temporal gyrus. The control group mode map 

is highly qualitatively similar to the results obtained in Yeo et al. 2011, validating the 

method employed in this study, and replicating it on a different dataset.  

The group modes were used to measure how often participants matched the group norm. 

We obtained a consistency score by calculating how many vertices in each participant 

matched the group mode. This mode matching analysis revealed similar differences as 

found in the previous analysis. Out of 18715 total vertices 2452 were identified as 

significantly different between TD and ASD groups (p > 0.05, FDR corrected). The 

significant vertices concentrated in the posterior cingulate cortex, motor network, mid 

frontal, angular gyrus and anterior temporal pole, all of them with higher proportion in the 

control group (Figure 2.4). Conversely, in the calcarine sulcus, some vertices are 

significantly more consistent within the ASD group (p < 0.05, FDR corrected). In the other 

analysis, however, we did not find evidence of higher stability in these visual areas, thus 

we did not consider this small cluster as relevant in our analysis.  
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Figure 2.3 Intra-network consistency. 
Chi square contrast of the frequency of a voxel being labeled as a specific network across groups. Blue 
represents increased idiosyncrasy of ICN membership in ASD: A) the SMN contrast, B) the DMN contrast 

When matching each participant to its own center mode to assess if the results depicted in 

Figure 2.4 where driven by intersite variability, the overall significant vertices found in 

Figure 2.4C did not differ substantially albeit diminished activation and percentages of 

statistical difference. Given that the group mode is more representative than specific center 

mode, we decided to use the group mode as our core analysis. In addition, we performed a 

sulci-gyri comparison between groups and no vertex survived multiple comparison 

correction, and before FDR correction the voxels below p = 0.05 did not resemble the 

significant areas found I this analysis, thus we have evidence that our results are not driven 

by coarse anatomical differences. 

 



38 

 
Figure 2.4 Groups spatial maps. 
They obtained by taking the most frequent network label in each vertex for A) the TD group, and B) the 
ASD group. C) Chi square contrast revealing group differences mostly in the DMN and SMN being more 
stable in the TD group and some visual vertices more stable in the ASD group. 

 

2.4.3. Correlations with ASD symptomatology 

We tested if cortical and network-specific consistency scores (how many vertices matched 

the group mode) of the participants was associated with age or IQ, but no significant 

correlations were observed. We found significant correlations with ADOS scores for 

whole-cortex consistency and for the SMN network consistency score, but not for the DMN 

with only a trend of p = 0.09. For the whole brain and the SMN, correlations indicated a 

negative relation with ADOS scores, the more consistency the lower the ADOS scores, i.e. 

more idiosyncrasy is associated to higher symptomatology ( 

Table 2.2). To assess the contributions of ADOS subscales, a multilinear regression was 

conducted. ADOS total was discarded due to collinearity (it is the sum of ADOS social and 

communication). For the two consistency scores, we found that ADOS social can 

significantly predict it independently of the other predictors ( 

Table 2.2).  



39 

 

Table 2.2 Network consistency multilinear regression and correlation with ADOS 
scores 

 ADOS bi-variate correlation 
 Total Communication Social RR Behavior 
Whole-cortex 
consistency 

r= -0.32                 
p < 0.001 

r = -0.23               
p < 0.01 

r = -0.36        
p < 0.001 

r = -0.26           
p < 0.01 

SMN consistency 
r= -0.27                 
p < 0.001 

r = -0.17              
p < 0.01 

r = -0.30        
p < 0.001 

r = -0.19           
p < 0.01 

 ADOS multilinear regression 
 Relation p value Indep. predictor p value 
Whole-cortex 
consistency R =0.46 p<0.001 ADOS Social p<0.001 

SMN consistency R =0 .34 p< 0.01 ADOS Social p< 0.01 
Relation, p value and significant independent predictors for whole-cortex and SMN consistency scores. P-
values for bi-variate correlations are not multiple comparison corrected.  

 

2.4.4. Network area analysis 

In the network area analysis, we aimed to identify if the differences found in the previous 

analyses in the SMN and DMN vertices were driven by spatial variability generating the 

‘regression to the mean’ in which the differences were caused by topographical 

misalignment or if these differences were driven by reduced recruitment of vertices by 

these networks. For each network, we measured how many vertices were recruited in every 

participant. All networks did not differ significantly between groups except the limbic 

system, adjacent to the DMN with a p < 0.01 and a mean difference of 138 more vertices 

recruited in the ASD, and the DMN with a p value < 0.01 with a mean difference of 150 

more vertices in the control group.  

A few vertices of the DMN were labeled as the limbic system in the ASD group and visual 

analysis of the mode group suggested that this exchange occurred in the anterior temporal 

lobe. To test this, we measured how many vertices labeled as the DMN in the TD group 

mode were labeled as the limbic system in the ASD group mode. The results indicated that 

in the ASD group mode 233 vertices were labeled as the limbic system whereas in the TD 
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group mode they were labeled as DMN. Furthermore, in the previous two analyses, these 

areas were not statistically significant, indicating that this reduced recruitment in the 

boundary between the DMN and limbic system is not generalizable in the rest of the cortex. 

Taking this into account, there is evidence that the total area of the ICNs are not 

significantly different in ASD supporting the hypothesis that the differences found in the 

previous analysis are driven by spatial variability rather than spatially reduced recruitment. 

 

2.4.5. Analysis of covariance of the consistency scores 

We conducted three ANCOVAs for the global consistency score (how well subjects 

matched the group mode), a SMN and a DMN consistency scores (how well subjects 

matched the group network). For the global consistency scores, we obtained a F = 23.21, 

p< 0.001, for the SMN an F = 33.05, p<0.001, and for the DMN an F= 20.67, p<0.001. For 

the three ANCOVAs the interactions group*center were not significant in any of them.  

 

2.5. Discussion 

The present study provides the first demonstration that the organization of ICNs in 

neuroanatomical space is idiosyncratic in ASD. This idiosyncrasy was concentrated in 

regions associated with the DMN and SMN, suggesting that variability of connectivity 

involving regions typically associated with these networks may be particularly relevant for 

altered brain function in ASD. We also show for the first time that the degree of ICN 

idiosyncrasy is associated with ASD symptomatology. These findings support the view 

that idiosyncratic spatial organization of cortical networks may contribute to ASD and its 

symptoms, and that the often-contradictory neuroimaging findings in ASD may be 

reconciled through a framework of considering between-participant variability in 

functional connectivity rather than overconnectivity or underconnectivity per se. 
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We performed three analyses in which we measured how frequently a particular anatomical 

vertex was labeled as belonging to a particular network across individuals, how much 

participants matched the group mode labeling for every vertex, and how many vertices 

were incorporated into each network in each participant. All three analyses supported the 

hypothesis of increased heterogeneity in the organization of cortical networks in ASD. For 

the network area analysis, a small number of vertices in the ASD group were labeled as 

limbic system whereas in the TD group were labeled as DMN, although these vertices were 

not related to areas with more idiosyncrasy, it is known that the areas labeled as limbic 

system are more prone to signal drop out, field inhomogeneities and distortions by air-

filled cavities (Devlin et al. 2000). Notwithstanding these small number of vertices, we 

found that increased network idiosyncrasy was not explained by a reduced or increased 

number of vertices recruited, suggesting spatial shifting of ICNs in the ASD group, 

particularly in areas belonging to the SMN and DMN, networks particularly relevant in 

ASD symptomatology.  

The DMN has been linked to social and self-referential cognitive processes, as well as the 

ability to attribute states of mind in other people, understand narrative and figurate 

communication, future prospecting, emotional processing and tasks involving mentalizing 

(Buckner and Carroll 2007; Cato et al. 2004; Gilbert et al. 2006; Greicius and Menon 2004; 

Iacoboni, Lieberman, and Knowlton 2004; Miall and Robertson 2006). Our results indicate 

that some areas of the DMN showed reduced propensity of organizing into a coherent 

network that is consistently expressed across individuals in the ASD group. Specifically, 

the precuneus, medial prefrontal cortex, anterior temporal lobe and angular gyrus showed 

more idiosyncratic incorporation into functional networks in the ASD group. Previous 

studies in ASD have reported alterations in these areas of the DMN, such as medial 

prefrontal cortex and precuneus with overconnectivity and underconnectivity (Northoff et 

al., 2006, Fishman et al. 2014); decreased global, ipsilateral and contralateral functional 

connectivity in the medial prefrontal cortex, precuneus, anterior cingulate and sensorimotor 

areas (Lee et al, 2016); decreased connectivity in the mirror system and social cognition-

related midline structures with reduced gyrification (Bos et al. 2015; Schaer et al. 2013); 

and decreased connectivity between DMN hubs, the precuneus and medial prefrontal 

cortex, revealed by ICA derived sub-networks of the DMN (Assaf et al. 2010). Based on 
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the results of our analysis, alterations in these DMN areas cannot be explained merely by 

within-network reduced connectivity, as between groups the number of vertices recruited 

per network did not vary significantly. Our results suggest that the topographies of the 

networks are rather more idiosyncratic in terms of their organization in neuroanatomical 

space in ASD, and when group averaging this variability might lead to increased or 

decreased connectivity. 

Another network found more idiosyncratic in ASD was the SMN, a primary sensory-motor 

area, and this might be directly related to sensory-motor alterations in ASD. People with 

ASD often experience impairments in domains such as motor control, skilled movements 

and postural stability (Fournier, Kimberg, Radonovich, & Tillman, 2010; Haswell, Izawa, 

Dowell, & Mostofsky, 2009), and somatosensory alterations that include hypersenstivity 

and hyposensitivity to pain, temperature and textures (Baum, Stevenson, and Wallace 

2015; Rogers, Hepburn, and Wehner 2003; Tomchek and Dunn 2007). Neuroimaging 

studies have found connectivity abnormalities in the SMN during motor task performance 

(Mostofsky et al. 2009), in vibrotactile stimulation with reduced feedback connectivity at 

rest (Khan et al. 2015), reduced sensorimotor GABA inhibition that leads to altered 

excitatory-inhibitory balance (Puts et al. 2017), decreased inter-hemispheric connectivity 

between sensory motor areas (Anderson et al., 2011; Martino et al., 2014), and increased 

connectivity between primary sensory and subcortical ICA derived networks associated 

with symptom severity (Cerliani et al. 2015b). Hahamy et al. 2015, found evidence for both 

under- and over connectivity involving sensorimotor cortex caused by topographic 

distortions across ASD participants. Our clustering analysis also captured the SMN to be 

more idiosyncratic, especially in the post-central gyrus, and correlated with ADOS 

symptomatology. 

A multilinear regression indicated that ADOS scores are significant predictors of whole-

brain network idiosyncrasy and that ADOS Social is a significant predictor of whole-brain 

idiosyncrasy when considering covariance with the other subscales. At the level of 

individual ICNs, we found significant relations with ADOS scores in the SMN, but not the 

DMN. This relation with symptomatology leads us to hypothesise that one cause of ICN 

idiosyncrasy in ASD might be a reflect of symptomatology, in our case, could be 
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particularly relevant for difficulties in social cognition in individuals with ASD. Based on 

this hypothesis, idiosyncratic organization of ICNs would be a direct manifestation of 

symptomatology, and idiosyncrasy could potentially be a reliable indicator of symptom 

severity. Another plausible hypothesis could be compensatory mechanisms including 

neuroplasticity, wherein ASD individuals use other neuronal resources as a substitute for 

impaired neurotypical neural resources. For example, some studies found disrupted cortical 

representations of the body in ASD (Coskun et al. 2009; Marco et al. 2011). Accordingly, 

individuals with ASD may apply alternative strategies which requires alternative patterns 

of functional brain activations and network connectivity. For example, different forward 

and inverse models of action control may be used to overcome disrupted body 

representations and successfully perform a task. The ADOS correlation with whole-cortex 

and SMN consistency scores would lean towards the first hypothesis of idiosyncrasy as a 

reflex of symptomatology, whereas DMN consistency not associated with ADOS would 

suggest the latter hypothesis of compensatory plasticity. It is likely, however, that the DMN 

reflects both symptomatology and compensatory plasticity as the ADOS relation with 

whole-cortex consistency score (which includes the DMN) is higher (R =.46) than the 

ADOS relation with SMN (R =.34), part of the former ADOS relation could be related with 

vertices in the DMN. Future research will help to refine and understand the origin and 

causes of variability in ASD. This paper brings more evidence of idiosyncrasy in ASD and 

its relation to symptomatology, supporting the previous finding in homotopic connectivity 

(Hahamy et al. 2015), maturational homotopic connectivity (Kozhemiako et al. 2018), 

idiosyncratic cerebellar neuromagnetic rhythms (Vakorin et al. 2017a), idiosyncratic brain 

patterns less correlated across participants as a function of social comprehension 

impairment (Byrge et al. 2015), and increased variability in dynamic functional 

connectivity in ASD (Chen et al. 2017). 

The present results indicate increased variability in the organization of functional brain 

networks neuroanatomical space in ASD. However, there are some noteworthy limitations 

in the present investigation. In this study, a clustering algorithm was used in which an a 

priori condition was set to partition the brain into seven clusters. Although this normalizes 

differences across participants and scan centers, it is constraining the solution in a manner 

that may not best reflect the data in all participants. As well, use of the ABIDE database 
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confers certain advantages, such as a large sample that represents the heterogeneity of ASD 

better than a single-centre study, however, it also imposes certain limitations, such as 

differences among sites in inclusion/exclusion criteria, and higher variability across centers 

caused not only by scan parameters but age, social status and other demographic variables. 

We demonstrate here that the organization of ICNs in anatomical space is idiosyncratic in 

ASD, and that these alterations are associated with ASD symptomatology. This expands 

upon earlier work by demonstrating that such idiosyncrasy is evident for large-scale 

network coordination understood to play a critical role in brain function, its development, 

and its disruption in numerous neurological and neuropsychiatric populations, including 

ASD. These findings support the recently emerging view that ASD may be a disorder of 

idiosyncratic functional brain network connectivity. 
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Chapter 3.  
 
Atypical age-related changes in cortical thickness in 
Autism Spectrum Disorder 

The study in this chapter is a copy of the published manuscript: 

Nunes, A. S., Vakorin, V., Kozhemiako, N., Ribary, U. & Doesburg, S. M. (2020). 
Atypical age-related changes in cortical thickness in autism spectrum disorder. Scientific 
Reports. 

 

3.1. Abstract 

Recent longitudinal neuroimaging and neurophysiological studies have shown that 

tracking relative age-related changes in neural signals, rather than a static snapshot of a 

neural measure, could offer higher sensitivity for discriminating typically developing (tD) 

individuals from those with autism spectrum disorder (ASD). it is not clear, however, 

which aspects of age-related changes (trajectories) would be optimal for identifying 

atypical brain development in ASD. Using a large cross-sectional data set (Autism Brain 

imaging Data exchange [ABiDe] repository; releases i and ii), we aimed to explore age-

related changes in cortical thickness (CT) in TD and ASD populations (age range 6–30 

years old). Cortical thickness was estimated from T1-weighted MRI images at three scales 

of spatial coarseness (three parcellations with different numbers of regions of interest). For 

each parcellation, three polynomial models of age-related changes in CT were tested. 

Specifically, to characterize alterations in ct trajectories, we compared the linear slope, 

curvature, and aberrancy of ct trajectories across experimental groups, which was estimated 

using linear, quadratic, and cubic polynomial models, respectively. Also, we explored 

associations between age-related changes with ASD symptomatology quantified as the 

Autism Diagnostic Observation Schedule (ADOS) scores. While no overall group 

differences in cortical thickness were observed across the entire age range, ASD and TD 

populations were different in terms of age-related changes, which were located primarily 

in frontal and tempo-parietal areas. these atypical age-related changes were also associated 
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with ADOS scores in the ASD group and used to predict ASD from TD development. these 

results indicate that the curvature is the most reliable feature for localizing brain areas 

developmentally atypical in ASD with a more pronounced effect with symptomatology and 

is the most sensitive in predicting ASD development. 

 

3.2. Introduction 

Autism Spectrum Disorder (ASD) is a highly heterogeneous neurodevelopmental disorder 

that has an early-life onset. It is characterized by deficits in social communication and 

restricted or repetitive behaviors and/or interests (American Psychiatric Association 2013). 

Several neuroimaging studies have reported region-specific changes in brain morphology 

in ASD (Chung et al. 2005; Hardan et al. 2006; Shen et al. 2013) supported by post-mortem 

studies (Bailey et al. 1998). Findings of atypical brain morphology in ASD, however, are 

highly heterogeneous (Amaral, Schumann, and Nordahl 2008; Brambilla et al. 2003; 

Stanfield et al. 2008), and there are not yet clear neuroanatomical markers for accurately 

identifying individuals with ASD.  

Recent studies have used developmental changes to identify individuals with ASD. For 

example, Bezgin, Lewis, and Evans (2018) used longitudinal changes in cortical white–

gray contrast to predict ASD diagnosis and severity using the ABIDE repository; 

Emmerson et al. (2017)(Emerson et al. 2017) obtained functional connectivity features 

from 6-month-old children to predict ASD diagnosis at 24 months of age. Similarly, Bosl 

et al. (2018)(Bosl, Tager-Flusberg, and Nelson 2018) used EEG data at several age periods 

from 3 to 36 months to identify ASD. Previously, brain morphometric measures such as 

cortical thickness (CT) and cortical volume have been used to predict ASD (Jiao et al. 

2010; Plitt, Barnes, and Martin 2015; Richter et al. 2015; Zheng et al. 2019), and this 

remains a promising feature to classify ASD based on developmental changes.  

One challenge to classify ASD is the heterogeneous nature of the disorder (Hahamy et al. 

2015; Magnuson et al. 2020; Nunes et al. 2018), which, together with small sample sizes 

and varying age ranges in some studies, it might partially explain inconsistencies in the 
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neuroimaging literature. One hypothesis is that such inconsistencies are due to the age-

specific developmental atypicality of the ASD brain. These developmental trajectories 

were studied either through modelling age-related changes characterizing cross-sectional 

samples of participants (Bezgin et al. 2018; Vakorin et al. 2017b) or exploring longitudinal 

changes in neuroimaging or neurophysiological markers (Bosl et al. 2018). Specifically, a 

number of studies have recently supported this, reporting atypical developmental 

trajectories in the ASD brain in terms of neuroanatomy (Lange et al. 2015; C. M. Schumann 

et al. 2010; Zielinski et al. 2012), hemodynamic functional connectivity (Dajani and Uddin 

2016; Kozhemiako et al. 2018; J. S. Nomi and Uddin 2015) and neurophysiological 

rhythms and synchrony (Kitzbichler et al. 2015; Oberman et al. 2013; Vakorin et al. 

2017c).  

Significant alterations of developmental trajectories of CT have been reported in ASD. For 

example, it has been shown that in ASD adults CT decreases more dramatically with age 

compared to typically developing (TD) adults (Hardan et al. 2009a) . Increased CT in 

children with ASD has also been reported in children aged 8-12 years (Hardan et al. 2006). 

Zielinski et al. (2104) reported three distinct phases of atypical cortical development in 

ASD: an accelerated expansion during early childhood, accelerated thinning in later 

childhood and adolescence, and decelerated thinning in early adulthood (Zielinski et al. 

2014). Wallace and colleagues, conversely, reported accelerated age-related cortical 

thinning in temporal and parietal areas during early adulthood in the ASD population 

(Wallace et al. 2010b). In addition, based on a sample of 6-15 year old children with ASD, 

Jiao and colleagues found both increased (in the precuneus and anterior cingulate cortex) 

and decreased (in the frontal pole and parahippocampal gyrus) thickening (Jiao et al. 2010). 

Recently, Khundrakpam et al., (2017) using the ABIDE I repository, reported higher CT 

in frontoparietal areas in ASD until adolescence, where accelerated thinning was found 

until adulthood.  

In the present study, we investigated group differences and prediction accuracies in terms 

of various polynomial models, namely, linear, quadratic, and cubic models, for age-related 

changes in CT estimated at three different levels of spatial coarseness, using three 

parcellations with different number of regions of interest (ROI). Specifically, for each 
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model, we estimated its highest order coefficient. These constant share parameters 

characterize the entire sample used to estimate them, and have a geometric interpretation 

of the slope, curvature, and aberrancy for the linear, quadratic, and cubic polynomial 

models of age-related changes, respectively. In our context, the linear slope represents a 

constant change in CT over age, with the curvature representing an acceleration in the rate 

of changes in the slope and  the aberrancy is defined as the rate at which  cortical thickness's 

acceleration changes with respect to age. In our study, we refer to these first, second, and 

third derivatives of the corresponding linear, quadratic, and cubic polynomial models as 

the shape parameters of the developmental trajectories of cortical thickness.  

For each MRI scan, CT was estimated at three levels of spatial coarseness: hemispheric 

parcellation (HP) with two trivial ROIs (left and right hemispheres), FreeSurfer 

Anatomical Parcellation (FSAP) using the Desikan-Killiany atlas (Fischl et al. 2004) with 

68 brain areas, and Multi-Modal Parcellation (Glasser et al. 2016a) (MMP) with 360 brain 

areas. Our aim was to test if CT, estimated using these three parcellations, was atypical in 

ASD, and to explore to what degree the age-related changes in CT a sensitive measure to 

differentiate ASD and TD populations. After mapping atypical trajectory shapes in 

different areas of the cortex, we studied their relationship with ASD symptomatology by 

associating them with ADOS scores. Then, with machine learning (support vector 

machine), we assessed if the linear slope, curvature, and aberrancy of the age-related 

trajectories could be used to classify ASD and TD development.  

 

 

3.3. Results 

3.3.1. No significant group differences in CT across a wide age range  

After a series of pre-processing steps (see Fig.1, steps 2-6, and Methods for more detail), 

we tested for overall group differences in CT, separately for the HP, FSAP, and MMP 

parcellations. We applied multivariate analysis called mean-centered Partial Least Squares 

(PLS), taking into account all the features of a parcellation (CT estimates for different 
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ROIs) at once (see methods and Fig.1 – step 7). One “global” permutation-based test was 

applied to evaluate the statistical significance of overall group differences (one p-value for 

all the features), and a bootstrap test was performed to quantify the reliability of a feature  

contribution to the group contrast. The result of the bootstrap test is a vector of z-scores, 

each associated with the ROIs. The larger-in-modulus z-scores indicate the most reliable 

effects. They can be positive or negative and are defined with respect to the hypothesis  

“CT for ASD is higher than CT for TD”. The PLS analysis revealed no significant group 

differences (p-values > 0.05) in CT between ASD and TD groups for all the parcellations.  

 

 
Figure 3.1 The workflow of the analyses.  
The coefficients in red in step 8 are the trajectory shapes used in the subsampling, correlation, and 
classification analyses. b1Linear is the coefficient describing the slope, b2Quadratic the curvature, and b3Cubic the 
aberrancy.  

 

3.3.2. Atypical developmental trajectories of CT in ASD 

Having found no significant group differences in CT across the entire age range, we 

explored group differences in terms of the shape parameters of the developmental 

trajectories.  Specifically, a linear, quadratic, and cubic polynomial model was fitted 

separately for each group and parcellation to characterize age-related changes in CT for 

each brain area. First, we used the entire sample (separately for each group) to test the 

goodness of fit for each ROI with a deviance test. Figure 2 illustrates the model fit for the 

three models and three parcellations. A few brain areas around the ventral medial temporal 
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cortex did not significantly fit, after FDR correction, in some of the models and especially 

with the MMP. These areas were masked out and excluded from further analyses. 

 
Figure 3.2 Areas from the FreeSurfer Anatomical Parcellation (FSAP) and 
MultiModal Parcellation (MMP) used in the analyses. 
 The goodness of fit at each area of the FSAP and MMP were measured with a deviance test assessing if the 
model significantly fits better than a constant model. After FDR correction, areas with a significant fit with 
an FDR corrected p-value<0.05 were used in subsequent analyses (colored in yellow), and non-significant 
were masked out (colored in red). The model fit was done separately for each group and deemed non-
significant if it was not in any of the groups. Both areas of the HP significantly fit and are not plotted. 
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Colored areal border outlines represent the original atlas annotation color of the FSAP (left) and MMP 
(right).  

The slope, curvature, and aberrancy of the corresponding linear, quadratic, and cubic 

polynomial models are contract parameters, by design. They characterize the entire sample 

used to estimate them. To test for group differences, we needed to have multiple estimates 

of them. To introduce a variability in the model coefficients, we generated multiple sub-

groups of participants as random samples without replacement, subsequently fitting each 

of the three models to each sub-group. Specifically, we generated 80 sub-groups composed 

of 70 subjects. For each ROI in all the three parcellations, we estimated the slope, 

curvature, and aberrancy of the age-related changes in CT. Further, these estimates were 

statistically assessed for group differences with the mean-centered PLS, performed 

separately for each parcellation. The estimates of the slope, curvature, and aberrancy were 

tested with PLS simultaneously, but separately for each parcellation. 

 

We found statistically significant differences in the shape of age-related trajectories in CT 

for all three parcellations, HP (p<0.01), FSAP (p<0.001), and MMP (p<0.001), after 

Bonferroni correction. Specifically, for the HP parcellation, PLS indicated strong effects 

for the slope and curvature. Figure 3.3 illustrates the average hemispheric trajectories 

(across sub-groups) and the z-scores distribution: negative for the curvature, and positive 

for the linear slope. Z-scores are the largest in modulus for the curvature, followed by the 

slope, indicating the more reliable effects. The aberrancy has z-scores close to zero, 

implying that it is not a feature sensitive for group differences. In Figure 3.3 (hemispheric 

parcellation), we observe a negative linear slope for both groups, but the slope is steeper 

for TD. In other words, ASD is characterized by a reduced rate of cortical thinning. At the 

same time, the trajectory for TD has a positive curvature. It is a convex curve, wherein a 

straight line joining any two points on the curve lies totally above the curve. For ASD, the 

curve is almost flat, with the curvature value close to zero. As illustrated in Fig. 3, the ASD 

developmental trajectory for the quadratic model at earlier ages has a decreased rate of 

thinning compared to TD development and at early adulthood ASD CT become similar to 

the TD group.  
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Figure 3.3 Developmental trajectories of CT for the hemispheric parcellation. 
 The linear slope, curvature, and aberrancy from the three models (linear-top; quadratic-middle; cubic-
bottom row) were estimated to quantify differences in age-related changes (trajectories) between ASD and 
TD. In the middle column, z-scores from the PLS analysis are plotted for the right and left hemisphere 
representing how reliable the model coefficients were in expressing the overall group differences. The 
trajectory shape represented by the curvature coefficient was most reliable, followed by the slope. In the 
sub-plots representing the averaged trajectories, the shaded regions are the ±1 standard deviation across 
subgroups, and the dots represent the estimated CT of individual subjects. CT measures are in millimeters. 

 

For the FSAP and MMP, PLS analyses rendered results similar to the HP. Specifically, the 

distributions of z-scores for the slope and curvature were spatially similar but with opposite 

sign z-scores. Figure 3.4 shows the distribution of z-scores for all the three shape 

parameters, separately for the FSAP and MMP. Z-scores are to be interpreted with respect 

to the hypothesis  ASD>TD: increases in a shape parameter in ASD are associated with 

positive z-scores, and vice versa. Brain areas with the highest in modulus z-scores 

representing the most reliable group differences were located in the frontal, fontal-medial 

and temporoparietal junction (TPJ) areas for the linear and quadratic models. In addition, 
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for the quadratic model and MMP parcellation, high z-scores were localized in the posterior 

cingulate cortex (PCC), and in the FSAP, the precuneus. In contrast, largest z-scores for 

the aberrancy were located in occipital and posterior-parietal areas.  

Similarly, as in the HP analysis, the ASD development was characterized by decreased 

cortical thinning. Specifically, the slopes were negative for both groups, but more positive 

in the ASD, implying a reduced rate of thinning in ASD (slower decline). Most of the areas 

with largest negative z-scores for the curvature coefficients were negative in the ASD 

group, while in the TD were positive. Supplementary Figure 1 plots the areas of the MMP 

with negative curvatures and they considerably overlap with the areas with the most 

significant z-scores of the PLS analysis for the curvature. Figure 3.5 illustrates linear, 

quadratic and cubic age-related trajectories for three ROIs at each hemisphere with high z-

scores. Although a negative curvature could imply both an increase and decrease in the rate 

of thinning, in our age range we captured a reduction in CT between childhood and early 

adulthood, as noted in the trajectory plots in Figure 3.3 and 3.5. Thus, we interpret negative 

curvatures in the context of CT decreasing with age, and they indicate an initial decreased 

rate of thinning at earlier age and increased thinning with age, whereas the slope captures 

a constant rate of thinning. To find the turning point in the quadratic model, where negative 

CT curvatures in ASD transitions from slowing to increased thinning, FSAP and MMP 

areas with negative curvature values in the ASD subgroups were selected. Then a straight 

line was created between the CT values at 6 and 30 years old and the furthest point in the 

negative curvature from the straight line was calculated. The most distant to the straight 

line, the turning point, was localized on average at 18 years of age. 
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Figure 3.4 Distributions of the z-scores across brain areas. 
These are shown separately for the three polynomial models, where the highest order feature is taken, and 
two atlases (left for FSAP, right for MMP). For the group contrast (ASD>TD) the main effect for the slope 
and the curvature is represented by the positive and negative z-scores, respectively. The spatial distribution 
of the largest z-scores for the slope is very similar to the spatial distribution of the z-scores for the curvature 
from the quadratic models. Based on their trajectories, both represent a decreased cortical thinning during 
childhood, but the quadratic also captures accelerated latter on. The colors of the outlines in each cortical 
area correspond to the colored area of the atlas. 
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3.3.3. One-center analysis of developmental trajectories of CT in ASD 

To further support our findings based on the analysis wherein batch effects (multi-center 

variability) had to be removed, we repeated the same analysis using participants from only 

one center, when the potentially confounding effects of multi-center variability are not 

present. The same effect of decreased thinning at an early age (captured by a more positive 

slope) and acceleration during mid-adolescence (captured by a more negative slope) were 

found within the NYU dataset. As can be seen in Supplementary Figure 2, areas with the 

highest z-scores for the linear and quadratic highest order coefficients are also located in 

frontal and temporal lobes, TPJ and PCC. The effects captured by the cubic coefficient did 

not spatially correspond, in terms of z-scores, between the multi-center and one-center 

analyses, suggesting once more that the aberrancy of the cubic model did not capture 

reliable group effects.  

 

 
Figure 3.5 Developmental trajectories of cortical thickness (CT) at selected areas. 
The trajectories for the brain areas from the MMP atlas, which reliably expressed group differences 
are plotted, separately for each model, for a few areas with high z-scores in the right and left hemisphere. 
Lines represent the subgroup averaged trajectories (blue for ASD, red for TD), the shaded regions are the 
±1 standard deviation across subgroups, and the dots represent the estimated CT of individual subjects. CT 
measures are in millimeters. 
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3.3.4. Associations between ADOS and developmental trajectories of CT 

To explore the relationship between ASD symptomatology and the shape parameters of the 

CT trajectories of the three models, we performed a series of multi-variate analyses 

(separately for each parcellation and model coefficient). Specifically, we applied 

Behavioral PLS analysis (see Methods for more details) to explore correlations between 

two multi-variate data sets organized as matrices: (i) the linear slope, curvature, or 

aberrancy of the age-related trajectories estimated for individual sub-groups, and (ii) 

ADOS-Generic scores (communication, social and stereotyped behavior subscales) 

averaged across the participants composing the given sub-groups. As in the group analysis, 

wherein we had to introduce a variability of the shape parameters through sub-sampling of 

the entire data, we used the same approach here to generate a certain number of sub-groups 

of subjects. To account for possible different distributions of z-scores across ROIs, we 

performed six different behavioral-PLS analyses (three shape parameters times two 

parcellations), and the p-values obtained for each model were Bonferroni corrected. 

We found that only the overall correlations between the curvature and the ADOS variables 

were significant for both FSAP and MMP parcellations: p<0.01 after Bonferroni 

correction. Their distributions of z-scores were skewed towards negative values. PLS z-

scores should be interpreted with regard to the LV design variable (a group contrast, as in 

the analysis of group differences, or overall associations between the curvature and ADOS, 

in this case). Together with all positive values of the LV design variable, a distribution of 

z-scores skewed towards negative values indicates overall negative correlations between 

the curvature and ADOS scores. The more negative the curvature, the more severe the 

symptomatology. More specifically, the overall correlations between the curvature 

coefficients from the FSAP and ADOS sub-scores were: r = -0.21 for communication 

subscale, r = -0.22 for social subscale and r = -0.11 for stereotyped behavior subscale. For 

the MMP, the correlations were: r = -0.27 for communication subscale, r = -0.27 for social 

subscale and r = -0.16 for stereotyped behavior subscale. Fig. 6 illustrates the latent variable 

(LV) design reflecting the contribution of each ADOS sub-score, their correlation values 

with curvature coefficients, and the spatial distribution of the most negative z-scores. The 
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spatial distribution of the most negative z-scores was very similar to that of the group 

differences analysis, being mostly located in frontal areas, TPJ and PCC. 

 
 

 
Figure 3.6 Correlations between curvature values of a subgroup and the subgroup 
mean ADOS scores. 
The spatial map in blue indicates negative z-scores representing the association between higher ADOS 
scores and smaller values of the estimated curvature coefficient of the quadratic developmental trajectories 
(curvature itself could be positive or negative). On the bottom left, the latent variable (LV) design 
illustrates the bar plots for each atlas indicating the contribution of the ADOS scores to the z-scores (how 
much each contributed to the overall correlation). On the bottom right, are indicated the overall ADOS 
scores correlations with all the curvature coefficients. 

 

3.3.5. ASD classification of CT developmental trajectories  

We tested to what degree the shape parameters can predict if a given trajectory shape 

represents ASD or TD changes in CT. Specifically, to support the discriminatory power of 

the shape parameters for developmental prediction, a classification analysis using a support 

vector machine was applied to predict developmental trajectories of ASD versus TD 

populations based on either their slope, curvature, or aberrancy. We applied this analysis 

to the FSAP and MMP parcellations. Table 3.1 reports the total accuracy, specificity, and 
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sensitivity means computed across 500 cross-validation runs, and Table 3.2  illustrates if 

the mean of the classification metrics between models of the FSAP or MMP were 

significantly different. 

Similar to the group analysis, the best total accuracy in classifying ASD and TD was 

achieved using the quadratic trajectory shape with an accuracy of 76% with the MMP and 

74% with the FSAP, followed by the linear (73% and 71%) and cubic (67% and 62%). 

Highest sensitivity in detecting ASD was achieved with the curvature parameters from the 

MMP (73%), whereas highest specificity in detecting TD trajectories was achieved with 

the slope parameter from the MMP (80%).  When testing if mean subgroup ADOS values 

or the number of females per subgroup were correlated with accuracy, sensitivity or 

specificity, no significant correlations (p-values>0.05) were found. 

 

 
  Accuracy Sensitivity Specificity 

  Mean Std CI Mean Std CI Mean Std CI 
MMP Linear 72.96 11.7 53 - 91 65.18 25.23 16 - 97 80.74 20.59 36 - 100 
 Quadratic 75.76 10.42 57 - 91 73.21 22.91 29 - 100 78.31 20.79 36 - 100 
 Cubic 66.51 12.04 47 - 84 62.6 25.94 14 - 96 70.43 23.03 26 - 99 
FSAP Linear 70.62 11.88 51 - 87 65 25.86 16 - 97 76.24 21.47 30 - 100 
 Quadratic 74.07 10.03 57 - 89 71.5 22.81 27 - 99 76.64 20.1 40 - 99 
 Cubic 61.57 12.15 41 - 81 60.33 26.01 13 - 97 62.82 24.61 17- 96 

 
Table 3.1 Classification metrics using different model coefficients with the MMP 
and FSAP. 
The table illustrates the mean, standard deviation (std) and the 5 and 95th confidence intervals (CI) for the 
accuracy, sensitivity and specificity using an SVM to classify ASD and TD trajectory features of CT 
represented by the highest order coefficient of a linear, quadratic and cubic models using areas from the 
MMP and FSAP. 

 
 

 

MMP 
 

FSAP 
Accuracy MMP 

 
FSAP 

Sensitivity MMP 
 

FSAP 

Specificity 

Linear Quadratic Cubic Linear Quadratic Cubic Linear Quadratic Cubic 

Linear   ** ↑ ** ↓ Linear  ** ↑ ** ↓ Linear  * ↓ ** ↓ 
Quadratic ** ↓  ** ↓ Quadratic **  ** ↓ Quadratic x  ** ↓ 

Cubic ** ↑ ** ↑  Cubic * ↑ ** ↑  Cubic ** ↑ ** ↑  
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Table 3.2 Significant differences between models’ classification. 
 An independent t-test was used to test models’ differences in the mean accuracy, sensitivity and specificity 
presented in Table 1. P-values were corrected for multiple comparisons using FDR. (**) represents a p-
value<0.01 and (*) a p-value<0.05, FDA corrected non-significant contrasts are represented with an (X). 
Arrows ↑ & ↓ indicate if the mean of the model in the column is significantly higher or lower than the 
mean of the model in the row. 

 

3.4. Discussion 

In this study, we investigated atypical developmental trajectories of cortical thickness (CT) 

in the ASD from 6 to 30 years of age. Previously, age-related changes in CT were studied 

by fitting a linear, quadratic and cubic models (Hardan et al. 2009b; Khundrakpam et al. 

2017b; Wallace et al. 2010b; Zielinski et al. 2014). Instead, in this study, we focused on 

the highest order derivative coefficient (the slope, curvature and aberrancy) to obtain an 

age-constant parameter that has an interpretable geometrical shape. These “trajectory 

features” describe the shape of the developmental trajectory of CT that pertains to the entire 

age range of the ASD and TD groups. We explored these features at several levels of spatial 

coarseness using a hemispheric HP, anatomical FSAP and multi-modal MMP atlases. 

Overall, our results indicate that ASD trajectory features are atypical in ASD in frontal, 

parietal and midline areas and are positively associated with ASD symptomatology. In 

addition, the curvature coefficient of the quadratic model was the most accurate and 

sensitive in discriminating TD and ASD development, highlighting the importance of this 

geometrical shape in characterizing ASD atypical development.  

Effects with strong directionality differences in CT trajectory features between ASD and 

TD groups were found using the quadratic and linear models, which had skewed z-score 

distributions indicating a more negative curvature and more positive slope values in ASD. 

The typical development of CT averaged within hemispheres or, on average, in areas of 

other parcellations, was characterized using a linear model by a negative slope with CT 

thinning over time, whereas with a quadratic model the TD development was expressed by 

a positive curvature reflecting a non-linear thinning of CT. Notably, in the ASD, curvature 

values were slightly negative in the hemispheric parcellations and negative in most of the 



60 

other parcellation areas with large z-scores. Our results showed a skewed distribution, 

indicating that this developmental process is altered in ASD. The slope and curvature 

coefficients although having opposite signs, represented a similar effect and the spatial 

representation of the strongest z-score values greatly overlapped. The trajectory shape 

captured by the quadratic model significantly correlated with the subgroup-averaged 

ADOS scores, indicating the greater the symptomatology of the subsample the more 

negative was the curvature coefficient. Areas with the most reliable correlation of curvature 

coefficients and ADOS scores tended also to be the most reliable in reflecting group 

differences in curvature values between ASD and TD. This supports the association 

between higher ASD symptomatology and a more negative CT developmental curvature.  

Our results are consistent with other studies which revealed increased CT in ASD 

individuals during childhood and early adolescence (Hardan et al. 2006), reflecting a 

smaller decrease of CT in this period for individuals with ASD. A study with a large sample 

size of 3000 participants , found that alterations in the CT are more pronounced during 

adolescence, exhibiting an accelerated rate of cortical thinning in frontal areas and 

decreased in temporal areas (van Rooij et al. 2018). A recent CT study using the ABIDE I 

also found increased CT in the ASD from early childhood to adolescence and equal or 

reduced CT in early adulthood in frontal and parietal areas, indicating decreased CT 

thinning during childhood and adolescence and accelerated thinning in late adolescence 

(Khundrakpam et al. 2017a). Studies using an age-range similar to ours concluded that the 

cortex thins less in ASD compared to typically developing controls (Doyle-Thomas et al. 

2013; Hardan et al. 2006). In addition, the developmental trajectories of the TD group of 

our study are very similar to the ones described in the longitudinal study of Zielinski et al. 

2014, however, our ASD trajectories differ with that study with respect to the period of 

accelerated thinning, namely starting at a later age than in the population studied by 

Zielinski and colleagues.  

The areas with the highest z-scores from the slope and curvature coefficient analyses 

included areas of the default mode network (DMN) and the frontoparietal network (FPN). 

Several ASD studies have found alterations in the DMN and FPN involving atypical 

functional connectivity patterns (Just et al. 2012; Lynch et al. 2013a; Mohammad-
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Rezazadeh and Frohlich 2016b), more variability in the spatial networks (Hahamy et al. 

2015; Nunes et al. 2018), as well as altered gyrification and structural network architecture 

in ASD (Schaer et al. 2013; Zielinski et al. 2012). The DMN has been linked to theory of 

mind, social cognition and inner referential processes (Andrews-Hanna 2012; Buckner and 

Carroll 2007; Greicius and Menon 2004; Laird et al. 2009; Magnuson et al. 2019). One of 

the characteristics of the DMN is to be deactivated during an externally gated task (Fox et 

al. 2005; Fransson 2005; Vincent et al. 2008), and DMN tends to be anticorrelated with the 

FPN which is a goal oriented network (Chen et al. 2013; Krieger-Redwood et al. 2016; 

Uddin et al. 2009). It has been reported that less DMN deactivation is associated with more 

stressful performance during stimulus-driven tasks (Anticevic et al. 2010; White et al. 

2013), and it has been found that in ASD task deactivation of the DMN is reduced, which 

is understood to be related to sensory feedback feedforward alterations (Kennedy, Redcay, 

and Courchesne 2006; Kessler, Seymour, and Rippon 2016; Seymour et al. 2018). 

Moreover, typical development of the DMN displays a sparse pattern of mostly local 

connections early in development, moving towards a more long-range and cohesive 

network throughout maturation (Dosenbach et al. 2010; Fair et al. 2008). Also, there is 

evidence that long-distance connections fail to develop during adolescence in ASD 

population (Washington et al. 2014). Our study is consistent with the aforementioned 

literature indicating alterations in areas of the DMN and some of the FPN and it suggests 

that typical cortical neural development is altered and might underpin alterations of 

structure-function relations in areas of the DMN and FPN.  

The trajectory shape for CT in the TD group represents a neurotypical U-shaped thinning 

centered around the age of pubescence and early adulthood (Tamnes et al. 2010; Zielinski 

et al. 2014), whereas in the ASD group, there is a decreased thinning rate which is a better 

fit by an inverse U-shaped curvature or a more positive slope using a linear model. This 

group difference is likely to reflect alterations in neural pruning associated with this age 

range. Neuronal pruning is the process of reducing the number of connections during the 

first two decades of life in order to select the most efficient and optimal connections, and 

evidence suggests that CT is likely to reflect dendritic arborization (Benasich, Urs, and Eds 

2018; Huttenlocher 1990).Accordingly, maturational changes of CT most possibly reflect 

the process of dendritic pruning. It is currently understood that the number of dendritic 
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synapses reach their peak during childhood and decrease during puberty (Jan and Jan 

2010). The hypothesis of altered neural, and in particular dendritic, pruning in ASD has 

become widespread as it is consistent with considerable evidence from multiple lines of 

research indicating brain overgrowth in ASD (Courchesne et al. 2005; Libero et al. 2017). 

It has been suggested that ASD is characterized by reduced synaptic pruning (McCaffery 

and Deutsch 2005; Poustka 2007), and by genetic alterations impacting synaptic structure, 

function and regulation (Bourgeron 2009; Kelleher and Bear 2008). Our results, consistent 

with previous literature, give further support that atypical neural pruning in ASD is 

characterized by a decreased thinning rate of cortical thickness between childhood and 

adolescence and accelerated thinning during late adolescence. 

Given that the derivative of trajectory shapes of CT across age are constant, speculatively, 

these rates of CT change could be estimated from one subject having several longitudinal 

MRI acquisitions. Using cross-sectional data, we obtained a good accuracy in classifying 

CT trajectories, especially using the curvature of the quadratic model and using the areas 

from the MMP atlas. This suggests that similar accuracy could be obtained when trying to 

predict if individuals have ASD based on their longitudinal CT measures. To estimate the 

curvature in the quadratic model is necessary at least three measurements in an experiment 

with a longitudinal design. Our results suggest that the quadratic model is the most accurate 

and sensitive parameter in classifying ASD, and three longitudinal time points would be 

necessary. It remains to be studied, however, how sensitive the curvature is in detecting 

individuals with ASD based solely on longitudinal samples.  

 

3.5. Methods 

3.5.1. Participants 

We analyzed structural T1-weighted MRI scans from the Autism Brain Imaging Data 

Exchange (ABIDE)(Martino et al. 2014; Di Martino et al. 2017) repository (releases I and 

II), which are freely accessible to the public. Quality control was assessed by visual 

inspection using the quality control provided by the ABIDE and by two independent 
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reviewers (A.S.N. and N.K.). In case of disagreement, the participants were discarded if 

any of the independent reviewers indicated motion or magnetic artifacts. To reduce the bias 

in the age distribution, we excluded participants younger than 6 years of age and older than 

30 years of age as beyond this age range, the number of participants drops significantly. 

To consider the full spectrum of ASD cohort, we did not exclude participants based on 

their IQ. ABIDE dataset is based on studies approved by local Internal Review Boards, 

carried out in accordance with relevant ethics guidelines and regulations, and informed 

consent was obtained from all participants or, if participants were under 18, from a parent 

and/or legal guardian. 

Out of 2226 participants available in the ABIDE I & II, 571 were rejected based on motion 

artifacts detected during the visual inspection or segmentation errors revealed at the 

preprocessing stage, as explained below. To properly account for center variance, centers 

with less than 10 participants in each group were removed, which resulted in 24 centers 

included in the analysis. The centers with the same parameters from ABIDE I and II were 

combined. In total, our final sample included 674 participants with ASD (females = 94, 

mean 14.5 ±5.18 years) and 686 TD participants (females=134, mean 14.9 ±5.49 years). 

Age between ASD/TD, the proportion of male/female in each center between groups or the 

proportion of ASD/TD participants per center did not differ significantly. Information on 

the participants can be found in Table 3.3. Four hundred and four ASD participants had 

information on ADOS-Generic scores (communication, social and stereotyped behavior) 

and were included in the analysis of associations between ADOS and age-related trajectory 

shapes in CT.  

Our analysis was conducted on data from all the centers combined, after correcting for 

batch effects (variability across centers) and, to validate the results excluding the possibility 

of being driven by batch effects, on a single center using the New York University (NYU) 

repository which has the largest sample size in the ABIDE dataset. 
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Centers 
N   Females   Mean age   STD age 
ASD TD  ASD TD  ASD TD  ASD TD 

CALTECH 14 12   3 4   22.1 22.6   3.1 3.2 
CMU 10 10  1 3  23.5 24.5  3.6 3.5 
KKI 58 61   16 16   10.3 10.3   1.5 1.2 
LEUVEN 24 25  2 2  17.6 18.1  4.2 4.8 
MAX MUN 13 13   1 0   18.3 22.8   8.1 6.7 
NYU 109 116  12 23  12.5 13.8  5.8 5.4 
OHSU 30 30   4 6   11.2 10.6   2.1 1.7 
OLIN 16 14  3 2  16.8 16.9  3.4 3.6 
PITT 24 23   4 4   16.5 17.5   4.7 4.6 
SDSU 37 41  7 7  13.8 13.7  3.1 2.5 
STANDFORD 15 17   4 4   10.1 9.9   1.6 1.6 
TRINITY 40 45  0 0  15.9 16.5  3.4 3.5 
USM 37 33   2 3   12.9 12.1   2.4 2.5 
YALE 24 26  7 8  13.5 14.6  2.6 4.0 
UCLA 60 53   7 11   19.3 20.0   5.2 6.1 
UM 42 48  5 8  13.0 12.9  3.0 2.7 
BNI 11 10   0 0   21.1 20.8   2.2 2.6 
EMC 14 14  2 2  8.5 8.1  1.3 1.1 
ETH 10 10   0 0   21.1 24.0   3.5 4.0 
GU 31 31  4 10  11.1 11.1  1.4 1.6 
IP 18 17   5 10   15.3 18.8   4.9 6.4 
IU 15 17  2 5  21.5 21.9  3.5 2.0 
ONRC 10 9   1 2   22.2 22.7   3.6 3.4 
UCD 12 11  2 4  15.3 15.1  2.0 1.4 
Total 674 686   94 134   14.5 14.9   5.2 5.5 

Table 3.3 Study cohort. 
 Description of the number of participants per center, number of females per center, age mean and standard 
deviation. Full names of the centers available at: http://fcon_1000.projects.nitrc.org/indi/abide/  

 

3.5.2. Preprocessing, CT calculation and regions of interest 

MRI data were segmented using FreeSurfer v5.1 (Fischl 2012). Cortical thickness (CT) 

was computed as the distance between the white and the pial surfaces for each vertex. CT 

values were averaged at three levels of coarseness, using three brain parcellations: an 

Hemispheric Parcellation (HP) with two ROIs, the Desikan-Killiany(Fischl et al. 2004) 

FreeSurfer Anatomical Parcellation (FSAP) atlas with 68 ROIs, and the MultiModal 
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Parcellation (MMP) atlas with 360 ROIs which is defined by sharp changes in cortical 

architecture, function, connectivity, and/or topography (Glasser et al. 2016b).  

To assess the presence of segmentation errors in reconstructing the cortical mantle from 

which CT was estimated, we conducted a second quality check. For every center 

separately, for each parcellation area, we performed a z-score transformation across 

subjects, resulting in the z-score distribution with zero mean and unit variance for each 

center (these normalization z-scores should not be confused with z-scores from PLS 

analysis). Participants with a z-score with a magnitude bigger than 3 in any area of the 

parcellations were considered outliers and excluded from further analysis, in total, 120 

participants were discarded.  

 

3.5.3. Inter-center variability removal 

Previous studies have reported variability in MRI-based measures across centers in the 

ABIDE repository(Haar et al. 2016). To correct for center differences, at each area of the 

parcellations, linear, quadratic and cubic models were fitted to estimate the variance 

explained by centers while preserving the variance explained by group, ages and group x 

ages interactions. Specifically, the following equations were applied: 

 
Linear ∶ CT(Age)	~	𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 +	𝜷𝟎𝐶𝑒𝑛𝑡𝑒𝑟 + 𝛽"	𝐴𝑔𝑒 + 𝛽$	𝐺𝑟𝑜𝑢𝑝 + 𝛽%	(𝐴𝑔𝑒	𝑥	𝑔𝑟𝑜𝑢𝑝)	 
 
Quadratic ∶ CT(Age)	~	𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 +	𝜷𝟎𝐶𝑒𝑛𝑡𝑒𝑟 + 𝛽"	𝐴𝑔𝑒 + 𝛽$	𝐴𝑔𝑒$ + 𝛽%	𝐺𝑟𝑜𝑢𝑝

+ 𝛽&	(𝐴𝑔𝑒	𝑥	𝑔𝑟𝑜𝑢𝑝) + 𝛽'	(𝐴𝑔𝑒$	𝑥	𝑔𝑟𝑜𝑢𝑝) 
 
Cubic ∶ CT(Age)	~	𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 +	𝜷𝟎𝐶𝑒𝑛𝑡𝑒𝑟 + 𝛽"	𝐴𝑔𝑒 + 𝛽$	𝐴𝑔𝑒$ + 𝛽%	𝐴𝑔𝑒% + 𝛽&	𝐺𝑟𝑜𝑢𝑝

+ 𝛽'	(𝐴𝑔𝑒	𝑥	𝑔𝑟𝑜𝑢𝑝) + 𝛽(	(𝐴𝑔𝑒$	𝑥	𝑔𝑟𝑜𝑢𝑝) + 𝛽)	(𝐴𝑔𝑒%	𝑥	𝑔𝑟𝑜𝑢𝑝)	 
(1) 

 

where 𝐶𝑒𝑛𝑡𝑒𝑟 represents a set of dummy variables coding a specific center (all except one 

to avoid multi-collinearity as we included Intercept in our models) and the 𝜷𝟎 coefficients 

in each of the three models explain the center variance for a given area. The variance 
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explained by 𝜷𝟎𝐶𝑒𝑛𝑡𝑒𝑟 was removed for each ROI for all the three parcellations. After 

this procedure, CT values across centers were combined for further analyses.  

 

3.5.4. Modeling developmental trajectories of cortical thickness  

Following the models from Eq. (1), we computed the slope from the linear model as the 𝛽" 

coefficient, the curvature from the quadratic model as the 𝛽# coefficient, and the aberrancy 

from the cubic model as the 𝛽$ coefficient. These coefficients can be positive or negative 

based on particular changes in CT. The slope indicates a constant rate of cortical changes 

across age, the curvature acceleration in the rate of changes and the aberrancy changes in 

the rate of acceleration. These geometrical shapes of the model are reflected by a line in 

the slope, by an upward or down-ward vertex in the curvature and by a double vertex at 

opposite sides of the trajectory in the aberrancy. A negative slope is inclined downwards, 

a negative curvature has a concave shape with an upwards vertex and a negative aberrancy 

has a downwards vertex on the left and upwards on the right side.  

To capture trajectory shapes in each experimental group, we fitted the three polynomial 

models, separately for each group, parcellation, and brain area, using the CT data corrected 

for multi-center variability. The models were fitted using MATLAB function fitglm. Given 

that models were fitted separately for each group, the group and group interaction terms 

were removed from the models in Eq. (1), in addition to the 𝜷𝟎 term. Fig.1 Step 8 illustrates 

this analysis in the workflow. 

First, these models were fitted on the entire group sample to test the goodness of fit using 

a deviance test of the generalized model. The analysis of deviance (as implemented in 

MATLAB Curve Fitting Toolbox™) measures deviance between the tested model and a 

constant (or null) model with the maximum number of possible parameters, and a chi-

squared statistical test is used to obtain the p-value indicating if the tested model differs 

from the null model. Brain areas where a model did not significantly fit after FDR 

correction(Benjamini and Hochberg 2018) with a q =0.05 were discarded from further 

analyses. In either group, if a model in a given parcellation area did not significantly fit, 
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the area was discarded for subsequent analyses. Then, the models were fit on each 

subsample (or subgroup) to capture the within group variability in trajectory shapes 

(explained in the section below). 

Given that the curvature in the quadratic model reflects acceleration, we measured the 

“turning point” where there is an inversion of the thinning rate, i.e. the point where 

decreased thinning turns into increased thinning. Negative curvatures in the ASD were 

selected and a straight line was traced between the CT at 6 and at 30 yo. The turning point 

was defined as the time point in the quadratic trajectory that was furthest from the straight 

line and results across trajectory areas were averaged.  

 

3.5.5. Subsampling analysis 

We used subsampling to generate a distribution of the shape parameters characterizing the 

age-related trajectories in CT, separately for each group. This method was adapted from 

Vakorin et al., (2017) and Kozhemiako et al., (2018) where it was used to statistically 

assess group differences in the trajectory shape captured by the highest order coefficient of 

a model between ASD and TD populations. In our study, this subsampling method was 

applied to statistically assess if trajectory shapes in CT constant across age (slope, 

curvature or aberrancy) are atypical in the ASD group.  

For each sub-sample, we randomly selected 70 participants from each group without 

replacement. This procedure was repeated 100,000 times. For each sub-sample, we 

computed the entropy of age distribution, and selected 80 sub-samples with the highest 

entropy for each group. The rational for this is to select sub-samples with the most uniform 

distributions in age (the entropy for the uniform distribution is largest). The number of 

repeated participants across subgroups or the entropy (age distribution) between ASD and 

TD groups were not significantly different.  

Once the final 80 sub-sample were selected, the three models were fitted, separately for 

each parcellation and group, for each ROI which passed the deviance test for the goodness 
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of fit. The coefficients representing the slope (from the linear model), curvature (from the 

quadratic model), and aberrancy (from the cubic model) were estimated. Thus, for each 

atlas (parcellation) and group, we had a matrix of shape parameters: 80 sub-samples by the 

number of ROIs times three (slope, curvature, and aberrancy). These data were further used 

for analysis of group differences with a multi-variate analysis. 

 

3.5.6. Multivariate statistical analysis 

To assess group differences in the slope, curvature, and aberrancy of the developmental 

trajectories in CT, as well as to test for their potential associations with ASD 

symptomatology, we applied Partial Least Squares (PLS) analysis using the PLS toolbox 

(available at: www.rotman-baycrest.on.ca/source/Pls.zip). PLS is a multivariate statistical 

approach that apply singular value decomposition to extract Latent Variables (LVs). Each 

LV is represented by a scalar (related to explained variance), a vector representing a group 

contrast or overall correlation, and a vector of saliences representing the contribution of 

each ROI to the group contrast or overall correlations between ‘imaging’ and ‘behavioral’ 

data. (Nancy J. Lobaugh, West, and McIntosh 2001). In this study, two types of PLS were 

used: mean-centered and behavioral PLS (Krishnan et al. 2011; McIntosh and Lobaugh 

2004a). The former is suitable for finding data-driven overall contrasts between groups (or 

conditions). For two groups, mean-centered PLS is equivalent to testing a group contrast, 

which was defined in our case as the ASD > TD hypothesis. In turn, the behavioral PLS 

explores associations between two matrices: ’imaging’ data (CT estimates, or the slope, 

curvature, and aberrancy) and ‘behavioral’ data (ADOS scores, in our case). Previously, 

behavioral PLS has been used to find behavioral associations with BOLD MRI (Hawco et 

al. 2017; McIntosh and Lobaugh 2004b) and neuromagnetic brain activity (Kozhemiako et 

al. 2019; Nancy J. Lobaugh et al. 2001). Both approaches perform a permutation test by 

resampling without replacement all subjects’ assignment across groups, and a unique p-

value for all the features is obtained by counting the number of times the corresponding 

singular value for each permutation was higher than the original one. Then, bootstrapping 

is performed by resampling participants with replacement while keeping the group 
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assignment fixed. The original saliences were divided by the bootstrap standard error to 

obtain a bootstrap ratio associated with each feature (ROI) indicating the reliability of the 

feature’s contribution to the identified contrast (or overall correlation). These bootstrap 

ratio values are similar to z-scores, and in our study, we used these terms interchangeably. 

Thus, each feature (in our case a coefficient expressing a trajectory shape for a given area 

in a given parcellation) is associated with a z-score, which indicates the reliability of the 

contribution of the given brain area to the group contrast or overall correlation.  

 

3.5.7. Analysis of group differences in trajectory shapes in CT 

Three independent mean-centered PLS analyses were conducted separately for the HP, 

FSAP and MMP to explore differences in the trajectory shapes between ASD and TD 

groups. For each PLS analysis, the input was a matrix of the shape estimates: 80 sub-

samples within two groups by the number of ROIs times three (three parameters). 

Permutations and bootstrapping were performed 10,000 times to obtain statistically reliable 

results. Assuming the contrast ASD>TD, positive z-scores are associated with brain 

regions wherein the trajectory shape in CT is increased in the ASD group. Correspondingly, 

negative z-scores indicate brain areas with a decreased trajectory shape value in ASD. The 

z-scores were separated for the slope, curvature, and aberrancy and their distributions were 

found to be skewed, indicating that there is a predominant increased or decreased effect 

representing the group differences. To visualize the results, the threshold was set as the 

highest value opposite of the skewness.  

 

3.5.8. Center-specific analysis of group differences in trajectory shapes in CT 

The same subsampling analysis of group differences was repeated for one center (NYU). 

The number of participants per sub-sample was reduced to 40, and the number of subgroups 

to 50. We aimed to further support our results, by explicitly avoiding possible confounding 

effects of the inter-center variability.  



70 

 

3.5.9. Associations between ADOS scores and trajectory shapes in CT 

To explore the relationship between ASD symptomatology and trajectory shapes of CT 

maturation, behavioral PLS correlated the slope, curvature, and aberrancy of the 

corresponding polynomial models of age-related changes in CT, which was computed for 

sub-samples of participants with the subgroup mean ADOS-Generic scores 

(communication, social and stereotyped behavior subscales). For each of the three model 

coefficients (linear slope, curvature and aberrancy) we performed two PLS analyses, 

separately for the FSAP and MMP parcellations) (six PLS analyses in total), and the p-

values obtained for each model were Bonferroni corrected. 

The behavioral PLS analysis renders a latent variable (LV) design vector indicating the 

contribution of the ADOS sub-score (communication, social and stereotyped behavior), a 

correlation for each ADOS sub-score, a single p-value for the overall-correlation, and z-

scores expressing the stability of the feature in expressing the correlation. To make 

contributions of individual participants more pronounced, the number of participants per 

subgroup was decreased to 20, and to increase the combination of subjects, the number of 

subgroups was increased to 400.  

 

3.5.10.  ASD classification of CT developmental trajectories 

To assess which model parameter can better predict ASD versus TD status, a linear kernel 

support vector machine (SVM, using MATLAB 2018b fitcsvm function with default 

parameters) was trained to classify trajectory shapes from ASD and TD subgroups using 

the FSAP or MMP areas.  

First, experimental groups from the full dataset were split into two equal training and 

testing sets. To have a similar age, for each experimental group, participants were separated 

within two years age bins, and the participants in each bin were randomly split in two. 
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Once the training and testing sets were created, for each set, the subsampling analysis was 

applied (the CT values from the FSAP and MMP areas using 80 subgroups were fitted 

using the three models and the three coefficients were obtained). Then, an SVM was trained 

using the training set to classify one model coefficient from the FSAP or MMP, and the 

testing set was used to measure the accuracy in classifying ASD and TD using the slope, 

curvature or aberrancy. The accuracy represents the percentage of correctly classified ASD 

and TD trajectories together whereas the sensitivity and specificity are the percentages of 

correctly classified ASD and TD trajectories, respectively. This procedure was repeated 

500 times (500 cross-validations) to obtain a distribution of accuracy, sensitivity and 

specificity. In addition, we analyzed if accuracy, sensitivity or specificity across cross-

validations was correlated with the number of females in the subgroup or the mean ADOS 

for the ASD group. 
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Chapter 4.  

Atypical resting state neuromagnetic connectivity and 
spectral power in very preterm children  
 
The study in this chapter corresponds to the publication: 

Kozhemiako, Nataliia *, Adonay Nunes*, Vasily A. Vakorin, Cecil MY Chau, Alexander 

Moiseev, Urs Ribary, Ruth E. Grunau, and Sam M. Doesburg. "Atypical resting state 

neuromagnetic connectivity and spectral power in very preterm children." Journal of Child 

Psychology and Psychiatry 60, no. 9 (2019): 975-987. 

(*) First co-joint authorship. My contribution included methodological design, data 

analysis and partial write up of the manuscript as well as framing of the experimental 

question.  

 

4.1. Abstract 

Background: Children born very preterm often display selective cognitive difficulties at 

school-age even in the absence of major brain injury. Alterations in neurophysiological 

activity underpinning such difficulties, as well as their relation to specific aspects of 

adverse neonatal experience, remain poorly understood. In the present study we examined 

inter-regional connectivity and spectral power in very preterm children at school age, and 

their relationship with clinical neonatal variables and long-term outcomes (IQ, executive 

functions, externalizing/internalizing behavior, visual-motor integration).  

Methods: We collected resting state magnetoencephalographic (MEG) and psychometric 

data from a cohort at the age of 8 years followed prospectively since birth, which included 

3 groups: Extremely Low Gestational Age (ELGA, 24-28 weeks GA n=24, age 7.7±0.38, 

10 girls), Very Low Gestational Age (VLGA, 29-32 weeks GA n=37, age 7.7±0.39, 24 

girls) and full-term children (38-41 weeks GA n=39, age 7.9±1.02, 24 girls). Inter-regional 

phase synchrony and spectral power were tested for group differences, and associations 
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with neonatal and outcome variables were examined using mean-centered and behavioural 

Partial Least Squares (PLS) analyses, respectively.  

Results: We found greater connectivity in the theta band in the ELGA group compared to 

VLGA and full-term groups, primarily involving frontal connections. Spectral power 

analysis demonstrated overall lower power in the ELGA and VLGA compared to full-term 

group. PLS indicated strong associations between neurophysiological connectivity at 

school age, adverse neonatal experience and cognitive performance and behaviour. Resting 

spectral power was associated only with behavioral scores. 

Conclusions: Our findings indicate significant atypicalities of neuromagnetic brain 

activity and connectivity in very preterm children at school-age, with alterations in 

connectivity mainly observed only in the ELGA group. We demonstrate a significant 

relationship between connectivity, adverse neonatal experience and long-term outcome, 

indicating that the disruption of developing neurophysiological networks may mediate 

relationships between neonatal events and cognitive and behavioral difficulties at school-

age. 

 

4.2. Introduction 

The rate of preterm birth is approximately 12% worldwide and still increasing (Anon 

2017). Up to 10% of this growing “at risk” population are infants born at very low 

gestational age (VLGA, 29-32 weeks of gestation) and up to 5% are the infants with 

extremely low gestational age (ELGA, ≤ 28weeks of gestation) (Blencowe et al. 2012). 

Infants born very preterm undergo prolonged hospitalization in the neonatal intensive care 

unit (NICU) during the late second trimester and early third trimester of foetal life. They 

are exposed to ~10 invasive procedures daily ex-utero during this period of complex and 

extensive brain maturation involving dendritic differentiation, lamination of cortical plate, 

establishment of thalamocortical connections and differentiation of cortical regions 

(Kostovic and Vasung 2009). Lower gestational age (GA) is associated with higher risk of 

neurodevelopmental deficits (Allen 2008). The earlier that normal intrauterine 
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development is interrupted, the less sufficient level of neurobiological maturation is 

achieved by infants to cope with the spectrum of environmental perturbations to which they 

are exposed. Accordingly, preterm birth leads to disruption of normal brain development 

and substantially increases the risk of cerebral palsy, cognitive and behavioural deficits 

(Allen 2008; Blencowe et al. 2012). Even when overall intelligence is broadly normal, 

children born very preterm often show selective difficulties in attention, executive 

functions and visual-spatial processing later in life (Aarnoudse-Moens et al. 2009; Grunau, 

Whitfield, and Davis 2002). Understanding neurophysiological mechanisms underlying 

such difficulties in children born very preterm is of great importance but yet remains 

largely unclear.  

Neuroimaging studies using various modalities have shown altered brain structure and 

function in infants, children and adults born preterm compared to full-term (see Mento and 

Bisiacchi, 2012 for extensive review). Many neonatal EEG studies have identified 

alterations in sleep patterns, interhemispheric synchrony, functional lateralization and 

event related potentials in preterm infants (Bisiacchi, Mento, and Suppiej 2009; González 

et al. 2011; Mento et al. 2010; Suppiej et al. 2017; Therien et al. 2004). Recent MRI studies 

reported white matter atypicalities in a preterm population which are present from neonatal 

period to school age and were associated with poor cognitive outcome (Keunen et al. 2017; 

Young et al. 2016). Previous fMRI studies indicate alterations in resting state networks 

activity in children and adults born preterm (Degnan et al. 2015; Papini et al. 2016). These 

findings suggest an important role of structural and functional connectivity in 

developmental alterations in this vulnerable population. However, a limitation of previous 

studies is that the samples of preterm children studied are typically heterogeneous in terms 

of the range of GA included. To understand altered brain function in this “at risk” 

population, it is critical to evaluate timing of exposure to early adversity during meaningful 

“windows” of the development of the cytoarchitecture of the brain. Therefore, in the 

present study we examined interregional connectivity and spectral power in subgroups of 

children of varying degrees of prematurity at birth (ELGA and VLGA) and full-term 

children.  
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Due to its exceptional combination of temporal and spatial resolution, MEG is uniquely 

well suited for the noninvasive imaging of neurophysiologic activity and connectivity in 

anatomical space (Baillet 2017). Our previous MEG studies demonstrated that atypicalities 

in brain activity in very preterm children were evident at school age in both resting state 

and task-dependent conditions. We reported that children born very preterm showed 

slowing of resting peak oscillatory frequency that was associated with visual-perceptual 

abilities (Doesburg et al., 2011; Doesburg, Moiseev, et al., 2013). In another study, we 

found higher alpha/gamma ratio in children born ELGA and VLGA compared to full-term. 

In turn, the alpha/gamma ratio was positively associated with the extent of exposure to 

neonatal pain-related stress, even after accounting for clinical confounding variables 

related to prematurity, such as GA, illness, surgeries, infections, and duration of 

mechanical respiratory support (Doesburg, Chau, et al. 2013). Children born very preterm 

also display lower overall interregional neuromagnetic resting state connectivity and 

reduced oscillatory synchrony during short-term memory processing (Doesburg, Whitfield, 

et al. 2010; Moiseev, Doesburg, Herdman, et al. 2015; Ye et al. 2015). A MEG study of 

language processing demonstrated increased prefrontal activation in preterm adolescents 

(Frye et al. 2010). Poorer performance on a Go/NoGo task and distinct reactivity of 

sensorimotor network reactivity was also reported for ELGA children at age 6 years (Pihko 

et al. 2016). However, it is unclear how connectivity changes are linked to adverse neonatal 

experience and cognitive abilities in preterm children. Several behavioral studies indicate 

a potential role of neonatal pain-related stress in cognitive outcomes as well (Grunau et al. 

2005, 2009) as an association with spectral structure of brain activity (Doesburg, Chau, et 

al. 2013).  

In the present study, we use MEG to investigate resting state brain neuromagnetic activity 

and connectivity in the largest sample to date of very preterm children at school age. Based 

on existing evidence, we expect to find alterations in both, region-specific spectral power 

and inter-regional phase synchrony at school age in children who were born extremely or 

very preterm. We also expect these alterations to be associated with adverse neonatal 

experience as well as with behavioral and cognitive performance at school age. Previously, 

it has been shown that preterm birth is associated with problems in attention, learning, 

cognition, executive function and behavior (Aarnoudse-Moens et al. 2009; Bhutta et al. 
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2002; Doesburg, Whitfield, et al. 2010; Grunau et al. 2002; Loe et al. 2011; Ranger et al. 

2014; Saigal and Doyle 2008). Therefore, we aimed to better understand potential 

neurophysiological alterations in these children within the context of cognitive and 

behavioral domains known to be affected by preterm birth. 

 

4.3. Methods 

4.3.1. Participants 

Resting state MEG was recorded from 100 children at mean age 7.8 (±0.71) years. 

Participants were divided into three age- and sex-balanced groups according to gestational 

age at birth: ELGA (24-28 weeks GA, n=24, age 7.7±0.38, 10 girls), VLGA (29-32 weeks 

GA, n=37, age 7.7±0.39, 24 girls) and full-term (40 weeks GA, n=39, age 7.9±1.02, 24 

girls). None of the participants had a major brain injury (children with periventricular 

leukomalacia or grade III-IV intraventricular hemorrhage were excluded based on neonatal 

cranial ultrasound) or major sensory, motor or cognitive impairment. The clinical, 

demographic and psychometric characteristics of the participants are given in   
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Table 4.1. All children were recruited as part of a prospective longitudinal study on the 

effects of neonatal pain-related stress on neurodevelopment of children born very preterm 

(Grunau et al., 2007, 2009). We obtained informed consent from each child and their 

parent(s). This study received the approval from the Clinical Research Ethics Board of the 

University of British Columbia and the Research Ethics Board of the Children’s & 

Women’s Health Centre of BC and conforms to the Declaration of Helsinki. 
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Table 4.1 The population and neonatal characteristics of the study cohort. 

Significant differences between ELGA or VLGA and full-term *p ≤ .05 (**Bonferroni corrected). Significant differences 
between ELGA and VLGA †p ≤ .05 (††Bonferroni corrected). 

 

Characteristics ELGA 
(n = 24) 

VLGA 
(n = 37) 

Full-term 
(n = 39) 

Age, years 7.7 (0.38) 7.7 (0.39) 8 (1.02) 
Males/Females 14/10 13/24 15/24 
Anatomical MRI scans 14 (58%) 27 (73%) 13 (33%) 
Gestational Age, weeks 27.1 (1.36) **†† 31.1(1.27) ** 39.9(0.93) 
Birth Weight, g 948.0 (242.65) **†† 1575.7 

(341.41) ** 
3445.7 
(485.42) 

Small for Gestational Age (n, %) 2 (8%) 2 (5%) 0 (0%) 
Number of Skin-Breaking Procedures 160.0 (76.99) †† 57.8 (43.32) n/a 
Morphine Dosage 2.2 (4.38) † 0.05 (0.15) n/a 
Days on Mechanical Ventilation 21.7 (19.53) †† 1.4 (3.00) n/a 
Score for Neonatal Acute Physiology 20.0 (8.91) †† 6.44 (7.63) n/a 
Verbal Comprehension Index (WISC-
IV) 93.8 (12.15) **† 103.1 (15.16) 108.7 (13.11) 

Perceptual Reasoning Index (WISC-IV) 97.0 (14.47) ** 103.4 (15.93) 
* 113.1 (13.31) 

Working Memory Index (WISC-IV) 91.8 (10.79) **† 101.8 (11.51) 102.2 (11.26) 
Processing Speed Index (WISC-IV) 89.6 (11.82) **† 98.5 (12.97) 104.8 (16.03) 
Full-scale IQ (WISC-IV) 91.2 (11.15) **† 102.4 (14.31) 

* 109.9 (12.76) 

Internalising Behavior (CBCL) 51.4 (10.94) 50.7 (10.70) 49.7 (10.88) 
Externalizing Behavior (CBCL) 47.6 (10.23) 47.2 (10.58) 47.2 (10.55) 
Behavioral Regulation Index (BRIEF) 51.3 (10.72) 51.8 (12.82) 50.2 (10.95) 
Metacognition Index (BRIEF) 53.7 (12.98) 54.6 (14.00) 49.4 (10.48) 
Visual Motor Integration (BEERY) 92.2 (9.88) * 95.4 (8.31) * 102.4 (12.44) 
Visual Perception (BEERY) 97.7 (15.68) ** 104.9 (14.5) * 113.8 (15.31) 
Motor Coordination (BEERY) 89.5 (10.39) * 93.4 (9.35) * 97.7 (11.20) 

Flanker 
Task 

Block 1 % correct answers 83.8 (19.84) * 87.0 (13.85) * 92.4 (9.04) 
Response time (ms) 1141 (212) * 1086 (175) 1012 (187) 

Block 2 % correct answers 67.8 (17.24) * 74.3 (14.35) 80.6 (16.97) 
Response time (ms) 1133 (197) 1107 (193) 1065 (209) 

Block 3 %  correct answers  71.1 (11.73) 73.3 (11.34) 74.7 (14.60) 
Response time (ms) 1181 (121) 1136 (131) 1135 (122) 

Hearts-Flowers 
task (Block 3) 

% correct answers 75.7 (13.41) 80.8 (11.34) 82.6 (14.39) 
Response time (ms) 1040 (168) 993 (146) 974 (144) 

Visual task % of correct 
answers 75.3 (9.01) * 75.1 (10.38) * 80.0 (8.34) 

Response time (ms) 2923 (262) 2851 (333) 2888 (219) 
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4.3.2. Procedures 

MEG data 

The data collection was split into two separate sessions held on different days to reduce the 

overall load on young participants. The first session consisted of extensive psychometric 

assessment and MEG data recording. Specifically, the first session included two minutes 

of eyes open resting state MEG data were recorded using a 151 channel MEG system (CTF 

systems; Coquitlam, Canada) in a magnetically shielded room. Participants were supine 

and were instructed to visually fixate on a picture of a ‘happy face’ on a screen 40 cm 

above their eyes. A research assistant was present in the recording room to ensure that each 

participant maintained their eyes open. To continuously track head position in the dewar, 

three fiducial coils were attached at the nasion and at the left and right preauricular 

locations. The data were digitized at 1200 Hz and stored offline for analysis. Following 

MEG recording the shape of each participant’s head surface was recorded using Polhemus 

FASTRAK digitizer, for co-registration purposes during data preprocessing. 

During the second session MRI data were collected. Due to limited availability of the 

clinical MRI facility for research scans some participants did not come back for the second 

session, T1 weighted volumetric MRI images (1.5 Tesla) were available for only 54 of the 

participants. Some children (n = 19) in the longitudinal study for whom MEG was not 

obtained had MRI data. Their T1 images were added to a pool of MRI scans which was 

used to select the best match MRI scan for participants without MRI (see detailed 

description in MEG analysis subsection). 

 

Neonatal data 

Neonatal data were collected from a daily chart review by an experienced research nurse 

during the neonatal period of participants from the ELGA and VLGA groups as described 

previously (Grunau et al. 2009). In this study we focused on gestational age as well as early 

illness severity (SNAP-II), number of skin-breaking procedures, cumulative morphine 

dose and days on mechanical ventilation, from birth to term equivalent age. 
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Neuropsychological assessment at age 8 years 

Cognition: The Wechsler Intelligence Scale for Children (WISC-IV) (David Wechsler 

2003) was administered yielding standardized scores comprising the Verbal 

Comprehension Index (VCI), Perceptual Reasoning Index (PRI), Working Memory Index 

(WMI), Processing Speed Index (PSI) and Full Scale IQ.  

Visual-Motor: The Beery-Buktenica Developmental Test of Visual-Motor Integration (R. 

Beery, Buktenika, and Beery 2004) was administered, including the Visual Motor 

Integration (VMI), Visual Perception (VP) and Motor Coordination (MC) subscales. 

Executive Functions (EF): Three computerized EF tasks were carried out (Diamond et al. 

2007): a Flanker task, a Heart-Flower task and a visual short-term memory (STM) task. 

The Flanker task consisted of five colored fishes with arrows pointing either left or right. 

There were three blocks where the first block was similar to the classic Flanker task. The 

congruent stimuli had all fish pointing in the same direction and incongruent stimuli had 

middle fish pointing to the opposite direction to the flanking fish. The second block 

consisted of the “Reverse” Flanker, where children had to focus on the outside fish rather 

than the middle one. The third block was a mixed block where attention was required to 

the outside or inside fish and the color of the fish. The Hearts-Flowers task is a directional 

Stroop task that consists of three blocks: a congruent, an incongruent, and a mixed block. 

During the congruent block children see a picture of a heart appearing either on the left or 

the right side of the screen and have to respond accordingly with either the left or right 

button. During the incongruent block the stimulus changes to a picture of flower and 

children are instructed to press the button which is opposite to location of the flower on the 

screen. The mixed block has heart and flower pictures together and children have to 

respond to each stimulus according to the rules they learn during previous blocks (Weikum 

et al. 2013). 

While in the MEG scanner, participants performed a visual STM task with stimuli (pictures 

with varying shapes) adapted from the Beery-Buktenica Developmental Test of Visual 

Motor Integration with permission from the publisher (R. Beery et al. 2004). On each of 
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180 trials the subjects viewed an initial stimulus (S1) for 1000 ms, followed by a 900 ms 

retention interval during which they were required to maintain S1 in STM, followed by the 

presentation of a second stimulus (S2) for 1000 ms. Subjects were required to press a button 

on a response box to indicate if the shapes were the same or different. Additional task 

details are available in (Doesburg, Whitfield, et al. 2010). The measure of task performance 

that we used in our analysis was the proportion of correct answers for each task which 

reflects performance accuracy. 

Behavior: Child Behavior Checklist (T. Achenbach and Rescorla 2001) was completed, 

and the composite measures of Internalizing Behavior and Externalizing Behavior used for 

this study. The Behavior Rating Inventory of Executive Function (BRIEF) (G. Gioia, 

Isquith, and Guy 2000) was used to assess EFs (Behavioral Regulation Index (BRI) and 

Metacognition Index (MCI). 

The psychometric assessment and EF tests were conducted, on the day of MEG recording, 

by a psychometrician who was blind to the participant’s group status. Parents completed 

the questionnaires during the child’s assessment, in another room.  

 

MEG analysis 

We created a continuous record of head position relative to the MEG sensors for each 

participant by computing dipolar source solutions for fiducial coils 30 times/s. 

Subsequently, we down sampled the data to 600 Hz and applied a 60 Hz notch filter to 

remove line noise. Then for each subject we extracted 15 4-seconds non-overlapping 

segments in which displacement of the head from the median position did not exceed 5 mm 

in any direction for any of the 3 head coils. The desired total length of 60s (15 segments) 

was obtained for 96 subjects and for four subjects (1 full-term, 3 VLGA) only 13-11 

segments were available for selected the threshold and were retained for analysis. To 

reconstruct neuromagnetic source activity we applied the following steps. First, we created 

a head model for each subject using a single shell method as implemented in FieldTrip 

toolbox (Oostenveld et al. 2011). For those without usable MRI, we found the best match 

from the pool of 73 MRI images (54 scans mentioned above and 19 scans of the participants 



82 

who did not have MEG recording but for whom MRI scans were collected as a part of the 

same longitudinal study). The criteria defining the best match MRI was the smallest 

average distance between each Polhemus point of a subject and the closest skull surface 

point derived from MRI image with using FieldTrip toolbox (Oostenveld et al. 2011). The 

MRI image was classified as the best match if it was 2-2.5 mm (for subjects with their own 

MRI it was on average 1.9 mm) and MEG and MRI were co-registered using fiducial and 

head shape information. 

We then selected 76 ROIs for source reconstruction, which represents all cortical regions 

in the Automated Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al. 2002). Prior 

to calculating the forward solution, we band-passed MEG data from 1 to 150 Hz. To 

minimize signal leakage among reconstructed time series, we used a pair-wise Multiple 

Constrained Minimum Variance (MCMV) beamformer to estimate brain activity (Moiseev 

et al. 2011; Nunes et al. 2019). This approach reduces signal leakage between two sources 

by nulling the contribution of one source onto another resulting in one unique inverse 

solution for each source pair. For spectral power estimation, the inverse solution was 

calculated for each ROI separately using a single-source MCMV beamformer. 

 

Connectivity and spectral power estimation and statistical analysis 

We used the Phase Locking Value (PLV) to quantify phase synchrony between 

reconstructed neuromagnetic source dynamics at specific frequencies. PLV reflects 

stability of phase differences across time. Specifically, the relative phase 𝛥𝜑%,'(𝜏, 𝑓) of 

two signals 𝑥(𝜏) and 𝑦(𝜏) at time 𝜏, each signal representing oscillations at frequency 𝑓, 

is defined as a time series of the difference between the instantaneous phase of each signal, 

namely ∆𝜙%,'(𝜏, 𝑓) = 	𝜙%(𝜏, 𝑓) − 𝜙'(𝜏, 𝑓). The phase differences can be projected as a 

series of two-dimensional vectors onto the unit circle. The frequency-specific phase-

locking value 𝑃𝐿𝑉%,'(𝑓), is computed as the length of the resultant (mean) vector: 

𝑃𝐿𝑉%,'(𝑓) = 〈𝑒(∆*!,#(,,-)〉, =
"
/
∑ 𝑒(∆*!,#(,$,-)/
01" , where N is the number of time points in 

time series.  
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In our study, phase dynamics were estimated at 50 frequency points equally spaced on a 

logarithmic scale between 4 and 50 Hz using a wavelet decomposition (Flandrin et al. 

1996). PLV was then estimated for each epoch for each pair of sources, subsequently 

averaging across epochs. Spectral power was calculated at the same frequency points using 

the Welch’s time averaged modified periodogram method, separately for each epoch, for 

each source, subsequently averaging across epochs (Welch 1967).  

To statistically assess potential group differences in functional connectivity and spectral 

power, we applied Partial Least Square (PLS) analysis. PLS is a multivariate statistical 

approach which aims to extract latent variables (LVs) that account for the variance in the 

data, similar to Principal Component Analysis (N J Lobaugh, West, and McIntosh 2001; 

McIntosh and Lobaugh 2004a). In this study we applied two versions of PLS: mean-

centered and behavioral PLS. Mean-centred PLS is designed to derive data-driven contrasts 

between two or more groups or conditions. Behavioral PLS explore the significance of 

correlations between neurophysiological data and continuous variables (neonatal and 

behavioral variables in our case). Both types of PLS include one global test for significance 

of overall group contrasts in power or connectivity or correlations between power or 

connectivity and behavioral scores, a series of local tests assessing how the overall group 

contrast or correlations is expressed across features (unique combinations of frequencies 

and sources power, and frequencies and source pairings for connectivity). The global 

permutation-based test generates one p-value for all the features. Local tests are based on 

bootstrapping and explore how the overall contrast or correlation is expressed across all 

the features, generating for each feature a measure which can be interpreted as z-scores. 

In our study, we applied two mean-centred PLS analyses, one for power and one for 

connectivity, to test for group differences across three experimental groups (ELGA, VLGA 

and full-term groups. In the Results section, we report only significant LVs, each consisting 

of two components: a 3-dimentional vector representing an overall group contrast, and a 

vector of z-scores representing the robustness of contribution of each feature to the overall 

group contrast. We also performed six behavioural PLS analyses to investigate associations 

between power or connectivity and one of the three sets of psychometric variables: neonatal 

predictors (due to the absence of neonatal data in full-term group, analysis in this cluster 
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was performed including preterm participants only), behavioural outcomes and cognitive 

task performance. Similar to the analysis of group differences, we report only significant 

LVs obtained from behavioral PLS. Each LV is associated with a vector of overall 

correlations between imaging and behavioral data (dimensionality of this vector is equal to 

the number of behavioral variables) and a vector of z-scores, each associated with a specific 

feature. All PLS analyses were based on 5000 permutations for the global test, and 5000 

bootstrap operations for the local tests. 

 

4.4. Results 

Using a multivariate statistical approach (PLS) we compared interregional connectivity and 

spectral power estimated from resting state MEG recordings in ELGA, VLGA and full-

term groups. In the results we report significant PLS contrasts between three groups which 

reflect group differences in connectivity (Network phase synchrony subsection) and 

spectral power (Spectral power subsection). We also report the spatial and temporal 

patterns of observed group differences. In the Association of network synchrony with 

neonatal predictors and behavioral outcomes subsection we report a significant correlation 

between connectivity and adverse neonatal experience and long-term outcome. In the 

Association between spectral power and behaviour outcome subsection we present spectral 

power significant correlation with behavioral outcome at school age. 

 

4.4.1. Neonatal and outcome variables 

The significance of group differences in neonatal and psychometric scores was tested by 

series of pair-wise t-tests with subsequent correction for multiple comparison using the 

Bonferroni method. The results are shown in   
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Table 4.1. To test if the groups were balanced in terms of female/male proportion, we 

performed three z-tests for proportions, separately for each pair of groups. No significant 

differences in male/female proportions were found between groups. 

 

4.4.2. Network phase synchrony 

Analysis of resting state network synchrony revealed, on average, greater connectivity in 

the ELGA group, relative to the VLGA and full-term groups which was concentrated in 

the theta frequency range. Figure 4.1A illustrates the data-driven significant group contrast 

(p < 0.01). The corresponding distribution of z-scores is shown on Figure 4.1B, wherein 

connections with the highest positive (red) and lowest negative (blue) z-scores are 

associated with increases and decreases in connectivity in ELGA group, compared to 

VLGA and full-term group, respectively.  

To investigate the frequency specificity of our results we calculated the number of positive 

connections with z-score > 2.5 for each frequency bin (red line on Figure 4.1C) and 

negative connections with z-score < -2.5 (blue line on Figure 4.1C). This revealed a large 

peak of higher connectivity in ELGA group in theta frequency band (4-7 Hz) (Figure 4.1C). 

Further, we explored the spatial distribution of connections with z-score > 2.5 at theta 

frequencies and found that theta-band overconnectivity in ELGA was primarily expressed 

with involvement of frontal areas. This is illustrated on Figure 4.1D, wherein red color 

indicates the connections with higher connectivity in ELGA in frequency range of 4-7 Hz. 

In addition, we visualized 0.5% of connections with the highest z-score on a transparent 

template of the brain in MNI space, as shown in Figure 4.1E, which revealed connectivity 

increases to be concentrated in connections involving frontal areas. We also found 

increased connectivity at gamma frequencies and decreased connectivity in beta frequency 

for ELGA group, relative to VLGA and full-term groups. These alterations, however, were 

less pronounced and were found to be dependent on a z-score threshold. For example, in 

case of defining the threshold as 5% left and right tails of z-score distribution we observed 

decrease in beta and gamma. When applying same threshold value (-2.5, 2.5) for positive 

and negative z-scores, however, we found increase in gamma connectivity. This effect is 
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explained by slight skewness of z-score distribution to the positive side and is the reason 

we report differences in gamma frequency with precautions. 

 

 
Figure 4.1 Group differences in functional connectivity 
(A) Data‐driven overall group contrast, representing higher connectivity in the ELGA group compared to 
the VLGA and full‐term groups; (B) Distribution of z‐scores, each associated with a unique combination of 
frequency point and a source pairing, representing the robustness of group contrast. Red and blue tails are 
marked by 2.5 and −2.5 thresholds, which corresponds approximately to 95% confidence; (C) Temporal 
distribution of the most robust effects, quantified as the number of connections in the tails in Figure 1B as 
functions of wavelet; (D) Spatial distribution of effects related to group differences at 4–7 Hz: red color 
represent higher connectivity in ELGA compared to VLGA and full‐term groups; (E) The localization of 
connections with highest connectivity in ELGA at 4–7 Hz (top 0.5% of all connections with the highest z‐
score)  

 

4.4.3. Spectral power 

PLS analysis of spectral power differences among three groups revealed a significant (p < 

0.05) group contrast (Figure 4.2A) indicating reduced power in ELGA and VLGA groups, 

relative to full-term controls. The distribution of z-scores associated with this contrast was 

highly skewed towards positive values, indicating overall higher power in full-term 

participants (Figure 4.2B). Higher power was clearly observed in full-terms (Figure 4.2C), 
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with a peak around beta and gamma frequencies in frontal, limbic and parietal areas (Figure 

4.2D). The power density plot also indicates a resting power peak at 9 Hz that is very 

distinct in the full-term group but diminishes with decreasing of GA: less evident in VLGA 

and almost absent in ELGA (Figure 4.2C, magnified square). The reduction of the resting 

state peak in the alpha frequency range in very preterm children was the most pronounced 

in superior frontal gyrus, left primary motor cortex, anterior cingulate cortex, cuneus, 

calcarine fissure and hippocampus (Figure 4.2E).  

 

 
Figure 4.2 Differences in spectral power between groups. 
(A) PLS contrast expressing the group differences in power: reduced spectral power in VLGA and ELGA 
groups compared to the full‐term group; (B) Distribution of z‐scores, each associated with a unique 
combination of frequency point and a source, representing the robustness of group contrast. Red and blue 
tails are marked by 2.5 and −2.5 thresholds, which corresponds approximately to 95% confidence. Note, 
that the distribution is highly skewed indicating that group differences are concentrated in largest positive 
z‐scores. (C) Power density across groups illustrates the overall decrease in power for ELGA and VLGA 
groups. The magnified square demonstrates differences in the resting peak frequency between the groups; 
(D) Distribution of group differences in power across frequencies and brain areas. (E) Localization of areas 
with highest power (z‐score >2.5) in full‐term at the resting peak frequency (9 Hz) 
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4.4.4. Association of network synchrony with neonatal predictors and 
behavioral outcomes 

We found a significant association between network connectivity and neonatal factors (p 

< 0.05). As illustrated in Figure 4.3A, higher connectivity was negatively associated with 

GA and positively associated with total number of skin-breaking procedures, total 

morphine dosage, days on mechanical ventilation, and early illness severity day 1 (SNAP-

II). In other words, lower gestational age at birth and increased adverse neonatal factors 

were associated with higher connectivity. Moreover, the hyperconnectivity associated with 

these neonatal factors was concentrated in theta band, suggesting that the group differences 

in neurophysiological network connectivity involved the same connections and frequencies 

as those associated with adverse neonatal experience. To test this, we calculated the 

correlation between the z-score from the connectivity analysis of group differences and the 

z-score from the behavioral PLS. The correlation coefficient indicated a strong association 

(R = 0.75) confirming that frontal theta hyperconnectivity was contributing significantly 

to both group differences and associations with adverse neonatal factors. 

Resting state MEG connectivity was significantly associated (p < 0.01) with both the 

cognitive and behavioural outcomes at age 8 years (Figure 4.3D). The Externalizing 

Behavior (Ext CBCL) score, Behavioral Regulation Index (BRI; BRIEF) and 

Metacognition Index (MCI; BRIEF) showed strong positive association with higher 

connectivity, especially in theta band. Note that higher scores on all three behavioral 

measures indicate more problems in each cognitive domain. Accordingly, higher 

connectivity in theta band is associated with worse cognitive outcomes. To explore how 

these results were related to previously revealed group differences, we calculated the 

Pearson correlation between corresponding z-scores. The correlation coefficient (R = 0.34) 

demonstrated a moderate association between behavioral analysis and analysis of group 

differences regarding the frequencies and connections involved. 

The performance accuracy of computerized executive functions tasks was also found to be 

significantly associated (p < 0.01) with connectivity (Figure 4.3C). Higher connectivity 

correlated negatively with accuracy of cognitive task performance. The temporal and 
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spatial patterns of these results were similar to those in analysis of group differences (R = 

0.38). 

 

 
Figure 4.3 Connectivity association with adverse neonatal experience and behavioral 
outcomes. 
(A) Association of connectivity with neonatal factors; (B) Association of connectivity with behavioral 
outcomes; (C) Association of connectivity with cognitive performance. The bar graph (first row) represents 
PLS contrast with overall correlations. Second row illustrates the robustness of correlations (z‐score 
distribution for given contrast). Third row plots illustrate frequency patterns where correlations with 
connectivity were the strongest. 

 

4.4.5. Association between spectral power and behavioral outcome 

In contrast to connectivity, the behavioural PLS results showed that spectral power was 

significantly associated (p < 0.01) with behavioral outcomes but not with adverse neonatal 

experience or task performance (Figure 4.4). We found positive correlation between power 
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and Ext CBCL, BRI (BRIEF) and MCI (BRIEF). The frequencies and brain regions 

involved in this brain-behaviour, however, were not the same as those contributing to group 

differences in spectral power reported above (R = 0.09). To better understand the nature of 

this association between power and behavioral scores we repeated the PLS analysis for 

very preterm and full-term subjects separately. We found that for preterm children higher 

scores in Internalising and Externalizing Behavior (Int CBCL and Ext CBCL), Behavioral 

Regulation Index (BRI(BRIEF)) and Metacognition Index (MCI(BRIEF)) were related to 

higher power in low frequencies (4-8 Hz) mostly in frontal regions (Figure 4.4B) while for 

full-term subjects results were more scattered frequency-wise and located in temporal, 

parietal and occipital regions (Figure 4.4C). 

 

 
Figure 4.4 Spectral power association with behavioral outcomes. 
 (A) PLS contrast with overall correlations of behavioral variables and spectral power and their robustness 
illustrated as z-score distribution; the color map of the distribution of z-score in the right illustrates the 
frequency and brain areas where power correlations with behavioral variables were the strongest. (B) 
frequencies and brain areas where power correlations with behavioral variables were the strongest in ELGA 
and VLGA groups; (C) frequencies and brain areas where power correlations with behavioral variables 
were the strongest in full-term group 
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4.5. Discussion 

The present study provides the first comprehensive analysis of resting state MEG activity 

and connectivity alterations in source space in children born at ELGA and VLGA, relative 

to children born full-term. We demonstrate a robust increase of phase synchrony in theta 

frequency principally involving frontal cortex in the ELGA group compared to VLGA and 

full-terms, confirming and expanding earlier findings (Doesburg et al. 2011; Doesburg, 

Chau, et al. 2013). In addition, our results indicate overall decrease in spectral power and 

reduced resting peak in alpha frequency in both ELGA and VLGA groups, also consistent 

with earlier results (Doesburg et al. 2013). These results are the first to establish 

associations between adverse neonatal experience, MEG network connectivity later in life, 

and school age outcome in very preterm children. 

Our findings in the present study indicate differences in resting state brain connectivity in 

ELGA children compared to VLGA and full-term children at school age. Increased phase 

synchrony in theta band was concentrated in connections involving frontal cortex. To our 

knowledge there has been only one MEG study focused on resting state connectivity in 

very preterm children resolved in source space. It revealed the overall decrease in 

connectivity in very preterm children across all analyzed frequency ranges (Ye et al. 2015). 

The differences between the results of the present study and those of Ye et al., 2015 may 

be related to higher average GA in the latter, together with a smaller sample size. There 

were also substantial differences in the methodology which could explain inconsistency 

between our results and the Ye at al. findings. For example, Ye at al. used a more liberal 

movement threshold of 10 mm, source activity was reconstructed using classic single-

source beamformer, connectivity was defined as weighted phase lag indices and computed 

on non-epoched continues data. 

The temporal and spatial characteristics of group differences revealed in the present study 

are also of particular interest. There is a crucial role of frontal lobes in social, attentional 

and executive processing and their development (see Taylor, Doesburg and Pang, 2014 for 

review). Any alterations in frontal areas can potentially result in cognitive and behavioral 

difficulties. Specifically, theta band connectivity originated in frontal lobe has been shown 
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to reflect the anterior-to-posterior information flow during resting state indicating a frontal 

lobe mechanism for regulating other brain regions (Hillebrand et al. 2016). Frontomedial 

theta oscillations were reported to play crucial role in sustained attention and mental 

activity and index Default Mode Network activity (Clayton et al. 2015; Inanaga 1998; 

Scheeringa et al. 2008). Our results indicate that resting state neural communication among 

brain areas is overconnected in school age children born extremely preterm predominantly 

involving connections with frontal brain regions. We also demonstrate that this increase of 

frontal theta connectivity is significantly associated with adverse neonatal experience, and 

contributes to school-age behavioral and cognitive difficulties in preterm children, as 

previously suggested based on frontal slowing of alpha rhythms into the theta band 

(Doesburg, Moiseev, et al. 2013). One of the possible explanations of frontal 

overconnectivity is delayed cortical maturation in preterm children. At school age still-

maturing inhibitory mechanisms and pruning serve to attune brain connectivity making it 

more efficient (Spear 2013). This processes in frontal lobes is responsible for development 

of top-down regulation in children involving cognitive control, regulation of attention, 

response inhibition and other advanced cognitive functions (Casey, Getz, and Galvan 

2008). Thus, a delay or disruption of frontal development could potentially correspond to 

frontal overconnectivity associated with poorer behavioural outcome, being consistent with 

our results. Similarly, a recent EEG study on extremely preterm infants during active and 

quiet sleep reported higher connectivity in lower frequencies in frontal regions in extremely 

preterm group compared to full-term controls which authors related to immaturity of 

frontal regions in extremely preterm infants (Tokariev et al. 2018).  

Interestingly, recent studies of structural connectivity organization reported altered 

network topology in the preterm population which persists from birth to adulthood (Batalle 

et al. 2017; Fischi-Gomez et al. 2016; Karolis et al. 2016). Such alterations comprise 

prioritization of rich-club connections in the presence of white matter scarcity caused by 

preterm birth. Thus, the limited white matter reserve is used to maintain the core 

connections at the expense of local connectivity disruptions which results in similar or even 

stronger rich-club architecture in preterm children compared to controls (Karolis et al. 

2016). Regarding our results, the spatial and frequency specificity of increased connectivity 

reported here might provide a link with the above-mentioned hypothesis. Based on 
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previous studies, synchronization in low frequencies carries out communication between 

distributed networks (Hillebrand et al. 2016; Solomon et al. 2017). It has also been shown 

that frontal areas belong to the most densely interconnected brain regions giving them a 

rich-club status (van den Heuvel and Sporns 2011). Based on such evidence, increased 

theta connectivity involving frontal connections might be considered to reflect rich-club 

connectivity and supports previous structural findings. 

Although less evident as theta overconnectivity, we also observed increase in gamma 

connectivity in ELGA group which, however, was not associated with behavior or neonatal 

factors. Speculatively, adverse neonatal factors primarily induce the connectivity elevation 

in theta frequency which results in dis-inhibition of frontal areas and as a secondary effect, 

alters gamma connectivity. 

In the present study we also performed a spectral power analysis and found an overall 

decrease of power in ELGA and VLGA children compared to the full-term group. Evidence 

suggests that such atypicalities may persist from the neonatal period. For example, reduced 

power in theta, alpha and beta frequencies, as well as increased delta power in very preterm 

infants have been reported in an EEG study (Suppiej et al. 2017). Moreover, these power 

alterations have been shown to correlate with poorer behavior at the age one year. MEG 

investigation of preterm children demonstrated an increased ratio of alpha-gamma 

oscillations in extremely preterm children at school age which were associated with greater 

exposure to neonatal pain-related stress (Doesburg, Chau, et al. 2013). Another interesting 

observation in the present study was the positive association between resting peak 

frequency and GA. A prominent peak in spectral power at 9 Hz was evident in the full-

term group but was reduced in the VLGA group and almost entirely absent in the ELGA 

group. A previous study which was explicitly focused on resting peak frequency alterations 

in very preterm children found resting peak slowing to be region specific and associated 

with visual perceptual abilities in very preterm children (Doesburg, Moiseev, et al. 2013). 

As the alpha peak is a robust indicator of brain maturation, its reduction in preterm children 

suggests that normal neurodevelopment processes occurring at school age are affected by 

very preterm birth and the environment ex-utero at a time of rapid brain development. 
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It has been shown that different conditions during the neonatal period affect the 

electrophysiological parameters in neonates. For example, in a randomized controlled trial, 

neonates exposed to a Family Nurture Intervention (FNI) that promoted mother-infant 

interaction, showed decreased coherence in frontal areas. As coherence decreases with age, 

these results suggest that FNI accelerates typical brain maturation in preterm 

infants (Myers et al. 2015). Another neonatal study demonstrated that various medications 

impact the spectral properties of spontaneous EEG activity in preterm infants (Malk, 

Metsäranta, and Vanhatalo 2014). Moreover, the neonatal intense care unit (NICU) room 

type has been shown to impact the electrophysiological and behavioral characteristics of 

preterm children, with a decrease of normal hemispheric asymmetry and a trend toward 

having lower amplitude integrated EEG cerebral maturation in infants who were in private 

rather than in open ward rooms (Pineda et al. 2014). Moreover, this effect persisted 2 years 

later when the same cohort demonstrated lower language scores and a trend towards poorer 

motor scores. Such findings indicate that neurophysiological maturation in preterm infants 

depends on environmental factors in the first weeks to months after birth. Studies on school 

age children born very preterm yield congruent results indicating that effects of adverse 

neonatal experience persist later in life. For instance, the total number of skin breaking 

procedures (after accounting or clinical factors related to prematurity) was shown to be 

related to spectral structure of cortical activity and visual-perceptual abilities in very 

preterm children at eight years of age (Doesburg, Chau, et al. 2013). Our findings confirm 

the strong association between neonatal factors and brain function at school age and extend 

this to delineate the role of connectivity in large-scale neurophysiological networks. We 

demonstrate that increased connectivity in theta range involving in frontal areas is 

positively correlated with adverse neonatal factors, namely lower GA, higher early illness 

severity, more skin-breaking procedures, more days on mechanical ventilation and overall 

morphine dosage during hospitalization in the NICU.  

We also found significant associations between connectivity and behavior, as well as 

performance on computerized tasks of executive function. The strongest relationships were 

revealed for parent reports of child externalizing behavior and executive functions, 

suggesting that altered connectivity is linked to poorer cognitive flexibility and capacity to 

self-regulate impulsivity. Moreover, spectral power was significantly related to behaviour. 
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Our results indicate that higher power is also associated with more externalizing behavior 

and poorer behavior regulation which reflects greater behavioural difficulties. To clarify 

frequencies and brain areas which were correlated the most with behaviour in our groups, 

we repeated this analysis for preterm and full-term children separately. As a result, we 

found that more externalizing behavior and poorer behavior regulation were associated 

with higher power in lower frequencies in both preterm groups. According to 

developmental studies, brain maturation from birth until puberty involves decrease in slow 

wave activity (delta and theta bands) and enhancement of fast wave activity (alpha, beta & 

gamma bands) (Loo, Lenartowicz, and Makeig 2016; Lüchinger et al. 2012). Our results 

indicate that in very preterm children failing to attenuate power in lower frequencies during 

development might contribute to poorer self-regulation. In general this is consistent with 

well-established links with higher theta power and various types of neuropathology (Llinás 

et al. 2005). 

 Our findings indicate significant atypicalities of neuromagnetic brain activity and 

connectivity in very preterm children at school-age which were more pronounced for 

children born extremely preterm at 24-28 weeks of gestation when the delicate process of 

establishing thalamocortical connections is undergoing a highly active and critical stage, 

rather than in children born 29-32 weeks when this process is well underway. Moreover, 

we provide the first evidence that neuromagnetic inter-regional brain connectivity is 

significantly associated with both previous adverse neonatal experience and long-term 

outcome, indicating that disruption of developing neurophysiological networks may 

mediate relationships between neonatal events and cognitive and behavioural difficulties 

at school-age. 

 

4.5.1. Limitations 

The length of resting state recording for our cohort was only two minutes. To exclude 

motion effects while maintaining a large an unbiased sample, we selected the 4-sec 

segments of the data using a strict threshold of <5 mm of head movement. This procedure 

reduced our data length to one minute and led to exclusion of five participants. Moreover, 
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due to the fact that MEG and MRI scans were collected during separate sessions some of 

the participants resulted in having MEG recording but not MRI scan. In total, only 54 

participants out of 100 had their own MRI scans available for analysis. Accordingly, we 

had to select the best match MRI scans from the pool of MRI for other 46 participants in 

order to reconstruct brain activity in the source space. 

Since in this paper, we report group differences in spectral properties, we acknowledge that 

we cannot distinguish how much of power changes are related to truly oscillatory 

mechanisms or to non-oscillatory effects. Although we interpret our results in the context 

of extant knowledge on neurophysiological oscillations in development, non-oscillatory 

components of the MEG signal may also have contributed to our analysis. Term-equivalent 

MRI scans were not collected for our cohort. As such, the impacts of diffuse white matter 

abnormalities on the results of our study are uncertain. 
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Chapter 5.  
 
Atypical neuromagnetic resting activity associated with 
thalamic volume and cognitive outcome in very preterm 
children 

The study in this chapter corresponds to the publication: 

Nunes, A. S., Kozhemiako, N., Hutcheon, E., Chau C., Ribary, U. Grunau, R. & Doesburg, 

S. M. (2020). Atypical neuromagnetic resting activity associated with thalamic volume and 

cognitive outcome in very preterm children. Neuroimage: Clinical. 

 

5.1. Abstract 

Children born very preterm, even in the absence of overt brain injury or major impairment, 

are at increased risk of cognitive difficulties. This risk is associated with developmental 

disruptions of the thalamocortical system during critical periods while in the neonatal 

intensive care unit. The thalamus is an important structure that not only relays sensory 

information but acts as a hub for integration of cortical activity which regulates cortical 

power across a range of frequencies. In this study, we investigate the association between 

atypical power at rest in children born very preterm at school age using 

magnetoencephalography (MEG), neurocognitive function and structural alterations 

related to the thalamus using MRI. Our results indicate that children born extremely 

preterm have higher power at slow frequencies (delta and theta) and lower power at faster 

frequencies (alpha and beta), compared to controls born full-term. A similar pattern of 

spectral power was found to be associated with poorer neurocognitive outcomes, as well 

as with normalized T1 intensity and the volume of the thalamus. Overall, this study 

provides evidence regarding relations between structural alterations related to very preterm 

birth, atypical oscillatory power at rest and neurocognitive difficulties at school-age 

children born very preterm.  
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5.2. Introduction 

Worldwide, the incidence of preterm birth with a very low gestational age (VLGA, born ≤ 

32 weeks of GA) is 1 in 100, and extremely low gestational age (ELGA, born ≤ 28 weeks 

of GA) is 1 in 200, with a mortality rate of 5-10% and >10%, respectively (Torchin et al. 

2015). Even in the absence of overt brain lesions, very preterm infants are at higher risk of 

cognitive, behavioral and motor problems (Aarnoudse-Moens et al. 2009; Anderson 2014; 

Moore et al. 2012) compared to healthy full-term children. Risk factors in very preterm 

infants (ELGA & VLGA) include post-natal infection (Ranger et al. 2015; Zwicker et al. 

2016), as well as exposure to numerous daily invasive procedures such as blood draws and 

line insertions, during weeks to months in the neonatal intensive care unit (NICU) 

(Roofthooft et al. 2014; Vinall and Grunau 2014). The disruption of normal intrauterine 

maturation by preterm birth, neonatal clinical factors, and pain-related stress alters ongoing 

brain development during critical periods involving prolific axonal growth, dendritic 

sprouting, and synapse formation (Mrzljak et al. 1992), that leads to abnormal brain 

morphology and activity (Kapellou et al. 2006; Schneider et al. 2018; Smith et al. 2011). 

Thus, to ensure proper extrauterine environment and adequate preterm interventions, it is 

of vital importance to understand how structural and functional preterm alterations linked 

to environmental stressors are associated with cognitive and behavioral outcomes in 

children born very preterm. 

During the neonatal period in very preterm infants born 24-32 weeks of gestation, thalamic 

afferents are synapsing in the subplate, a transient structure that generates endogenous 

activity and is critical to the formation of long term thalamocortical circuitry (Kostovic and 

Judas 2002), gradually synapse onto cortical neurons and become sensory driven. 

Disruption in this developmental process might cause neural apoptosis (Anand et al. 2007; 

Dührsen et al. 2013) and altered development of thalamocortical axons (Dean et al. 2013; 

Molnar and Rutherford 2013). Moreover, very preterm infants present abnormal 

myelination and fractional anisotropy in gray and white matter areas (Dubois et al. 2008; 

Eaton-Rosen et al. 2015), decreased cortical and subcortical gray matter volume 
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(Boardman et al. 2006; Chau et al. 2019), thalamocortical alterations (Ball et al. 2012; Cai 

et al. 2017) and pain-induced volume reduction of white matter and subcortical gray matter 

(Brummelte et al. 2012; Duerden et al. 2018). These structural alterations persist into 

school age (Hohmeister et al. 2010; Lax et al. 2013) and adulthood (Menegaux et al. 2017; 

Nosarti et al. 2014) and are associated with lower IQ (Breeman et al. 2017; Nosarti et al. 

2014). 

The thalamus acts as a sensory relay by directing peripherical information to the cortex and 

as an integrative hub for cortical representations by mediating cortico-cortical 

communication (Hwang, Maxwell A Bertolero, et al. 2017; Jones 1998; 

Malekmohammadi, Elias, and Pouratian 2015; Sherman and Guillery 2013). It has been 

associated with numerous cognitive functions (Jones 2012; Sherman 2016; Theyel, Llano, 

and Sherman 2010) and is affected in many disorders (Giraldo-Chica et al. 2018; Llinás et 

al. 1999, 2005; Ribary et al. 2019; Tona et al. 2014). Functionally, the thalamus regulates 

cortical power at different frequencies and their inter-relationships during cognition and 

perception (Ribary et al. 2017). Neurological conditions are often associated with the 

thalamus slowing alpha oscillatory activity to theta (Lianyang Li et al. 2015; Ribary et al. 

2019; Tarapore et al. 2013), and in very preterm children at school age decreased alpha 

power and increased gamma have been reported (Cepeda et al. 2007; Doesburg et al. 2011; 

Doesburg, Whitfield, et al. 2010), as well as atypical neurophysiological connectivity 

(Doesburg, Chau, et al. 2013; Kozhemiako et al. 2019; Moiseev, Doesburg, Herdman, et 

al. 2015). 

Based on previous literature reporting associations between the thalamus and cortical 

power (Edgar et al. 2015; Lindgren et al. 1999; Ribary et al. 2017), in the present study, 

we hypothesized that reductions in thalamic volume present in children born very preterm 

will be associated with atypical cortical power measured using MEG. Given that power 

captured by MEG is mostly generated by pyramidal neurons in the cortex (Murakami and 

Okada 2006), when investigating the association with thalamic volume and power, the 

cortical gray matter volume was included as a variable of interest. Previous studies 

indicated delayed neural pruning in children born preterm (Ment et al. 2009; Mürner-

Lavanchy et al. 2014), and this could be explained by diminished thalamic regulatory 
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activity. To this end, gray matter volume was included when investigating the relation with 

power and thalamic volume. Higher cortical gray matter and lower thalamic volume 

associated with atypical frequency-specific power could suggest that a functional reduction 

of the thalamus in controlling cortical oscillations due to reduced number of neurons or 

number of neural connections.  

To further understand the effects of thalamic alterations, specifically, the possible reduced 

amount of neural connections in the thalamus, we explored the relation between thalamic 

myelination level and frequency-specific neurophysiological power at rest. Previous 

studies have suggested that T1 intensities reflect myelination (Koenig 1991; Stüber et al. 

2014). Gray matter intensity has been used as a biomarker for neurological diseases and 

aging (Kong et al. 2015; Norbom et al. 2018; Salat et al. 2009), and myelin alterations in 

the thalamus and cortical gray matter in very preterm infants has been reported (Counsell 

et al. 2002; Counsell, Ball, and Edwards 2014; Eaton-Rosen et al. 2015). In the present 

study, mean thalamic normalized intensity was used to assess associations between 

thalamic myelination and neuromagnetic power while accounting for cortical 

myelinization reflected by mean cortical gray and white matter intensities. In addition, 

given the risk of neurocognitive deficits in the very preterm, we tested the relationship 

between cortical oscillatory power and cognitive, perceptual and behavioral outcomes, and 

with neonatal procedures such as gestational age (GA), illness severity, infections, 

morphine does and skin-breaking procedures. 

 

5.3. Methods 

5.3.1. Participants 

A total of 108 children participated in a resting state MEG recording. Data from 9 

participants were discarded due to major brain injury (periventricular leukomalacia [PVL] 

or grade III-IV intraventricular hemorrhage [IVH] on neonatal ultrasound), autism 

spectrum disorder [ASD], and/or or excessive motion. The final sample size was 99 

children with a mean age of 7.8 years: 23 were born ELGA (24 to 28 wks, age 7.7 ± 0.39, 
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10 girls), 36 VLGA (29–32 wks GA, age 7.7 ± 0.39, 24 girls), and 39 healthy full-term (40 

wks GA, age 7.9 ± 1.02, 24 girls). Participants were born at British Columbia’s Women’s 

Hospital between 2000 and 2004. 

Data were collected during two separate sessions, one for a MEG recording and 

neurocognitive assessments, and one for an MRI recording. Of the 99 children that 

participated in the first session, only 62 underwent MRI. After discarding scans with poor 

quality due motion induced blurriness and ringing, 51 participants remained, consisting of 

13 ELGA, 24 VLGA and 13 full-term children. All children were recruited as part of a 

prospective longitudinal study on the effects of neonatal pain-related stress on 

neurodevelopment of children born very preterm (Grunau et al. 2007, 2009). The current 

cohort is the largest cohort of very preterm children followed from birth with both MEG 

and MRI at school age, making the results valuable and unique despite the limited number 

of participants with MRI. Participants’ sociodemographic, neurocognitive, neonatal and 

structural characteristics are presented in Table 5.1. 
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Table 5.1 Study cohort characteristics 
 ELGA VLGA  Term 
Demographic measures (MEG) N=99 mean (std) mean (std) mean (std) 
Age 7.7 (0.38) 7.7 (0.39) 8 (1.02) 
Males/Females 13/10 12/24 15/24 
Mother age 40 (4.6) 41 (5.1) 42.3 (5.1) 
Father age 43.3 (5.9) 41.8 (5) * 44.4 (5.3) 
Mother years education 15.5 (2.5) * 15.7 (2.7) * 18.6 (4.6) 
Father year of education 15.3 (3.8) * 15 (3) * 17.7 (4) 
Number of children  2.3 (0.75) 2.4 (.91) 2.3 (0.67) 
Birth order 1.66 (0.86) 1.8(.82) 1.8 (0.67) 
 mode (%) mode (%) mode (%) 
Mother ethnicity 4 (83%) 4 (85%) 4 (90%) 
Father ethnicity 4 (75%) 4 (83%) 4 (90%) 
Demographic measures (with MRI)  
N=50 mean (std) mean (std) mean (std) 
Age, years 7.7 (0.42) 7.7 (0.39) 7.7 (0.60) 
Males/Females 8/5 5/19 5/8 
Neurocognitive measures N=98       
Verbal Comprehension Index (WISC-IV) 93.8 (12.15) **† 103.1 (15.16) 108.7 (13.11) 
Perceptual Reasoning Index (WISC-IV) 97.0 (14.47) ** 103.4 (15.93) * 113.1 (13.31) 
Working Memory Index (WISC-IV) 91.8 (10.79) **† 101.8 (11.51) 102.2 (11.26) 
Processing Speed Index (WISC-IV) 89.6 (11.82) **† 98.5 (12.97) 104.8 (16.03) 
Full-scale IQ (WISC-IV) 91.2 (11.15) **† 102.4 (14.31) * 109.9 (12.76) 
Internalising Behavior (CBCL) 51.4 (10.94) 50.7 (10.70) 49.7 (10.88) 
Externalizing Behavior (CBCL) 47.6 (10.23) 47.2 (10.58) 47.2 (10.55) 
Behavioral Regulation Index (BRIEF) 51.3 (10.72) 51.8 (12.82) 50.2 (10.95) 
Metacognition Index (BRIEF) 53.7 (12.98) 54.6 (14.00) 49.4 (10.48) 
Visual Motor Integration (BEERY) 92.2 (9.88) * 95.4 (8.31) * 102.4 (12.44) 
Visual Perception (BEERY) 97.7 (15.68) ** 104.9 (14.53) * 113.8 (15.31) 
Motor Coordination (BEERY) 89.5 (10.39) * 93.4 (9.35) * 97.7 (11.20) 
Neonatal measures (with MRI) N=36       
Gestational Age, weeks 27.1 (1.36) **†† 31(1.2) ** 39.9(0.93) 
Infection, yes/no 7/6 20/3 n/a 
Number of Skin-Breaking Procedures 153.6 (68.68) †† 65.1 (50.87) n/a 
Morphine Dosage, mg/kg 2.7 (5.74) † 0.06 (0.18) n/a 
Score for Neonatal Acute Physiology 22.5 (9.73) †† 5.6 (7.5) n/a 
Structural measures (with MRI) N=50       

Thalamic mean volume, mm3 6,951 (697)**† 7,494 (745) 8,268 (603) 
Cortical gray matter volume, mm3 536,606 (40,984)* 555,204 (57,458) 589,950 (603) 
Intracranial volume, mm3 1,515,881 (122,911) 1,534,179 (142,595) 1,589,423 (58,071) 
Thalamic mean intensity 88 (1.8)* 89.2 (1.6) 89.5 (1.5) 
cortical gray matter mean intensity 88 (8.7) 91.54 (8.2) 88 (6.7) 
cortical white matter mean intensity 108 (79) 114.73 (10.3) 110 (8.5) 

Significant differences between ELGA or VLGA and full-term *p ≤ .05 ,**p ≤ .001. Significant differences between 
ELGA and VLGA †p ≤ .05, †† p ≤ .001. Mother and father ethnicity categories: 1=African/Afro-American, 2=Hispanic, 
3=Asian, 4=Caucasian, 7= Native American. A complete study on the psycho-cognitive and social effects on this 
preterm cohort can be found in (Grunau, Whitfield, and Fay 2004) 
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5.3.2. MEG recording 

Eyes open resting state MEG data were recorded for a total of two minutes using a CTF 

151-Channel MEG system (CTF systems; Coquitlam, Canada) in a magnetically shielded 

room with a sampling rate of 1200 Hz. Participants were in a supine position and instructed 

not to fall sleep and to gaze at a centrally presented fixation stimulus while minimizing eye 

movements and blinks. Continuous head localization was recorded by energizing three 

fiducial coils placed in the nasion and preauriculas. The head shape of the participants was 

recorded using a Polhemus Fastrak digitizer.  

 

5.3.3. MRI recording 

MRI scans were performed on a Siemens 1.5 Tesla Avanto (Berlin, Germany) using a 12-

channel head coil. Each scan consisted of a 3D T1-weighted SPGR sequence 

18sec/9.2sec/256/1 mm/0/256×256 (TR/TE/FOV/Thickness/Gap/Matrix). 

 

5.3.4. Neonatal data 

Neonatal data were collected from a daily chart review by an experienced research nurse 

during the neonatal period of the ELGA and VLGA participants as described previously 

(Grunau et al. 2009). In this study, we focused on gestational age (GA), if infection was 

positive, illness severity on day 1 (SNAP; (Richardson et al. 2001)), equivalent log-

transformed cumulative morphine dose, and log-transformed number of skin-breaking 

procedures (pain), from birth to term-equivalent age. 
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5.3.5. Neurocognitive assessment 

On the day of the MEG scanning, IQ was assessed with the Wechsler Intelligence Scale 

for Children (WISC-IV; Wechsler, 2003), yielding standardized scores for verbal (VIQ), 

perceptual reasoning (IQ-PR), working (IQ-WM), processing speed (IQ-PSI) and full-scale 

(IQ-f). Visual-motor capabilities were assessed with Beery–Buktenica Developmental Test 

of Visual-Motor Integration, 5th Edn. (K. E. Beery, Buktenica, and Beery 2004), 

comprising the subscales visual-motor integration (BEERY-VMI), visual perception 

(BEERY-VP), and motor coordination (BEERY-MC). Behavior was assessed with the 

Child Behavior Checklist (CBCL; Achenbach and Rescorla 2001) questionnaire completed 

by a parent, measuring internalizing behavior (CBCL-INT and externalizing behavior 

(CBCL-EXT), and executive functions with the Behavior Rating Inventory of Executive 

Function (BRIEF; (G. A. Gioia et al. 2000) assessing behavioral regulation (BRIEF-BRI) 

and metacognition index (BRIEF-MCI). 

 

5.3.6. MEG analysis 

MEG sensor data were notch filtered at 60 Hz to remove line noise. Segments exceeding 5 

mm displacement at any direction from the median head position were discarded. After 

visual inspection, segments with muscle artifacts were also discarded. Independent 

Component Analysis (ICA) was used to identify and reject components capturing eye and 

heart artifacts. The remaining artifact-free data was segmented into epochs of four seconds 

(trial number mean=25, std=4.5) and band-pass filtered at canonical frequency bands 

(delta:1-4 Hz, theta:4-8 Hz, alpha:8-12 Hz, beta:12-25 Hz, gamma:25-55 Hz). There were 

no group differences in motion or number of trials retained for analysis between groups. 

For source reconstruction, a forward model was computed using a single-shell head model 

(Nolte 2003). For subjects without an MRI, the best match from a pool of child MRIs was 

used instead (Gohel et al. 2017). Source space activity was reconstructed on an 8 mm 

spaced grid using an LCMV beamformer (Van Veen et al. 1997) which creates spatial filter 

weights that maximize activity from the target location while filtering out activity from 

elsewhere. Beamformer weights were estimated at each frequency band to optimize the 
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spatial filtering (Moiseev, Doesburg, Grunau, et al. 2015). For each reconstructed source, 

relative power was obtained by dividing the absolute power within a frequency band by 

the sum of the absolute power in all the frequencies. Relative power is used as it is corrected 

for depth bias and it has been shown to be more stable across subjects (Suppiej et al. 2017). 

The relative power within a frequency represents its contribution to all the frequency 

spectrum of interest. Herein, power and relative power is used interchangeably. The 

analysis was performed using Fieldtrip toolbox (Oostenveld et al. 2011) and in house 

MATLAB scripts.  

 

5.3.7. Morphometric measures 

3D T1 MRIs were automatically processed using FreeSurfer (Fischl 2012), in brief, steps 

included skull-stripping, Talairach transformation, intensity normalization, subcortical 

segmentation, tessellation of the gray matter/white matter boundary, topology correction 

and surface deformation to detect gray matter/white matter and gray matter/cerebrospinal 

fluid boundaries (Fischl, Sereno, and Dale 1999). Some MRI scans were discarded due to 

bad segmentation caused by movement distortions, as explained in the participants section.  

For this study, the volumetric measures of interest were total cranial volume, cortical gray 

matter volume (CGV) and thalamic volume (TV). Total cranial volume was used for 

correcting subject differences in cranial size. CGV was used for accounting the cortical 

power produced by cortical neural mass and its relationship with the thalamic volume. TV 

was used as a measure of the neural mass that modulates cortical power with respect to the 

cortical neural mass.  

The intensity measures of interest were the mean normalized intensity of the thalamus (TI), 

cortical gray matter (CGI) and cortical white matter (CWI). TI indicates the level of 

myelination in the thalamus. CGI indicates indicating myelin content and volume of 

dendrite/axons. CWI, sampled normal to the cortical layer at 2mm under the cortical 

surface as per FreeSurfer, indicates the extent of myelinated axons between the cortex and 

subcortex or the first layers cortical-cortical connections. Several studies report gray matter 
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intensities contrasted with white matter intensities (Jefferson et al. 2015; Kong et al. 2015; 

Salat et al. 2009), while preserving the TI, to account for white matter intensity, it was 

included as a separate variable in the correlation analysis with power.  

 

5.3.8. Statistical analyses 

Partial Least Squares (PLS) and linear regression were used for statistical analysis. PLS is 

a multivariate technique used in neuroimaging (Krishnan et al. 2011; McIntosh and 

Lobaugh 2004a) based on singular value decomposition (available at: www.rotman-

baycrest.on.ca/source/Pls.zip). It decomposes the data into latent variables (LV) composed 

of a left singular vector (left-SV), a singular value and a right-SV. Permutation is used to 

assess statistical significance by resampling without replacement the subjects’ group 

assignment and a p-value is obtained by counting the number of permutations where the 

permutation singular value exceeded the original singular value. PLS yields a single p-

value for each LV, and accordingly does not require correction for multiple comparisons. 

Bootstrapping is used to measure the reliability of the features by resampling with 

replacement subjects within a group and taking the standard error (SE) of the bootstrapped 

left-SVs, then the original left-SV is divided by the bootstrap SE, and a bootstrap ratio is 

obtained. This ratio is presented as z-scores. The right-SV is termed the contrast, as it 

reflects the data-driven contribution of the groups or variables to the right-SV. 

In this study, two types of PLS were used. First, a mean-centered PLS approach was used 

to test for differences between groups (ELGA, VLGA, and Term). Accordingly, the 

contrast reflects the contribution of a group, the z-scores reflect the reliability of a given 

feature (a frequency-specific relative power value in a source location) and the p-value 

indicates the confidence in rejecting the null hypothesis of no group differences represented 

by the contrast.  

Second, a behavioral PLS approach was used assessing the correlation between brain 

features (frequency power at a location) and continuous variables (neurocognitive, 

neonatal, volumetric or intensity variables). In this case, the contrasts reflect the 
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contribution of each continuous variable, the z-score the reliability of a feature correlating 

with the set of variables, and p-values indicate the confidence in rejecting the null where 

the set of variables are randomly correlated with the features. To increase statistical power, 

in all the behavioral PLS analyses all the subjects from all the groups with information on 

the variable of interest were included in the analysis.  

To assess associations between neuroimaging measures and neurocognitive outcome at 

school age, 11 variables were included representing IQ, CBCL, BRIEF and BEERY 

subscales; in the intensity correlation, the included variables were thalamic intensity, 

cortical gray and cortical white matter mean intensities; for the volumetric PLS, the 

thalamic volume (TV) and cortical gray matter volume (CGV) ratio was obtained by 

dividing the former by the latter, to obtain the TV-CGV ratio. This was done to investigate 

associations between MEG power and TV not explained by CGV, as we hypothesized that 

decreased thalamic volume with increased cortical mass might better capture power 

changes across frequencies due to a reduction of thalamic cortical regulation relative to the 

amount of cortical neural mass. Cortical connections compensating deficits in thalamic 

connections could explain school-age very preterm delayed cortical thinning, a process 

where the brain optimizes communication by pruning unnecessary cortical synaptic 

connections (Mürner-Lavanchy et al. 2014).  

Given that the TV-CGV ratio correlation with power does not tease out the sole 

contribution of TV or CGV, the TV and CGV were correlated with the so called ‘brain 

scores’ from the mean-centered PLS analysis. The brain scores are the dot product of the 

subjects by features matrix with the left-SV, and it expresses the covariance between the 

subjects’ features and SV. Essentially, the PLS ‘brain score’ for each subject indicates the 

degree to which that subject contributed to the pattern observed in the group contrast. A 

significant correlation between a volume variable and the brain scores would provide 

evidence of their contribution to the mean-centered PLS group differences. 

Neonatal variables were not significantly correlated with power in the preterm group, and 

further analysis was conducted using linear regression to test if GA, sex, pain, morphine, 

number of days in ventilation, and illness (SNAP) were associated with TV-CGV ratio or 
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with thalamic intensity, which in turn were associated with power and explained the 

association with negative neurocognitive outcomes and group differences, respectively.  

 

5.4. Results 

5.4.1. Atypical resting neurophysiological activity in ELGA children  

A statistically significant group difference was found with a p-value < 0.05 reflecting 

ELGA vs. VLGA and Term. As illustrated in Figure 5.1, increased frontoparietal delta, 

frontal theta, and occipitotemporal gamma were observed in ELGA children relative to 

VLGA and Term (positive z-scores), whereas decreased in posterior areas in the alpha band 

and in frontal areas in the beta band were observed for the ELGA group (negative z-scores).  

 

 
Figure 5.1 Group differences in power across frequency bands 
 Plotted on the cortical surfaces are z-scores indicating the reliability of expressing the group contrast 
plotted on the top right. The contrast indicates ELGA>VLGA and term, thus red z-scores reflects higher 
power in the ELGA group. Statistical analysis was performed on an 8 mm spaced grid, for visualization 
purposes, the z-scores were interpolated onto cortical surfaces. N=99 
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5.4.2. Atypical resting activity associated with neurocognitive outcome 

We tested for associations between power and a set of 11 neurocognitive measures and 

rendered a p-value < 0.05 and a data-driven contrast reflecting negative outcomes (CBCL, 

BRIEF) vs. positive outcomes (IQ, BERRY). Higher delta and occipitotemporal theta 

(positive z-scores), and lower alpha, beta and gamma negative z-scores) was associated 

with higher negative outcomes and lower positive outcomes (Figure 5.2). Overall, poorer 

outcome was associated with increased power at slower frequencies and decreased power 

at faster frequencies.  

 

 
Figure 5.2 Correlation between power and neurocognitive measures 
Plotted on the cortical surfaces are z-scores indicating the reliability of expressing the correlation between 
the set of neurocognitive variables (explained in Methods section) and power. The bar graph contrast 
plotted on the top right indicates the correlation values for each of the variables and the whiskers indicate 
the 95% confidence interval. Confidence intervals not crossing the 0 line are considered significant. The 
contrast indicates negative > positive outcomes, thus higher power in red z-scores indicates higher negative 
outcomes and lower positive outcomes, i.e. lower or higher IQ, difficulties in executive functions and 
visual motor integration, conversely, lower powers represented in blue indicate lower negative and higher 
positive outcomes. Statistical analysis was performed on an 8 mm spaced grid, for visualization purposes, 
the z-scores were interpolated onto cortical surfaces. N=98 
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5.4.3. Atypical resting power associated with lower thalamic volume and 
intensity 

A significant association was found with a p-value < 0.05 between neurophysiological 

brain power and mean intensity variables. Figure 5.3 illustrate the results indicating that 

increased delta (frontoparietal), theta (frontal) and gamma (occipital) power, and wide-

spread decrease in alpha and beta power was associated with lower thalamic intensity (TI) 

and increased cortical gray matter intensity (CGI) and cortical white matter intensity 

(CWI). Interestingly, the z-scores distribution resembled highly the PLS group power 

differences and we correlated both z-scores and obtained a correlation value of r=0.7. 

 

 
Figure 5.3 Power correlation with normalized mean intensity measures 
Plotted in the cortical surfaces are z-scores indicating the reliability of expressing the correlation between 
the set of intensity variables (mean intensity in the thalamus (TI), cortical gray matter (CGI) and cortical 
white matter (CWI), explained in Methods section the correlation values for each of the variables, and the 
whiskers indicate the 95% confidence interval. The data-driven contrast indicates lower TI vs. higher CGI 
and CWI, thus higher power depicted by red z-scores imply smaller TI and higher CGI and CWI, and vice-
versa with blue z-scores. Statistical analysis was performed on an 8 mm spaced grid, for visualization 
purposes, the z-scores) and power. The bar chart contrast, plotted on the top right, indicates were 
interpolated onto cortical surfaces. On the bottom right, the TI values are plotted with a box plot for each 
group, horizontal lines indicate significance between groups, * = p-val <0.05. N=50 
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5.4.4. Associations between MEG power and volumetric measures 

For PLS purposes, it would be equivalent to correlate power with TV and CGV as two 

separate variables. However, taking the TV-CGV ratio as a single variable allowed further 

investigation of the relations with cortical power by taking the highest PLS z-score 

percentile and visualizing their scatterplot and best fit and with neonatal variables by doing 

linear regression.  

PLS significantly correlated power with the TV-CGV ratio with a p-value < 0.01. 

Decreased TV relative to the cortical volume of gray matter was associated with higher 

delta in general and theta in occipitotemporal areas, and lower alpha, beta and gamma 

(Figure 5.4). The z-score distribution was very similar to the PLS association with 

neurocognitive measures, when correlating both z-scores we obtained a correlation value r 

= 0.9. A posteriori, to tease out if the ratio reflects the contribution of both variables or if 

it is driven by the TV while accounting for CGV, Pearson correlation with either TV or 

CGV and the brain scores from the mean-centered PLS (group differences in power) was 

calculated. The correlation value for TV and brain scores was r=0.4 and a p-val < 0.01, 

while CGV correlation was not significant, suggesting the TV as the main contributor.  
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Figure 5.4 Power correlation with thalamic and cortical gray volumes ratio 
 Plotted in the cortical surfaces are z-scores indicating the reliability of expressing the correlation between 
the thalamic and cortical gray volumes (TV-CGV) ratio and power. The bar chart contrast, plotted on the 
top right, indicates the correlation value for the TV-CGV measure, and the whiskers indicate the 95% 
confidence interval. The contrast indicates > TV-CGV, thus higher TV-CGV is associated with higher 
power in red z-scores areas and blue z-scores with lower TV-CGV ratio . Statistical analysis was performed 
on an 8 mm spaced grid, for visualization purposes, the z-scores were interpolated onto cortical surfaces. 
On the bottom right, the TV-CGV values are plotted with a box plot for each group, horizontal lines 
indicate significance between groups, ** = p <0.01. N=50 

 

We explored the association between the average power from the 2.5% locations with the 

strongest z-scores in each frequency band. For each frequency, a scatterplot and the line of 

best fit for each group was plotted and correlated the ratio with the average power for all 

the participants and within group (Figure 5.5). The scatterplots and correlations indicate 

that the association of TV-CGV ratio and power is present across all frequencies and 

groups with the same effect direction, although, by combining all the groups higher 

statistical power is obtained.  

 



113 

 
Figure 5.5 Highest magnitude z-scores average power correlation with TV-CGV. 
Plotted in the cortical surfaces are the areas with the biggest absolute z-scores thresholded at 2.5%. For 
delta and theta frequency bands, the z-scores were negatively skewed, whereas in the other bands were 
positively skewed with predominantly more negative z-scores. The 2.5 tail from the skewed side (plotted 
on the brain surfaces) at each frequency were selected and their power averaged. This tail represents the 
most stable features with a marked directionality (lower or higher between groups). The averaged power 
was correlated with the TV-CGV ratio, for each group and in total, and plotted in a scatterplot. The lines in 
the scatterplot represent the best linear fit, and in the box legend the correlation and significance are 
presented, with *= p<.05, **= p<.01, ***= p<.001. In all the groups and frequencies, the direction of the 
association (positive or negative) is common across groups, power in ELGA tends to correlate more, but 
overall, the association with all the participants is highest. N=50 

 

5.4.5. Adverse neonatal experience associated with thalamic structure 

Two linear regressions were calculated to predict either the TV-CGV ratio or the TI based 

on neonatal variables. The model for the TV-CGV was not significant, whereas the TI 

significance was p<0.05, F(7,29)=2.65, , with R2 .37. Beta and p-values for the predictor 

variables are reported in  

Table 5.2. 
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Table 5.2 Linear regression for thalamic mean normalized intensity 
Model: TV-CGV   
 Beta  Sig.  
GA -0.104 0.616  
Sex -14.14 0.030  
Infection -1.084 0.063  
SNAP -0.009 0.729  
Morph -2.948 0.008  
Pain -0.064 0.954  
Sex*GA 0.487 0.027  

Predictor variables are gestational Age (GA), sex, GA*sex interaction, infection, illness severity (SNAP), 
cumulative morphine dose, number of skin breaking procedures (pain). P-values in red indicate statistical 
significance.  

 

5.5. Discussion 

This study examined relationships between frequency-specific power, structural alterations 

associated with the thalamus, adverse neonatal variables, and neurocognitive difficulties at 

school age that characterize children born very preterm. We found that relative power at 

rest in the extremely low gestational age (ELGA) group differed the most compared to the 

very low gestational age (VLGA) group and term control group, consistent with prior 

reports using overlapping samples investigating absolute power (Kozhemiako et al. 2018), 

and likely related to prior observation of reduced alpha connectivity during task 

performance (Doesburg, Whitfield, et al. 2010). Neurocognitive difficulties were 

associated with increased frontal and occipital delta, and occipital theta, as well as 

decreased power mostly involving frontal and occipital beta activity. Thalamic, cortical 

gray matter and cortical white matter intensities were associated with power and were very 

similar, in direction and spatially, to the group differences in power, differentiating ELGA 

from the VLGA and term groups, with a correlation between z-scores of r=.7. Similarly, 

the association between MEG power and the ratio thalamic/cortical volume revealed a 

spatial pattern very similar to that observed in the association between MEG power and 

neurocognitive difficulties. These similarities suggest that the thalamic intensity, 

accounting for cortical gray and white matter intensity, is a prominent structural correlate 
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of atypical power in the ELGA, and the thalamic volume, normalized by the total neural 

cortical mass, is a structural correlate of neurocognitive difficulties. Overall, this study 

provides novel evidence regarding the relationship between atypical spontaneous 

neurophysiological activity in preterms and structural thalamic alterations and negative 

outcomes at school age.  

The central hypothesis of this study was based on reports indicating thalamic volume 

reduction and thalamocortical alterations in children born very preterm (McQuillen and 

Ferriero 2006; Smyser et al. 2010b), on studies indicating the role of the thalamus as a 

regulator of cortical power through low frequencies (FitzGerald et al. 2013; 

Malekmohammadi et al. 2015; Ribary 2005), and on studies demonstrating the importance 

of the thalamus for higher-order cognitive processes (Mitchell 2015; Saalmann 2014; 

Sweeney-Reed et al. 2015). Based on this previous literature, we hypothesized that 

decreased thalamic volume might lead to frequency-specific alterations in spontaneous 

neurophysiological activity which would be associated with negative neurocognitive 

outcomes. Indeed, we found atypical power in the ELGA group marked by a relative 

increase at lower frequencies (delta and theta) together with a decrease at higher 

frequencies (alpha, beta, and partially gamma).  This pattern of altered resting 

neurophysiological activity was also associated, in general, with more negative outcomes. 

These results are consistent with the phenomena of ‘alpha slowing’, which is characterized 

by decreased alpha power and increased theta and/or delta power (Garcés et al. 2013; 

Hughes and Crunelli 2005; Llinás et al. 1999). This slowing has been associated with a 

decrease of inhibitory interneurons in the thalamus or a shift of inhibitory drive on the 

thalamus (Bhattacharya, Coyle, and Maguire 2011; Ribary et al. 2019). The results of the 

present study suggest that in ELGA children this may be structurally reflected with 

decreased gray matter intensity in the thalamus. This power imbalance seems to be already 

present in the neonatal period in preterm infants with a relatively higher contribution of 

low frequencies (Suppiej et al. 2017). Similarly, Doesburg et al. 2013, using a subset of the 

participants analyzed in the present study, found slowing of alpha peak, especially in the 

ELGA, in sensor-space during a visual-spatial memory task at age 7-8 years. In the present 

study, we show a source-space spatially-resolved characterization of atypical power, most 
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distinctly evident in children born extremely preterm, and the association with structural 

thalamic deficits and neurocognitive difficulties. 

In the analysis of associations between power and thalamic volume (TV) and intensity (TI), 

a priori, the cortical counterpart was included, i.e. cortical gray matter volume (CGV) or 

intensity (CGI), to account for power independent from thalamic alterations. Although 

decreased cortical thickness in preterms at school age has been reported (Lax et al. 2013; 

Ranger et al. 2013), very preterm birth is associated with neurodevelopmental problems 

reflected in slower neuronal optimization archived by pruning unnecessary synapses and 

strengthening necessary ones with myelination (Shaw et al. 2008). Longitudinal preterm 

studies have found that between 7 to 12 years of age there is decreased thinning of cortical 

gray matter volume indicating delayed cortical maturation driven by cortical thinning 

(Ment et al. 2009; Mürner-Lavanchy et al. 2014). In our study, while CGV was 

significantly reduced in the ELGA, we found that the ratio TV-CGV was also significantly 

decreased, indicating a relatively larger CGV. In relation to the thalamus, we hypothesized 

that reduced thalamic regulation, either by a smaller number of thalamic neurons or 

pathways, might lead to cortical dysfacilitation were more cortical synapses are needed to 

compensate for the reduced role of the thalamus in integrating cortical processing. This 

hypothesis would also account for the increase of delta and theta seen in the ELGA, as 

more low-frequency integrative processing in the cortex would be needed, and, assuming 

cortical integration to be less effective than the thalamic, it would also explain the 

correlation between neurocognitive difficulties and higher low frequency power.  

We expected to find a direct association between power and neonatal procedures, 

especially, pain (skin breaking procedures). However, at most, we found an indirect link 

with power by using neonatal variables as predictors of TV-CGV ratio or thalamic intensity 

(TI). While TV-CGV was not significantly associated with neonatal variables, TI reduction 

was predicted by morphine instead of pain, with a more pronounced effect on females. 

Gray matter intensity mostly reflects the amount of myelination or the amount of axonal 

mass in the cortical layer, while subcortical white matter intensity reflects cortical or 

subcortical axons. Thalamic gray matter intensity reflects the number of myelinated axons 

inside the thalamus, and thus it is a direct structural measure of the thalamus. Alterations 
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in myelination have been previously reported in preterm populations (Lubsen et al. 2011; 

Nossin-Manor et al. 2013), including in the thalamus (Eaton-Rosen et al. 2015), with early 

exposure to opioid affecting myelination (Sanchez et al. 2008). Nonetheless, the prediction 

of morphine by TI might also reflect its apoptotic effects in the thalamic neurons and 

microglia (Hu et al. 2002; McPherson and Grunau 2014). In this study, we provide 

evidence that a higher cumulative dose of morphine is a predictor of TI which, in turn, is 

associated with atypical spontaneous neurophysiological activity in ELGA children. This 

is consistent with previous findings on the adverse effects of high dosing of morphine in 

relation to hippocampal (Duerden et al. 2016) and cerebellar (Zwicker et al. 2016) growth 

on MRI in the neonatal period in a different cohort, and cerebellar growth in the current 

cohort at school-age (Ranger et al. 2015).  

One limitation of the present study is the limited sample size available for each group, 

imposed by the limited number of MRI scans available. It is necessary, however, to divide 

the very preterm children into ELGA and VLGA groups as prior research has demonstrated 

that alterations in spontaneous MEG activity are distinct for these populations 

(Kozhemiako et al. 2019).  It was not possible to further split the groups by gender to study 

specific sex differences of preterm birth structural alterations and brain activity as we were 

under-powered for this analysis due to limited availability of MRI scans.  We previously 

demonstrated cortical power and connectivity alterations associated with sex-specific 

preterm birth using an overlapping sample (Kozhemiako et al. 2020), and in the present 

study it is not possible to rule out the effects of sex differences between groups. Despite 

this limitation in sample size, the observations of the present study are novel and contribute 

to our understanding of structure-function relations as they pertain to school-age outcome 

in children born very preterm. Importantly, the data used in the present study is the largest 

dataset available, to our knowledge, that includes neonatal data together with school-age 

MEG and MRI, making it uniquely well positioned to address these questions. 

In conclusion, our findings present evidence linking atypical spontaneous 

neurophysiological activity at rest in children born very preterm, especially ELGA, at 

school age with neurocognitive difficulties, structural deficits related with the thalamus, 

and neonatal pain and morphine exposure. During the neonatal period following very 
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preterm birth, the thalamocortical system is going through critical developmental windows 

lending heightened susceptibility to disruptions which may lead to alterations lasting until 

school age and possibly beyond.  
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Chapter 6.  
 
Atypical structure-function relationships in ASD 

 

6.1. Introduction 

Previously, in Chapter 2 it was demonstrated that functional connectivity patterns in ASD 

are abnormal. The topography of brain networks is anatomically more variable, especially 

in the sensorimotor network (SMN) and in the Default Mode Network (DMN). The shifting 

implies that a given location in an individual with ASD could be functionally more 

connected to a network different from the group average, thus the function of a structure is 

more idiosyncratic in ASD. The idiosyncrasy, i.e. the number of vertices whose network 

label does not match the group mode label, was positively associated with ADOS in a 

multilinear regression, and ADOS communication was a significant independent predictor. 

However, only cortex-wide and SMN idiosyncrasies were associated with ADOS.  

The study in Chapter 3 characterized the ASD cortical development from 5 to 30 years 

using the highest order coefficient of a linear, quadratic and cubic model fitted in three 

atlases with different spatial granularity. It was found that the curvature of the quadratic 

model best predicted ASD development and in areas where group differences were the 

most reliable, the curvature was negative with an inverse U shape The curvature captured 

decreased thinning at earlier age, between 6 and 15 years of age, and then increased 

thinning until, at early adulthood, matching CT values in the TD group. A similar effect 

was found using the slope of the linear model, although given that it only expresses a 

constant rate of change, it captured decreased thinning in the ASD group. The areas where 

this effect was most pronounced involved frontal, tempo-parietal, and precuneus.  

Figure 6.1 illustrates the results from developmental trajectories in CT using a) the slope 

coefficient, b) the curvature, c) the ADOS association with the curvature and d) the cortical 

areas that significantly differed between groups in idiosyncrasy with red circles denoting 
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overlaps with curvature and ADOS with curvature association areas. As can be seen, areas 

in the DMN such as the PCC, medial PFC and angular gyrus, but not in the SMN greatly 

overlapped between the two studies. The results provided a better understanding of 

structural and functional alterations in ASD, however it still remained to be explored the 

relationship between structural and functional alterations in ASD. Specifically, if cortex-

wide, SMN or DMN idiosyncrasies contribute to atypical developmental trajectories in CT.  

 

 
Figure 6.1 Atypical CT trajectory shapes and ADOS association and RSNs 
functional idiosyncrasy results. 
Results indicating atypical CT using the A) slope and B) the curvature, and C) the association between the 
curvature and ADOS symptomatology. D) the ASD- TD differences in vertex-wise variability in cluster 
membership is illustrated and areas overlapping with the curvature or curvature correlated with ADOS are 
encircled in red.  

In this study, it will be tested if the curvature values of a quadratic model and idiosyncrasy 

interaction in the ASD group are significant predictors of CT. Previously, in Chapter 3, CT 

trajectory shapes were explored at different levels of spatial coarseness using three 

parcellation atlases, while at all levels CT over age in ASD had decreased thinning, the 

most fine-grained atlas provided a more focalized results, thus, in this study the Multimodal 
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Parcellation (MMP) atlas wit 360 areas will be used to test if CT within the parcellation 

areas are predicted by the interaction of the curvature (age^2), idiosyncrasies averaged 

cortex-wide, at the SMN and DMN, and group.  

 

6.2. Methods 

6.2.1. Participants and data 

The same cohort described in Table 2.1 was used to obtain three spatially averaged 

idiosyncrasies across the whole cortex (cortex-wide), SMN and DMN.  In brief, fMRI data 

were obtained from the Autism Brain Imaging Data Exchange I & II (ABIDE I & II) 

repository with 422 (69 females) participants with ASD and 424 (59 females) typically 

developing (TD) participants between 6-30 years of age. The same idiosyncrasy values 

from Chapter 2 are used here. CT values were averaged with areas of the Multimodal 

Parcellation (MMP) atlas. To remove inter-site variability, site effects were regressed out 

of the data using the full CT cohort described in Chapter 3.  

 

6.2.2. Analysis 

Age related idiosyncrasy 

To assess if the three idiosyncrasy measures are age dependent in ASD and TD, a 

generalized linear model (GLM) was used to test if age or age^2 are significant, with the 

formula:   

Idiosyncrasy	2,3	~	𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝑎𝑔𝑒 +	𝑎𝑔𝑒# 

Where l is the idiosyncrasy spatial level {cortex-wise, SMN, DMN}, and g the group. 

Given the multiple comparisons, p-values were FDR corrected.  
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Interactions between idiosyncrasy and CT curvature trajectories in ASD 

To further asses the relationship between atypical structure-function relationships in ASD, 

a GLM was used to test if the interaction of the curvature coefficient from the quadratic 

model and the idiosyncrasy, at different spatial levels, that differentiates ASD, significantly 

predicts CT at different areas of the MMP atlas. The model formula is as follows: 

𝐶𝑇(,2 	~	𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 +N(𝑎𝑔𝑒4 ∗ 𝑖𝑑𝑖𝑜𝑠𝑦𝑛𝑐𝑟𝑎𝑠𝑦2): 𝑔𝑟𝑜𝑢𝑝
#

41"

 

Where i corresponds to the MMP areas, l to the idiosyncrasy spatial level {cortex-wise, 

SMN, DMN}, the operator (*) indicating addition and interaction of the parameters, and 

(:) denoting the interaction effect. To assess how idiosyncrasy interacts with the curvature 

(age2) in the ASD group, the curvature:idiosyncrasy:group interaction was selected. The 

interaction is the product of its interacting parameters, given that group is binary and ASD 

= 1, the three-way interaction reflects the atypical curvature x idiosyncrasy effect in ASD 

with respect to TD. At each of the spatial level of idiosyncrasy, t-values and p-values of 

the three-way interaction from the MMP areas were extracted. After FDR correction, t-

values from significant areas were plotted. 

 

6.3. Results 

6.3.1. Age related functional idiosyncrasy at different spatial levels 

To test if there are developmental changes in idiosyncrasy, a GLM was fit to each of the 

group idiosyncrasies. The models only significantly fit in the ASD group for the cortex-

wise and the SMN. For cortex-wise the results were F = 3.92, dffactor = 422, dferror = 419, 

p<.05, with the predictors age T = -2.75, p<0.01, and age2 T = 2.78, p<0.01; and for the 

SMN, F = 5.38, dffactor = 422, dferror = 419, p<.01, with the predictors age T = -3.19, p<0.01, 

and age2 T = 2.8, p<0.01. For visualization purposes, on Figure 6.2 idiosyncrasies across 

age are plotted with best fit quadratic trajectory. 
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Figure 6.2 Age trajectory idiosyncrasy 
Idiosyncrasy plotted as a function of age. Idiosyncrasy represents the percentage of vertices matching the 
group label network. Cortex-wise is the percentage of all cortical vertices, somoatomotor and DMN from 
vertices in the SMN and DMN, respectively. A quadratic model was used to fit the trajectories of 
idiosyncrasy.  

 

Interactions between idiosyncrasy and CT curvature trajectories in ASD 

For each idiosyncrasy, the interaction between the curvature, idiosyncrasy and group at 

each of the MMP areas was selected. T-statistics from areas where p-values survived 

multiple comparison correction are plotted in Figure 6.3. The results indicate that the 

interaction between curvature and idiosyncrasy measures in the ASD are significant in 

areas of the SMN, such as central sulcus and motor preparation, and the DMN in the PCC, 

middle and lateral PFC, and TPJ. These results suggest that functional idiosyncrasy and 

atypical structural development of the cortex are intertwined processes. 

 
Figure 6.3 Significant areas were the interaction of curvature and idiosyncrasy in 
ASD are predictors of CT 
Areas plotted indicate that the three-way interaction is significant, and the colors represent the t-statistic 
value. This three-way interaction denotes that in the ASD the quadratic age coefficient and idiosyncrasy 
averaged A) cortex-wise, B) within the SMN and C) within the DMN positively interact. 
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6.4. Conclusions 

This study aimed at exploring the relationship between atypical functional relationships 

and developmental alterations of cortical maturation. Functional alterations were measured 

as the proportion of vertices in a subject that are functionally more in synchrony with a 

network different from the group. Cortical maturation was measured as the non-linear rate 

of cortical thinning captured by the highest order coefficient of a quadratic model. While 

previously, in Chapter 2 and 3, functional and structural alterations were investigated, here 

their relationships were explored. The results provide evidence that cortex-wide 

idiosyncrasy and in the SMN are age dependent and that atypical development of CT is 

significantly predicted by the interaction of the curvature, idiosyncrasies and group at 

different brain areas including the SMN and DMN. 

When exploring the age-related changes in idiosyncrasy, in the ASD, age significantly 

predicted changes in idiosyncrasy at the cortex-wide and SMN levels with an age-constant 

rate of decreased idiosyncrasy across age captured by a negative slope and with a U-shaped 

acceleration captured by a positive slope. Given that cortex-wide mostly captures 

idiosyncrasy in the SMN and DMN, the results probably capture age-related changes in the 

SMN and suggest that there is a developmental re- arrangement of the SMN. Motor deficits 

and sensory alterations have been reported to be more prevalent in younger children, 

including motor apraxia, hypotonia, gross motor delay, sensation seeking, and hyper and 

hypo sensitivity (Ben-Sasson et al. 2009; Ming, Brimacombe, and Wagner 2007; Minshew 

et al. 2004; Stins et al. 2015). Age-related changes in the SMN with decreased idiosyncrasy 

over age might reflect sensory alterations at younger age.  

The relationship structure-function in ASD provided in this study indicates that there is a 

spatial overlap between functional idiosyncrasy and atypical CT maturation. Although CT 

development in the SMN was not significantly different in the ASD group, when exploring 

the interaction of age with SMN idiosyncrasy, it revealed structure-function alterations 

associated with areas beyond the SMN. While the three-way interaction in the cortex-wise 

idiosyncrasy captured mostly central sulcus, posterior parietal, lateral prefrontal, precuneus 

and visual areas, the SMN idiosyncrasy was more prevalent in the central sulcus, DMN 
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and visual areas, and the DMN involved more strongly areas of the DMN but also areas in 

the SMN. This suggests that SMN and DMN idiosyncrasies interaction with age that 

characterizes ASD, although predicting more its own network areas, it also predicts CT 

development of other areas. This generalized prediction suggests that atypical structure-

function relationships are not constrained to specific brain networks, instead it is a complex 

interaction of atypical structure-function relationships.  

The evidence provided indicate that developmental trajectories of CT in ASD are atypical. 

Specifically, cortical thinning is decreased in ASD in a period were the brain undergoes an 

optimization process were exuberant neural synapses are reduced. During the first years of 

life, synaptogenesis is a key mechanism that plays a vital role in learning, memory 

formation and adaptation. It provides the plasticity needed to mold neural circuitry based 

on the cognitive demands that children require to succeed in their daily tasks. Although 

synaptic pruning is influenced by genes (Goyal and Raichle 2013), it is an activity 

dependent process (Chechik et al. 1999; Paus, Keshavan, and Giedd 2008). Synapses that 

are often used are strengthen and the less active are weakened an ultimately recessed. RSN 

idiosyncrasy in ASD might lead to a brain organization that requires a more widespread 

number of neural circuits. Inhibition-excitatory imbalances in ASD have been reported as 

a distinguished feature (Kessler et al. 2016), and, speculatively, atypical oscillatory activity 

in ASD could tap on a higher number of synapses whereas in TD the neural activity  would 

be constrained to a smaller amount of synapses. This could potentially explain the 

decreased slowing of cortical thinning. Another possibility could be that thalamo-cortical 

disruptions, similar to children born preterm, lead to a higher dependence of cortical 

activity instead of thalamic, thus weakening of cortical synapses is diminished. The present 

study, however, does not address the suggested hypothesis on the cause of cortical thinning 

and idiosyncrasy but provide evidence that structural alterations measured by CT interact 

with functionally more idiosyncratic RSN.    

Overall, the results from this study provide evidence of the relationship between atypical 

network-wise functional communication and altered cortical development. While a great 

spatial overlap between structural and functional alterations was found, the relationship 

also extended to other areas, indicating that it is an interwoven effect where structural or 
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functional alterations in one area are reflected in other areas. This was evident in the SMN, 

while no developmental structural alterations were found, functional idiosyncrasy 

predicted development in SMN areas and, in addition, to other areas in frontal, occipital 

and temporal cortices.  
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Chapter 7.  
 
Summary 

7.1. Structural and functional alterations in ASD 

The study in chapter 2 investigated RSNs variability in ASD and how it is associated with 

ADOS symptomatology. A Von Mises-Fisher clustering algorithm was used to cluster 

Functional connectivity (FC). It projects high-dimensional data to a hypersphere composed 

of evenly spaced seed-vertices dimensions and populated by the FC of the seeds and the 

rest of the cortical vertices. This clustering algorithm has been suggested to be a sensitive 

method for discovering information sharing clusters in high dimensional data (Banerjee et 

al. 2005). Previously Yeo et al. (2011) demonstrated the organization of brain networks 

with this algorithm, and a similar approach was used to investigate RSN variability in ASD. 

Namely, 7 networks clustering was carried at the subject level with one of 7 cluster labels 

assigned to a vertex. Then, the group mode at each vertex was taken to obtain a group mode 

RSN map and the number of vertices per subject that matched the group mode label was 

measured. A Chi-squared statistical test was used to assess group differences in the number 

of vertices matching the group mode across the whole cortex and within RSN. 

 Figure 2.2 plotted the similarity maps for the ASD and TD groups, these maps represent 

the percentage of subjects matching the group label at a given vertex. In general, between 

groups the similarity maps were very similar, except in the somatomotor network (SMN) 

and the default mode network (DMN). Decreased similarity in ASD was more visually 

noticeable in the DMN PPC, midline PFC, anterior temporal lobe and around the central 

sulcus. Importantly, the number of vertices recruited by RSN was not significantly different 

between groups, thus decreased similarity was not caused by a shrinkage of the spatial 

extent of an RSN. When statistically assessing differences in variability with a Chi-

squared, these areas had reduced intersubject similarity in the ASD group compared to TD, 

with some vertices having more than 27% reduction in the number of subjects matching 

the group label. This intersubject dissimilarity was referred as increased idiosyncrasy, an 

effect that can bias the group mean not due to increased or decreased connectivity but to 
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functional spatial shifting. For example, functional connectivity analyses in ASD might 

suggest a decreased group mean with respect to the TD group, however, the results 

presented in Chapter 2 warrants precaution in such findings. Spatial displacement of RSN 

can lead to a regression of the mean where RSN topology misalignments can reduce the 

group average or displaced functional areas with high FC might lead to increased 

connectivity results in the ASD, albeit, functionally the ASD and TD areas are distinct. 

Symptomatology, as measured with ADOS, was positively correlated with idiosyncrasy 

averaged at the cortex-wise level and in the SMN, but not in the DMN. ADOS social score 

was the most predictive variable for cortex-wise level and SMN idiosyncrasy. Although, 

the underlying reason of the absence of significant correlation with DMN is not clear, ASD 

deficits in motor coordination (Fournier et al. 2010), somatosensory alterations (Khan et 

al. 2015), social communication (Poon et al. 2012) and theory of mind (Dapretto et al. 

2006) involve the SMN and DMN, and the results demonstrates atypical functional 

recruitment of brain areas by the SMN and DMN. The presented framework of 

idiosyncrasy indicates that topological functional misalignments can help to better 

understand the neurofunctional underpinnings of ASD deficits by reconciling apparently 

divergent studies of FC in ASD reporting different connectivity results.  

While Chapter 2 explored functional relationships between brain regions, Chapter 3 

explored atypical development of the cortical mantel at different brain regions. Between 

childhood and early adulthood, the brain undergoes process where neural synapses are 

pruned to optimize brain communication and energy consumption. Neural pruning is 

captured by an age-related thinning of the cortical ribbon and measured as the distance 

between the white matter and pial surface. To assess alterations in the rate of changes in 

cortical thickness (CT) in ASD a linear, quadratic and cubic model were fitted to CT values 

averaged within areas of three atlases with different levels of spatial granularity and the 

highest order coefficient of a model was used to describe the trajectory shape. A 

bootstrapping approach with replacement was used to create ASD and TD subgroups and 

generate estimates of trajectory shapes. The slope, curvature and aberrancy were extracted 

from the linear, quadratic and cubic models, respectively. For each group, 80 subgroups 

were created, and trajectory shapes were estimated at each area of the atlases. The trajectory 

shapes were tested for between groups statistical differences using mean-centred Partial 
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Least Squares (PLS), for subgroup mean ADOS associations using behavioral PLS, and 

their ability in predicting ASD against TD development was tested using a support vector 

machine. 

It was found that ASD development differed in the rate of cortical thinning. The slope, 

indicating a constant rate of thinning, was more positive in the ASD, and the curvature, 

reflecting the accelerated rate of changes, was more negative. These effects were found at 

the cortex-wide, anatomical and fine-parcelled levels. The curvature was the most sensitive 

in capturing atypical ASD development and it was more atypical in in frontal and tempo-

parietal areas involving areas of the DMN. While in TD the cortex becomes thinner with 

an inverted U-shaped trajectory using a quadratic model, in the ASD, on average, the U-

shape is inverted denoting an early decreased thinning and increased later on until 

converging with TD CT values in early adulthood. The atypical curvature trajectory shape 

was correlated with ADOS, with higher symptomatology associated with more negative 

curvature. Exploring correlations in all the cortical areas of an atlas (MMP), the areas 

correlating the most converged with the areas found in the group differences analysis. In 

addition, when measuring the predictability of the slope, curvature and aberrancy, the 

curvature was statistically a more accurate and sensitive measure for detecting ASD 

development with a classification of around 80%. The results provided in this study 

demonstrated atypical rates of cortical thinning, specifically, a decreased thinning, that is 

a good predictor of ASD and associated with symptomatology.  

After investigating separately functional and structural alterations in the ASD, it remained 

to be studied if these alterations are associated. While in Chapter 2 ASD alterations in 

functional relationships between areas in the SMN and DMN were reported along with the 

SMN being associated to ASD symptomatology, Chapter 3 provided evidence of altered 

structural developments of the cortex that included areas of the DMN, and such alterations 

were associated with ASD symptomatology. However, functional alterations in the DMN 

were not associated with ADOS, and structural alterations were not found in the SMN. As 

illustrated in Figure 6.1, the most reliable areas expressing group differences between a) 

slope, b) curvature, and c) ADOS and curvature association values spatially overlapped 

with d) significantly reduced group matching areas in the ASD. It can be seen a spatial 
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overlap between altered CT trajectory shapes and RSN idiosyncrasy maps in areas of the 

DMN such as the PCC, medial PFC and angular gyrus, but not in the SMN, the 

idiosyncrasy captured in the SMN could be structurally associated with CT development. 

To test if CT age-related changes in CT are associated with idiosyncrasy, Chapter 6 

investigated the idiosyncrasy effects in age and its interaction with the curvature of CT 

trajectories. Idiosyncrasy was averaged cortex-wise, at the SMN and the DMN and these 

three measures were used in Chapter 6 analyses. First, a quadratic model with age 

coefficients was fit at each of the idiosyncrasies to test if there are age-related effects. Then, 

taking the areas of the MMP atlas, it was tested if the curvature, idiosyncrasy, and age 

interactions were significant predictors of CT.    

The results of Chapter 6 indicated that idiosyncrasy at the cortex-wide and SMN levels 

significantly change in the ASD group, with lower idiosyncrasy as a function of age. Based 

on previous literature, it was suggested that this could reflect higher motor difficulties and 

sensory alterations at early ages in ASD. The three-way interaction between curvature, 

idiosyncrasy and ASD, indicated that areas statistically significant after FDR correction 

overlapped SMN and DMN areas. Although the corresponding areas of the SMN and DMN 

idiosyncrasies had higher t-statistic values, both idiosyncrasies interaction with the 

curvature coefficient involved areas beyond the network. This suggested that structure-

function alterations rather than being a local effect, it is a complex interaction between 

atypical functional communication that are associated with atypical structural development 

of areas beyond the functionally altered.  

 

7.2. The structure-function impact of preterm birth at school-age 

The cohort of preterm children studied in Chapter 4 and 5 had no overt brain lesions or 

major co-morbidities such as cerebral palsy or down-syndrome associated with preterm 

birth. Nonetheless, preterms had poorer neurocognitive outcomes, especially ELGA, with 

lower scores in perceptual reasoning, working memory, visual-motor integration and 

reduced reaction time during cognitive tasks. This thesis aimed at understanding the 
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relation between more negative outcome in children born preterm, atypical functional 

oscillatory activity and structural alterations, particularly in the thalamus. As discussed in 

the introduction and Chapter 4 and 5, preterm birth occurs at a critical developmental 

period when the thalamocortical system is being consolidated, the results of this thesis 

support the hypothesis that structural alterations underly atypical oscillatory activity and 

synchrony that are associated with neurocognitive difficulties.  

Chapter 4 explored the neuromagnetic functional fingerprints of preterm birth. Functional 

connectivity and oscillatory power differences were tested between ELGA, VLGA and 

Terms. Given that estimated brain activity from MEG source reconstruction is ill posed 

and activity from a location leaks into close neighbours, an MCMV beamformer was used 

to silence the activity of one area onto another area while reconstructing their mutual 

activity and estimate connectivity. This approach was demonstrated to improve brain 

connectivity estimation in Nunes et al. (2019). The connectivity analysis in Chapter 4 

indicated that children born extremely preterm have increased theta oscillatory synchrony 

in frontal areas, involving mostly frontal-frontal and frontal-parietal areas. Oscillatory 

activity, in terms of absolute power in an area of an anatomical atlas, was found to be 

decreased overall with lower absolute power in the ELGA compared to VLGA and Terms, 

localized mostly in mid-line areas, such as the cingulate cortex, and the temporal lobe. 

These effects were reflected behaviourally with a positive association between poorer 

cognitive-behavioral outcomes and increased theta connectivity and decreased overall 

absolute power. In addition, adverse neonatal experience was found to be associated with 

oscillatory activity, indicating that lower GA, higher morphine, pain procedures and illness 

severity, leads to, or at least is correlated with, atypically increased theta synchronization. 

No evidence was found between oscillatory power activity at different frequency bands 

and adverse neonatal experience. 

Chapter 5 conducted a detailed analysis of frequency-specific relative power in children 

born preterm and its relationship between structural alterations related with the thalamus 

along with how relative power and thalamic structural “deficits” are associated with 

adverse neonatal experience and neurocognitive outcome. Relative power, reflecting the 

contribution of a canonical frequency band into the power spectrum, was estimated at 
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points in a 3D grid in the brain. Statistical analysis revealed that ELGA compared to VLGA 

and Terms, had higher slow-frequency and lower faster-frequency power, with some 

increase in occipital-temporal gamma. The slower frequencies, namely delta and theta, had 

higher power in the ELGA mostly in the frontal and parietal lobes, whereas alpha was 

decreased mostly in parietal and occipital regions and beta in the prefrontal cortex. The 

association between neurocognitive measures and power indicated that poorer outcome 

was associated with higher cortex-wise delta, occipital theta, and decreased occipital alpha 

and lower cortex-wise beta. Aiming at depicting the structural correlates of atypical power 

in ELGA, the thalamic intensity (TI) along with cortical gray and white matter intensities 

were correlated with power. Similarly, the thalamic volume and cortical gray matter 

volume (TV-CGV) ratio were also correlated with frequency-specific power. These 

structural association results provided a strong evidence indicating that the TI is the 

structural correlate of the atypical power characterizing ELGA and the TV-CGV ratio the 

structural correlate of the power profile associated with negative outcomes in preterm. TI 

and power cortical z-scores were correlated with an r=.7 and the TC-CGV with an r=.9. 

Although the TI ratio was not correlated with neonatal variables, a multi-linear regression 

indicated a significant association between TV-CGV and neonatal variables, with 

morphine expose, sex and sex:GA interaction being significant predictors. Similar to 

absolute power, no significant associations between relative power and adverse neonatal 

experience were found.  

 As discussed in Chapter 1 introduction, the thalamocortical system is crucial for 

cognition. Although the intra-thalamic loops do not have excitatory synapses, and without 

excitatory circuitry mental representations cannot be sustained, the thalamus acts as an 

orchestra director that despite not producing music, directs ensembles of musicians that 

gives rise to a symphony of synchronized oscillations that characterize cognition. In 

preterm birth, disruption of the thalamic system, leading to neural apoptosis, thalamo-

cortical axonal growth alterations and premature sensory-driven organization of brain 

circuits, can lead to long-term cognitive and behavioral deficits. Concretely, the ATG-

switch mechanism of the thalamus slows alpha oscillatory activity, which has an inhibitory 

role, to the theta frequency range, which modulate increase of local gamma, leading to a 

higher state of arousal that interfere with task-related brain synchrony.  
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7.3. Conclusions 

The five studies presented in this thesis aimed at investigating the atypical structure-

function relationships in ASD and children born preterm. Although both populations have 

different etiologies and symtomatologies or deficits, both are characterized by a 

neurodevelopmental disruption. While in children preterm this disruption is temporally 

very focal, involving the last weeks of foetal development, in ASD it is temporally diffuse, 

involving decreased cortical thinning at younger ages. Due to the neurodevelopmental 

disruptions in these populations, a structure-function approach was used to bring a more 

unified understanding of the neural underpinnings and behavioral correlates that 

characterize preterms and ASD populations.  

The structure-function alterations in preterm born children reported in this thesis provides 

a deeper and more cohesive understanding of the associated risks of preterm birth and 

alterations in ASD. ELGA has been characterized by increased functional connectivity in 

the theta band associated with neonatal experience, and with an imbalance of increased 

slower-frequency and decreased faster-frequency oscillatory power, and by a structurally 

decreased mean intensity and volume of thalamus, relative to the cortex, that is associated 

with atypical oscillatory power and negative cognitive outcomes at school age. These 

structure-function alterations provide a window to understand the developmental 

disruptions, caused by premature birth and neonatal experiences, and the remnant sequelae 

present at school age. The work of this thesis demonstrates the interplay, and likely causal, 

relationship between adverse neonatal experiences, structural alterations, oscillatory 

activity and brain synchronization that underpins behavioral and cognitive deficits from 

which preterms, especially ELGA, are at higher risk. In ASD, the results suggest that 

functional alterations measured by a spatially more variable neural synchronization might 

be originated, or at least associated, with atypical rates of maturation of the cortex in a 

period of major reorganization where number of neural synapses is reduced to optimize 

brain circuitry and enhance higher-order cognitive functions. 
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Overall, the structural alterations of both populations are partially activity-dependent. 

Disruption of preterm birth is caused mainly by a premature exposure to sensory driven 

stimulation, and higher sensitivity to pain can drive neural apoptosis and axonal migration 

or formation disruptions, especially in the thalamic-cortical system. Whereas in ASD, 

notwithstanding possible genetic factors, neural-pruning is driven by activity-dependent 

neural activity. For both populations, oscillatory activity is atypical and, giving the 

importance of the thalamic-cortical system is regulating oscillatory activity, it might be 

impacted with preterms being more pronounced in the thalamus and in ASD more reflected 

in the cortex. The understanding of atypical relationships between structural and functional 

alterations, which ultimately leads to symptomatology or behavior deficits, can provide a 

guidance to improve neonatal care in preterm babies and neurocognitive treatments at early 

ages in ASD aiming at mitigating the impact of the neurodevelopmental disruptions herein 

discussed that lead to atypical structure-function relationships. 
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