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Abstract 

Traditional pain neuroimaging research has predominantly focused on 

regional brain activation, while emerging evidence indicates that pain percep-

tion and chronification are mediated by dynamic interactions across large-scale 

brain networks. Electroencephalography (EEG) is ideal for studying these inter-

actions, yet existing studies show inconsistent findings due to lack of methodo-

logical rigour and unified framework linking experimental to clinical pain.  

This thesis employs network-based statistics and graph theory to char-

acterise the brain network organisation of pain and further validates transla-

tional applicability via machine learning. Using the debiased weighted phase 

lag index (dwPLI, a functional connectivity measure resistant to volume con-

duction artefacts) alongside multi-layer graph construction, this thesis ad-

dresses methodological discrepancies (absolute vs. relative comparisons; 

eyes-open/EO vs. eyes-closed/EC states) and investigates alpha-band reor-

ganisation. Three studies are presented: (1) tonic experimental pain in healthy 

volunteers; (2) short-term neuroplasticity reflected by resting-state reconfigura-

tions pre-/post-sensory stimulation; and (3) resting-state EEG dynamics be-

tween chronic pain (CP) patients and healthy controls (HC).  

Global network inferences (GNIs) revealed a continuum of pain-related 

network reorganisation. Tonic pain shifted brain networks from segregation to 

adaptive integration, whereas post-stimulation rest facilitated segregation, re-

flecting adaptive neural plasticity. In contrast, CP was characterised by a mal-

adaptive signature of increased integration and diminished small-worldness, 
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which was driven primarily by the chronic back pain subgroup. Crucially, this 

core signature was consistent across EO and EC states. The support vector 

machine classifier demonstrated the high diagnostic potential of GNIs, with 

classification performance yielding AUC-ROC values of 0.94 (tonic pain), 0.88 

(pre-/post-stimulation), and 0.91 (CP vs. HC). Methodologically, integrating ab-

solute and relative comparison methods with multimodal EO/EC protocols was 

found to optimise biomarker detection.  

Overall, this thesis fosters the methodological identification and valida-

tion of GNI-based biomarkers that bridge experimental and clinical pain, estab-

lishing a network-based framework for understanding pain chronification and 

providing a foundation for objective subtype-specific pain diagnostics. 
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Chapter 1 

General introduction 

 

This chapter introduces the background and primary objectives of this research 

programme. It critically reviews the current landscape of chronic pain biomarker 

research, highlighting the promise of EEG and network neuroscience ap-

proaches while also delineating the specific methodological gaps that this thesis 

seeks to address. Furthermore, the foundational methodology, centred on 

graph theory and functional connectivity analysis of EEG data, is explained. 

Finally, the chapter presents the specific research questions derived from this 

review and provides an outline of the subsequent chapters to illustrate the struc-

ture of the empirical investigations. 
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1.1. Background and theoretical framework 

Chronic pain is a significant public health issue, affecting over 30% of 

the global population (S. P. Cohen et al., 2021). Its burden is significant, en-

compassing not only personal suffering and diminished quality of life but also 

substantial socioeconomic costs through healthcare expenditure and produc-

tivity loss (Phillips, 2009). The International Association for the Study of Pain 

(IASP) defines chronic pain as "an unpleasant sensory and emotional experi-

ence associated with, or resembling that associated with, actual or potential 

tissue damage" (Raja et al., 2020). This definition underscores its dual nature 

as both a sensory and an emotional phenomenon, a complexity that is central 

to the chronic pain experience. 

Converging evidence from neuroimaging and neurophysiology has firmly 

established the central role of the brain in the development, maintenance, and 

perception of chronic pain (Kucyi & Davis, 2015; Ploner et al., 2017). This 

recognition has catalysed the search for brain-based biomarkers, which hold 

the promise of revolutionising clinical practice. Such biomarkers could offer ob-

jective measures to inform diagnosis, guide personalised treatment decisions, 

track disease progression, and serve as robust endpoints in clinical trials (Davis 

et al., 2020; Tracey et al., 2019; Woo & Wager, 2015). Indeed, a growing body 

of research has identified various potential brain signatures of both experi-

mental and chronic pain, with profound implications for both basic science and 

clinical applications (Bott et al., 2025; Eldabe et al., 2022; Tu et al., 2021; 

Zebhauser et al., 2023).  
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Despite this promise, the translation of these findings into clinically useful 

tools has been markedly limited. The identification of consistent, reliable bi-

omarkers for chronic pain is fraught with challenges. A primary obstacle is the 

heavy reliance on subjective self-report, which is inherently variable and can be 

influenced by a multitude of psychological and contextual factors. Furthermore, 

the heterogeneity of chronic pain conditions, coupled with the involvement of 

multiple, distributed brain networks, complicates the identification of a unified 

brain signature (Eldabe et al., 2022; Van Der Miesen et al., 2019).  

A significant methodological shortcoming lies in the experimental model 

of pain. Frequently, pain biomarkers are derived from studies of healthy individ-

uals exposed to transient, phasic pain stimuli (e.g., brief thermal or mechanical 

stimuli) that are physiologically and phenomenologically detached from the per-

sistent, complex nature of clinical chronic pain (Vigotsky et al., 2024). Conse-

quently, there is a critical need to identify general biomarkers that bridge the 

translational divide between well-controlled experimental pain models and the 

lived experience of clinical pain populations. 

Moreover, even within experimental paradigms, significant confounding 

variables are often inadequately controlled. For instance, the salience or unex-

pectedness of a stimulus is rarely disentangled from the pure nociceptive re-

sponse (Hu & Iannetti, 2016; Iannetti et al., 2008). Therefore, the field requires 

active control conditions that match cognitive demand without inducing pain, 

enabling the dissociation of pain-specific effects from task-related processes 

(Seminowicz & Davis, 2007; K. Wang et al., 2021). 

Compounding these issues is the inherent difficulty of modelling chronic 

pain in human experimental settings. Chronic pain persists for months or years, 



20 

 

 

 

a timescale that cannot be feasibly or ethically replicated in the laboratory. Fur-

thermore, chronic pain is frequently accompanied by psychological comorbidi-

ties such as depression, anxiety, and catastrophising, which alter brain function 

and structure. This complex pathophysiology cannot be expected in healthy 

control participants, thereby limiting the generalisability of findings from experi-

mental models in healthy volunteers. 

In light of these challenges, this thesis seeks to advance the understand-

ing of the brain's role in chronic pain by addressing specific methodological 

gaps in the current literature. Through a series of interconnected studies, we 

aim to identify brain signatures that are generalisable across both experimental 

and clinical chronic pain states by developing and validating novel electroen-

cephalography (EEG)-based brain network characteristics within a generalisa-

ble framework of pain-related network dynamics. 

It is hypothesised that a more nuanced, network-based approach to 

studying brain activity will pave the way for more robust and clinically relevant 

biomarkers. Ultimately, a refined understanding of the neural underpinnings of 

chronic pain is a critical prerequisite for developing novel, effective approaches 

for its diagnosis, prediction, and treatment. 

1.1.1. Pain-related brain organisation 

Converging evidence from neuroimaging confirms that chronic pain is a 

disorder of brain networks, characterised by widespread structural and func-

tional alterations (Apkarian et al., 2011; Bak et al., 2021; Baliki & Apkarian, 

2015). The perception of pain activates a distributed set of brain regions, in-

cluding the primary and secondary somatosensory cortices, insula, and anterior 

cingulate cortex, often collectively termed the "pain matrix" (Apkarian et al., 
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2005). However, this so-called "pain matrix" is not pain-specific. Functional 

magnetic resonance imaging (fMRI) studies have shown that it can be activated 

in pain-free individuals (Salomons et al., 2016) as well as in healthy participants 

by salient stimuli from other sensory modalities (Hu & Iannetti, 2016; Iannetti & 

Mouraux, 2010; Mouraux et al., 2011). Specifically, the activation pattens of 

such nociceptive stimuli were largely overlapping with other sensory stimuli, 

such as non-nociceptive somatosensory, visual, and auditory ones (Mouraux et 

al., 2011). 

Although lacking specificity, this term highlights the distributed, large-

scale brain activation pattern that integrates across regions supporting soma-

tosensation, affect, cognition, and attention during pain processing. This shift 

towards understanding pain through functional connectivity and global network 

properties has led to concepts such as the "dynamic pain connectome" (Kucyi 

& Davis, 2015, 2017), emphasising the spatiotemporal dynamics of pain-atten-

tion interactions. Additionally, a growing literature characterises chronic pain 

through alterations in functional connectivity and network topology (Baliki & Ap-

karian, 2015; Farmer et al., 2012; Huang et al., 2019; Kuner & Flor, 2017). 

A broader conceptualisation, the "pain supersystem" (PS), proposes that 

nociceptive-related systems become increasingly integrated with brain regions 

important for attention, consciousness, memory, and affect (Zheng et al., 2020). 

The PS demonstrates that noxious heat induces reorganisation characterised 

by increased somatosensory network connectivity with frontoparietal, ventral 

attention, basal ganglia, and brainstem regions. Conversely, innocuous stimu-

lation maintains organisation resembling resting-state conditions, indicating 

minimal network reconfiguration. 
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The emergence of the PS has been further validated in studies involving 

both healthy participants under sustained pain and individuals with chronic pain 

(Lee et al., 2021). This research utilising capsaicin-induced pain models 

demonstrates that somatomotor-dominant functional communities expand by 

incorporating subcortical and frontoparietal regions. This reconfiguration forms 

a distinct pattern of dynamic connectivity, termed the Tonic Pain Signature 

(ToPS). Crucially, the ToPS not only predicts subjective pain intensity in exper-

imental settings but also successfully forecasts ongoing clinical pain in chronic 

pain patients and differentiates them from healthy controls. These findings illu-

minate the significant translational potential of tonic pain paradigms, revealing 

a common neural substrate that bridges transient experimental stimuli and the 

persistent experience of chronic pain (Ploner & Tiemann, 2021). 

In summary, pain-evoked reorganisation occurs across large-scale con-

nectivity and involves dynamic interaction between multiple brain networks (Lee 

et al., 2022; Mano & Seymour, 2015). Although such reorganisation has been 

proposed as a bridge between tonic experimental and chronic pain, detailed 

characterisation remains incomplete, particularly using modalities beyond fMRI. 

Furthermore, to quantify network-level communication more precisely, more ad-

vanced methodology must be adopted, particularly from network neuroscience 

(Avena-Koenigsberger et al., 2018; Barabási et al., 2023). 

1.1.2. Brain organisation from a graph-theoretical perspective 

Graph theory provides a powerful framework to quantify such brain net-

work organisation. Nodes represent brain regions, and edges reflect functional 

connectivity, allowing computation of global network inferences (GNIs) to quan-

tify graph properties which capture the balance between segregation (e.g., 
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global clustering coefficient, Gcc) and integration (e.g., global efficiency, Geff) 

in brain function (Bullmore & Sporns, 2009; Sporns, 2013). In particular, the 

brain network represents complex properties, such as small-worldness (Sw), 

modularity (Mod) and highly connected hubs, which are of high relevance to its 

function. These graph-theory-based measurements assess global and local in-

formation transmission as well as the properties of individual nodes, clarifying 

the inter-relationships between different brain regions and highlighting key pain-

related networks and core targets. 

Studies of the PS have revealed a reduction in Sw and increased Gcc. 

Moreover, network hubs were reorganised (“hub disruption”), with a greater pro-

portion of hubs located within the PS and a shift from “connector” hubs linking 

disparate networks to “provincial” hubs connecting regions primarily within the 

PS. Multicentre research on chronic pain patients (Mano et al., 2018) also sup-

ports several global network changes in chronic low back pain patients, includ-

ing reduced Gcc and betweenness centrality (the incidence of “connector nodes” 

that link multiple networks). Together, these pain-related connectivity studies 

point to increased integration within large-scale functional networks and cross-

talk among networks, alongside reduced functional specialisation in chronic 

pain. 

However, a systematic review indicated that while GNI differences exist 

between chronic pain patients and healthy controls, the overall findings remain 

mixed (Lenoir et al., 2021). Some fMRI studies have reported increased Gcc 

and reduced Sw and Mod in chronic pain patients (Huang et al., 2019; Qi et al., 

2016) and in healthy participants responding to sustained noxious stimuli 

(Zheng et al., 2020). In contrast, chronic low back pain patients exhibited 
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decreased Gcc (Mano et al., 2018). Decreased Sw, along with declined Geff, 

has also been summarised in a review of neuropathic pain studies (Xin et al., 

2024). 

While fMRI studies have provided a rich but mixed set of results from a 

graph-theoretical perspective, corresponding EEG studies are rare and have 

also yielded controversial or negative findings (Pinheiro et al., 2016; Zebhauser 

et al., 2023). One cross-sectional study found a decrease in Geff in gamma 

frequencies in patients with chronic pain compared with healthy controls (Ta 

Dinh et al., 2019). In a longitudinal study examining changes in brain activity 

following multimodal pain therapy, a correlation between pain decrease and an 

increase in theta band Geff was observed (Heitmann et al., 2022). Inconsisten-

cies are also present in experimental EEG studies using different connectivity 

measures; for instance, even within the same dataset, no significant Gcc or 

Geff differences were observed when using phase-locking value, whereas sig-

nificant Gcc increases during pain emerged using the debiased weighted phase 

lag index (dwPLI) (Nickel et al., 2020). 

In summary, while graph-theoretical approaches have revealed promis-

ing but inconsistent findings across imaging technologies, there is a clear need 

for systematic investigation using refined EEG-based network metrics capable 

of capturing pain-related network dynamics. 

1.1.3. EEG biomarkers in chronic pain 

EEG presents a particularly appealing modality for establishing chronic 

pain biomarkers due to its safety, cost-effectiveness, broad availability, and po-

tential for mobile application (Chen, 2021; J. A. Kim & Davis, 2021). Further-

more, an EEG-based marker could not only aid in diagnosis and classification 
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but might also serve as a direct target for novel therapeutic strategies, such as 

neurofeedback (Sitaram et al., 2017) or non-invasive brain stimulation tech-

niques (Polanía et al., 2018). 

Research has explored various EEG features for this purpose, including 

evoked responses, spontaneous oscillations, and functional connectivity 

(Ploner & May, 2018). A systematic review summarised 18 studies that rec-

orded neural responses evoked by nociceptive stimuli in patients with various 

types of chronic pain (Lenoir et al., 2020). The authors found that abnormalities 

were primarily observed only in conditions with concomitant thin-fibre dysfunc-

tion, such as certain neuropathic pain syndromes and fibromyalgia, and most 

revealed no significant differences in the latency or amplitude of pain-evoked 

potentials (e.g., N2/P2 waves) in chronic pain patients compared to healthy 

controls. 

Investigations into spontaneous oscillatory activity during resting-states 

have also yielded mixed results (Zebhauser et al., 2023). Spectral analysis has 

proposed several candidates, including frequency band-specific power and 

peak alpha frequency. For instance, some studies report that chronic pain is 

associated with higher theta and beta band power (Zebhauser et al., 2023), 

while others find decreased alpha and beta connectivity in conditions like mi-

graine (Zebhauser et al., 2024). In neuropathic pain, findings include increased 

theta power, decreased alpha and beta power, and a slowing of the dominant 

peak alpha frequency (Mussigmann et al., 2022). Slower peak alpha frequency 

(PAF) has also been reported in patients with widespread pain (Cavaleri et al., 

2025),and pancreatitis (Vries et al., 2013). However, these associations are not 

universal, with some studies reporting no significant differences, underscoring 
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the profound heterogeneity of chronic pain conditions and the challenge of iden-

tifying a unified signature (Zebhauser et al., 2023).  

Measures of functional connectivity may offer a more promising avenue 

than local activity alone, as they are better positioned to capture the distributed 

network dysfunction that characterises chronic pain (Bott et al., 2025). This is 

supported by evidence that contextual influences on pain relate more to inter-

regional communication than to local brain activity. In chronic neuropathic pain 

patients, reduced connectivity has been observed between key nodes like the 

dorsal anterior cingulate and somatosensory cortex (Vanneste & De Ridder, 

2021). A large-scale machine learning study achieved above-chance classifi-

cation of chronic pain patients based primarily on increased frontal theta and 

gamma connectivity (Ta Dinh et al., 2019). Furthermore, graph theory ap-

proaches applied to EEG data have shown that changes in global network effi-

ciency at theta frequencies are associated with chronic pain and can be modu-

lated by successful therapy, even in the absence of spectral power changes 

(Heitmann et al., 2022). 

In summary, the development of EEG-based biomarkers for chronic pain 

is marked by high heterogeneity. This variability stems not only from the diver-

sity of EEG features and analytical approaches but also from the inherent path-

ophysiological complexity and variability of chronic pain conditions themselves. 

This inconsistency highlights the need for more standardised methodologies 

and a focus on network-level properties that may provide a more robust and 

generalisable foundation for biomarker discovery. 
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1.1.4. EEG signatures in experimental tonic pain 

The sustained nature of tonic pain makes it a valuable experimental 

model for studying the prolonged neural processing involved in chronic pain. 

EEG studies consistently highlight the involvement of alpha-band oscillations in 

tonic pain, characterised by a suppression of local power and a reorganisation 

of long-range connectivity (Ploner et al., 2017). 

During sustained heat pain, alpha power in sensorimotor areas is sup-

pressed (Peng et al., 2014; Ploner et al., 2017), a phenomenon known as alpha 

event-related desynchronization (ERD). This suppression is thought to originate 

from the sensorimotor cortex (Dowman et al., 2008; H. Wang et al., 2023), and 

often correlates negatively with subjective pain ratings (Nir et al., 2012; Peng et 

al., 2015). Concurrently, phase-based alpha connectivity between the sen-

sorimotor cortex and medial prefrontal cortex increases (Nickel et al., 2020). 

The alpha ERD over somatomotor areas contralateral to stimulation site is 

thought to reflect the translation of sustained nociception into conscious pain 

perception. Notably, pre- and post-stimulus alpha activity influences subjective 

pain perception (May et al., 2012; Tu et al., 2016). 

Beyond oscillatory power, functional connectivity between distributed 

brain areas is also altered during tonic pain. For instance, alpha-band functional 

connectivity in frontoparietal and frontotemporal networks has been identified 

as crucial for distinguishing different pain levels (Modares-Haghighi et al., 2021). 

Research has also explored individual differences in pain sensitivity. Individuals 

with high pain sensitivity have been shown to exhibit a slower central PAF in 

both pain-free and tonic pain states compared to those with low sensitivity (Fur-

man et al., 2018). Building on this, Furman and colleagues (Furman et al., 2020) 
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demonstrated that pain-free PAF predicted individual pain sensitivity over clini-

cally relevant timescales (weeks) and could reliably identify the most pain-sen-

sitive participants across independent datasets. These findings suggest that 

resting-state PAF may serve as a trait-like biomarker of inherent pain sensitivity. 

However, the validation of PAF as a robust biomarker requires cautious 

interpretation since inconsistencies have emerged across studies. For example, 

work using hot-water immersion paradigms reported that changes in PAF were 

not specific to pain and did not mediate the relationship between stimulus in-

tensity and affective pain experience (Valentini et al., 2022, 2024). Such dis-

crepancies underscore the need for rigorous methodological control, standard-

ised analytical pipelines, and replication across research groups. They also 

suggest that PAF may not exert a simple or causal role in acute pain perception 

in healthy populations. 

Extending these findings to a network level, graph theory provides a 

framework for quantifying large-scale reorganisation. Although evidence for 

consistent network-level changes in tonic pain remains limited (L. B. Zhang et 

al., 2024), the translational potential is significant. For instance, classification 

analyses combining GNIs from alpha-band EEG have achieved up to 92% ac-

curacy in differentiating pain and no-pain states (Modares-Haghighi et al., 2021). 

This promising potential, however, is tempered by significant methodological 

sensitivities. Research demonstrates that the detection of network changes can 

be critically dependent on the choice of connectivity metric. In one study using 

the same EEG dataset, tonic heat pain did not yield significant differences in 

Gcc or Geff when using the phase-locking value (PLV). In contrast, a significant 

increase in Gcc during pain was identified when the same analysis was 
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conducted with the dwPLI. Furthermore, the network alterations that were ob-

served showed notable lateralisation, for example, an increase in Sw was found 

exclusively in response to left-sided stimulation, with no equivalent effect on the 

right (Nickel et al., 2020). 

In summary, tonic pain paradigms offer a functional bridge between ex-

perimental and clinical pain research by capturing sustained pain-related neural 

dynamics. EEG studies highlight alpha oscillations and their network reorgani-

sation as promising candidates for tonic pain biomarkers, providing insights into 

both state-dependent pain processing and trait-like pain susceptibility. Future 

research should aim to achieve a comprehensive understanding of large-scale 

network reorganisation while validating these emerging biomarkers through rig-

orous and reproducible methodologies. 

1.2. Research framework and methodological ap-

proach 

Based on the previous findings, the aim of our research is to conduct a 

systematic investigation using refined EEG-based functional connectivity met-

rics capable of capturing pain-related network dynamics, using both connectiv-

ity analysis and graph analysis of tonic experimental pain in healthy participants 

(Study 1), pre- and post-stimulation states in healthy participants (Study 2), and 

chronic pain patients (Study 3). 

A core analytical pipeline was implemented across all three intercon-

nected studies. This pipeline consisted of connectivity analysis and graph anal-

ysis, which were used to systematically assess different graph types derived 

from both brain-wide and higher-order networks. The methodological details are 
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introduced in Chapter 3 for Study 1, a brief description were applied in Chapter 

4 for Study 2 and Chapter 5 for Study 3, but the general methodological choices 

are briefly discussed below. 

Notably, connectivity analysis revealed connectivity patterns for group-

level contrasts. In parallel, the graph analysis was performed on individual-level 

connectivity matrices to compute several network inferences, which were then 

submitted to group-level statistical testing to identify condition-dependent alter-

ations in graph characteristics. Although these two analytical approaches are 

methodologically distinct, they provide complementary insights: connectivity 

analysis highlights condition-contrast connectivity patterns, while graph analy-

sis quantifies the corresponding network-level properties. 

Due to the relative thorough understanding of alpha band oscillations 

and promising related biomarkers suggested in both tonic and chronic pain re-

search, we focused our analytical strategy on the alpha band oscillation. First, 

we calculated the dwPLI to measure the functional connectivity. The advantage 

of this connectivity index is its ability to reduce the volume conduction effect on 

the signal. We then employed graph-theoretical approaches and advanced net-

work-based statistics for connectivity matrices.  

To capture network organisation at multiple scales, a multi-level graph 

analysis from brain-wide graphs to higher-order graphs was constructed. To 

eliminate the inter-subject variability in baseline neural activity, we used both 

absolute and relative comparisons for analysis in different contrasts. Finally, we 

performed a machine learning model to validate the features for their future 

translation potential. 
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The overarching research framework has been introduced above. The 

following subsections will present the specific rationale for each of the core 

methodological approaches outlined above. 

1.2.1. Assessment of functional connectivity  

To estimate functional connectivity, we chose to calculate the dwPLI 

(Ortiz et al., 2012). This index is known for its significant reduction of volume 

conduction effects (M. X. Cohen, 2014). The dwPLI is a debiased estimator of 

the squared weighted phase lag index (wPLI) which measures the contribution 

of phase differences weighted by the magnitude of their imaginary parts (Vinck 

et al., 2011) as  

wPLI =  
|∑{ℑ{x}}|

∑{|ℑ{x}|}
, 

where ℑ{x} denotes the imaginary part of the phase difference between 

two signals. | | indicates the absolute value, and ∑  stands for summation. 

wPLI weights the sign of ℑ{x} by |ℑ{x}|, making the contribution of phase differ-

ences with small time lags less significant than those with larger amplitudes in 

the imaginary axis.  

The dwPLI was developed to correct sample-size bias and is more sen-

sitive and capable of detecting subtle phase synchronization to other phase-

based connectivity measures (M. X. Cohen, 2014). It is computed by 

dwPLI =  
|∑{ℑ{x}}|

2
−∑ ℑ{x} 2

∑{|ℑ{x}|}2
−∑ ℑ{x} 2

, 

where |∑{ℑ{x}}|
2
denotes the square of the sum of the imaginary part of 

the phase difference between two signals, ∑{|ℑ{x}|}2
 is the square of the sum 

of the absolute values of the imaginary inputs and ∑ ℑ{x} 2 is the sum of the 
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squares of the imaginary inputs. Both wPLI and dwPLI values range from 0 to 

1, with higher values indicating greater phase synchronisation. 

1.2.2. Multi-level graph construction 

The brain-wide graph was constructed in both sensor and source spaces. 

The source space data were reconstructed into 100 regions of interest of the 

Schaefer atlas (Schaefer et al., 2018) using an atlas-based beamforming ap-

proach via the Discover EEG toolbox. Further analysis based on brain-wide 

graph for intra- and inter-network connections was conducted in the source 

space, utilising the 100-region atlas that classifies 7 networks. Intra-network 

connections for all 7 networks were analysed. Intra-network analysis was fo-

cused on the SomMot for the tonic pain study, and Default for the resting-states 

based studies. Additionally, inter-network connections were evaluated using 

weighted matrices, utilising NBS and graph theory.  

It is worth noting that segregation in brain-wide and intra-network graphs 

reflects functional specialisation within a given graph, whereas integration char-

acterises global information flow. However, when within-network connectivity is 

excluded, the local network inferences derived from higher-order inter-network 

graphs represent dynamics related to interaction with other networks. In this 

context, GNIs primarily capture inter-network communication. 

1.2.3. Connectivity analysis using network-based statistics 

Connectivity analysis was performed using the Network-Based Statistic 

(NBS) toolbox (Zalesky et al., 2010, 2012) to identify significant differences in 

brain connectivity between conditions. NBS, a non-parametric statistical ap-

proach, employs cluster-based analysis while controlling for family-wise error 
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rate (Zalesky et al., 2012). To capture differences in connectivity patterns be-

tween conditions, we applied the NBS tests within each comparison method to 

preserve spatial information of connectivity distribution. A one-sided paired-

sample t-test with 5,000 permutations was used, with a significance level of 

0.05. Connections that survived the permutation test formed the edges in p-

graphs, as illustrated in sensor space results. For connections that were not 

statistically significant, t-values were visualised as t-graphs. To improve clarity, 

t-graphs displayed connections with t-values greater than the threshold (de-

pendent on the critical t-value for a one-sided paired-sample t-test at 0.05 sig-

nificance level by the df for each analysis) in the source space. For intra-net-

work and inter-network comparisons, and for edge betweenness centrality 

(Ebc), t-graphs included connections with positive t-values (t > 0). 

1.2.4. Graph analysis based on graph theory 

Graph analysis based on graph theory consisted of 4 GNIs in graphs of 

this research: global clustering coefficient (Gcc), global efficiency (Geff), small-

worldness (Sw), and modularity (Mod). Gcc is one of the best-known indicators 

of functional segregation, quantified as the average clustering coefficient of 

each node in the graph. Clustering coefficients at the node level indicate the 

fraction of the node’s neighbours that are also neighbours of each other (Watts 

& Strogatz, 1998). A high fraction of triangles in the graph implies functional 

segregation, reflecting the brain's ability to use densely interconnected regions 

to sustain specialised brain processes. Geff is a measure of functional integra-

tion (Achard & Bullmore, 2007), facilitating the rapid exchange of information 

across distributed brain regions. It is computed as the average inverse shortest 

path length, which is the minimum number of edges required to connect any 
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pair of nodes in a graph (Latora & Marchiori, 2001). Sw describes how a graph 

is more clustered than random networks with similar characteristic path lengths 

(Liao et al., 2017; Watts & Strogatz, 1998). It is calculated as the ratio of the 

clustering coefficient to Geff compared to random networks. Small-world organ-

isation reflects an optimal balance of functional integration and segregation 

(Sporns & Honey, 2006). Mod quantifies the degree to which a graph can be 

subdivided into clearly delineated groups (Newman, 2004). Unlike other net-

work-structure measures, Mod relies heavily on optimisation algorithms that 

subdivides the graph into non-overlapping modules. We used the maximised 

Mod algorithm (Newman, 2006), which is an accurate and sufficiently fast ap-

proach to quantify Mod for smaller networks (Rubinov & Sporns, 2010). Higher 

Mod values indicate that a network has a stronger community structure, mean-

ing there are dense connections among nodes within the same module (or 

group) and sparser connections between nodes in different modules. This sug-

gests that the network is more efficiently organised into distinct subgroups, 

which can enhance functional specialisation and improve resilience to disrup-

tions.  

1.2.5. Comparison methods 

In this research, we employed both absolute and relative comparison 

methods throughout the analysis, based on methodological and theoretical con-

siderations rather than as a duplication of analyses. 

The use of resting-state baseline normalisation is a well-established 

methodological approach in neuroimaging research, employed to enhance the 

detection and interpretation of condition-specific neural dynamics. This tech-

nique improves both the specificity and sensitivity of findings. For example, 
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Alain et al. (2001) demonstrated enhanced specificity by using baseline-refer-

enced analyses to dissociate overlapping activations during pitch and spatial 

auditory tasks, revealing distinct neural pathways that were otherwise conflated. 

Similarly, the utility of normalisation for sensitivity is evident in clinical neuro-

physiology. Feng et al. (2021) showed that a normalised alpha power metric, 

but not the absolute power, successfully uncovered a significant correlation with 

clinical pain intensity in patients with chronic low back pain. Together, these 

examples demonstrate that relative, normalised comparisons are vital for re-

vealing subtle, condition-specific neural associations which absolute measures 

may obscure, thus supporting our analytical approach. 

In the present study, we implemented both absolute and relative anal-

yses for complementary reasons. Absolute measurements of functional con-

nectivity are widely used but can be strongly influenced by inter-subject varia-

bility in baseline neural activity. Relative comparisons help to mitigate this vari-

ability, thereby unmasking condition-specific network properties that may oth-

erwise be obscured. This dual approach allowed us to examine network dy-

namics from two perspectives: an absolute measure of overall connectivity 

strength, and a relative measure that highlights within-subject changes relative 

to baseline. 

Furthermore, implementing both analytical approaches allowed us to 

evaluate the robustness of our findings across different methodological frame-

works. The convergence of patterns across the two approaches increases con-

fidence that the observed effects reflect genuine condition-specific network re-

organisation. Although this strategy adds analytical complexity, we believe it 
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strengthens the methodological rigour of our study and the validity of our con-

clusions. 

1.2.6. Graph thresholding strategies 

Our decision to retain weak connections in thresholding strategies may 

resolve conflicting reports on GNIs such as Gcc (L. Li et al., 2022; Mano et al., 

2018; Nickel et al., 2020; Zheng et al., 2020). Arbitrary thresholds, such as re-

taining only the top 10% of strongest connections or iterating across densities 

(e.g., 10-30%) and then averaging Gcc values across these arbitrary cutoffs, 

risk conflating reorganisation of strong, hub-dominated connections and subtler 

reconfigurations in weak but topologically critical edges. By contrast, our inclu-

sion of weaker connections enables capturing nuanced shifts in network topol-

ogy. This align with recent evidence that thresholding strategies critically influ-

ence neuroimaging outcome (Adamovich et al., 2022), and that weak connec-

tions, often dismissed as noise, may underpin cognitive flexibility and network 

resilience (Santarnecchi et al., 2014). 

1.2.7. Machine learning validation 

GNIs were selected as features for classification, derived from individual 

or combined graph types including sensor space, source space, intra-network, 

and inter-network graphs under both absolute and relative comparison methods. 

Our feature inclusion was primarily theory-driven rather than performance-opti-

mised, as the goal was to use classification to test the robustness of GNIs as 

potential biomarkers. We incorporated all GNIs from four graph types because 

each was hypothesised to capture distinct aspects of brain network organisa-

tion that may differentiate responses to hot and warm stimuli. Given the modest 
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sample size, we deliberately avoided data-driven feature selection methods, 

which could increase the risk of overfitting and compromise the validity of cross-

validation. Instead, we systematically evaluated all possible combinations of the 

four feature sets and reported the three best-performing combinations. This 

strategy ensured methodological transparency and reduced the risk of overfit-

ting by avoiding any optimisation on the test set. 

To assess the predictive capacity of GNIs in distinguishing tonic pain 

states (hot vs. warm), we implemented a linear support vector machine (SVM) 

with L2 regularisation. The regularisation parameter (λ) was automatically opti-

mised within each training fold. Input features (GNIs) were standardised using 

z-score normalisation based on the training set’s mean and standard deviation, 

and the trained model was used to classify the held-out subject’s data. 

A leave-one-subject-out cross-validation framework was applied across 

all participants. For each fold, one subject’s data was held out for testing, while 

the remaining data were used for training and normalisation. Model perfor-

mance was evaluated using area under the receiver operating characteristic 

curve (AUC-ROC), and pooled inferences from the confusion matrix, including 

accuracy, sensitivity, and specificity. 

To assess the significance of the classifier’s discriminative performance, 

we conducted a permutation test with 1000 iterations. For each iteration, par-

ticipant labels were randomly shuffled to disrupt the true feature-label relation-

ship, and the entire cross-validation pipeline was repeated using these per-

muted labels. The null distribution of AUC-ROC values was generated from 

these shuffled-label iterations. The empirical p-value was computed as the pro-

portion of permutation AUCs exceeding or matching the original model’s AUC. 
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This approach quantifies the probability that the observed classification perfor-

mance occurred by chance under the null hypothesis of no true feature-label 

association. 

1.3. Research questions 

To deepen the understanding of pain-related brain reorganisation in both 

tonic pain and chronic pain conditions, we systematically analysed brain-wide 

graphs, higher-order intra-network, and inter-network graphs. By combining 

functional connectivity topology with graph-theoretical analyses, we seek to 

provide insights into the pain-induced brain reorganisation. Given that baseline 

neural activity normalisation may reduce inter-subject variability, thereby un-

masking condition-specific network properties, we also assess its influence by 

both relative and absolute comparisons. Finally, we explore the predictive utility 

of GNIs for classifying pain states.  

By using these methodologies, we answered the following questions: 

Study 1: Experimental tonic pain 

Q1-1 Can functional connectivity and network topology differentiate be-

tween experimental tonic noxious hot from innocuous warm conditions? 

Q1-2 What is the neuronal mechanism, as revealed by our connectivity 

and graph analyses, underpin these pain-states? 

Q1-3 Will the network inferences from graph-theory measurements pro-

vide accurate pain-state classification? 

Study 2: Resting-state changes following stimulation 

Q2-1 How does functional connectivity and network topology change 

from pre- to post-stimulation resting-states? 
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Q2-2 Do these time-dependent changes differ between eyes-open and 

eyes-closed resting-state conditions? 

Q2-3 What neuronal mechanisms underpin these post-stimulation 

changes? 

Q2-4 Will the network inferences from graph-theory measurements vali-

date these changes and demonstrate translational potential?  

Study 3: Chronic pain patients versus healthy controls  

Q3-1 How do functional connectivity and network topology differ in rest-

ing-states between chronic pain patients and healthy controls? 

Q3-2 Do these group differences vary between eyes-open and eyes-

closed resting-state conditions? 

Q3-3 What neuronal mechanisms underpin these group differences? 

Q3-4 Will the network inferences from graph-theory measurements vali-

date for such group differences and therefore have translational potential?  

1.4. Thesis structure 

This thesis is structured as follows: 

Chapter 1: Introduction 

This chapter provides a comprehensive overview of the research back-

ground, outlining the central methodology and the series of studies undertaken. 

A review of the literature on both tonic experimental pain and chronic pain, with 

a specific focus on EEG-based research, establishes the rationale and moti-

vates the research questions that guide this thesis. 

Chapter 2: Methodological preliminaries: stationarity analysis 
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This chapter presents a preliminary analysis that establishes the meth-

odological foundation for the subsequent studies. It involves stationarity tests 

conducted on EEG data across various epoch lengths to determine the optimal 

parameters for the formal connectivity and graph-theoretical analyses. 

Chapter 3: Brain reorganisation evoked by tonic thermal pain 

This study investigates large-scale brain network reorganisation directly 

evoked by tonic thermal pain in healthy participants. Using EEG, it character-

ises the alterations in functional connectivity and graph-theoretical properties 

that underpin the sustained pain experience. 

Chapter 4: The neuroplasticity after sensory stimulation in resting-

states 

This chapter examines the after-effects of sensory stimulation, including 

tonic pain. It assesses time-dependent changes in EEG-based resting-state 

connectivity and network topology, comparing eyes-open and eyes-closed con-

ditions before and after stimulation. 

Chapter 5: Resting-state dysfunction in chronic pain 

This study addresses differences in resting-state brain dynamics be-

tween chronic pain patients and healthy control participants. It aims to identify 

EEG-based functional connectivity and network signatures that distinguish the 

two groups during both eyes-open and eyes-closed resting conditions. 

Chapter 6: General discussion and conclusion 

This final chapter synthesises the main findings and conclusions of the 

thesis. It discusses the collective implications of the research, acknowledges its 

limitations, and proposes potential avenues for future research and clinical 

translation. 
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Chapter 2 

Preliminary analysis: assessing stationarity in 

EEG signal 

 

A fundamental prerequisite for many time-series analyses is the assumption of 

stationarity. This is rarely assessed and/or reported in empirical EEG research. 

This chapter systematically evaluates the stationarity of EEG signals across a 

range of epoch lengths to identify a duration that ensures statistical reliability 

for the methodologies employed in the following chapters. 
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2.1. Stationarity in EEG data 

The EEG is one of the most frequently used approaches for exploring 

the mechanisms of brain functions, especially for its outstanding millisecond 

temporal resolution (O’Neill et al., 2018). The recorded neural signal represents 

the results of interactions over a large-scale neuronal population (Buzsáki, 

2006). By observing such neural activity in well-designed, repeated experi-

mental conditions, researchers can find stable and reliable characteristics cor-

related with certain dynamic brain processes (Keitel et al., 2025). The crucial 

assumption made before such analysis is that the data are stationary (M. X. 

Cohen, 2014) The stationarity of a time series means its statistical properties, 

such as mean, variance, frequency, and covariance, remain the same through-

out the whole data (Gagniuc, 2017). Stationarity is based on a stochastic pro-

cess in which the finite dimensional joint distribution function of a time series 𝑍𝑡 

is defined as follows： 

𝐹 (𝑥1, 𝑥2, … , 𝑥𝑛) = 𝑃 (𝑍𝑡1
≤ 𝑥1, 𝑍𝑡2

≤ 𝑥2, … , 𝑍𝑡𝑛
≤ 𝑥𝑛) 

Where 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}  is a real random variable, and a finite set of 

integers 𝑇 = {𝑡1, 𝑡2, … , 𝑡𝑛} is called the index set of the process. If 𝑇 ∈ ℤ, the 

process is called a discrete stochastic process. If 𝑇 ∈ ℝ, the process is called a 

continuous stochastic process.  

Strong, or strict, stationarity of 𝑍𝑡 is satisfied only when (𝑍𝑡1
, 𝑍𝑡2

, … , 𝑍𝑡𝑛
) 

and (𝑍𝑡1+ℎ
, 𝑍𝑡2+ℎ

, … , 𝑍𝑡𝑛+ℎ
) have the same joint distributions for all integers ℎ and 

𝑛 > 0. Where ℎ ∈ ℤ, 𝑛 ∈ ℕ. In practical application, weak stationarity is the most 

frequently assessed, which is satisfied if the mean value 

𝐸(𝑍𝑡) = 𝜇𝑧(𝑡) = 𝑐𝑜𝑛𝑠𝑡 = 𝜇 
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And the autocorrelation is invariant from 𝑡 and every lag ℎ has a con-

stant covariance value associated with it, which could be presented as: 

𝛾(ℎ) = 𝐶𝑜𝑣(𝑍𝑡, 𝑍𝑡+ℎ) 

However, the brain itself is a non-stationary system. Modern research 

suggested that the neural assemblies of coupling and synchronization might 

provide manifested explanations of brain activities. Kaplan and colleagues 

(Kaplan et al., 2005) believe that the basic source of the non-stationarity in the 

EEG signal is not due to the impact of the external stimuli, but rather a reflection 

of the inherent switching of neural assemblies during brain function. Therefore, 

the non-stationarity of the EEG data would inevitably influence the results of 

statistical analyses that treat the signal as stationary data. 

2.2. Non-stationarity detection methods 

To detect non-stationarity in a time series, statistical parametric and non-

parametric methods, which lead to strong assumptions on decisions related to 

the stationarity of the data, were developed in the field of econometrics. he def-

inition of stationarity does not limit the way in which the data are generated. 

Hence, stationarity is a non-parametric concept. However, the widely used sta-

tionarity detection methods were primarily developed with parametric stochastic 

process modelling. There are three models that are most widely addressed: the 

autoregressive (AR) model (Brockwell & Davis, 2002), the moving-average 

(MA) model (Tsay, 2005), and the autoregressive moving-average (ARMA) 

model (Tsay, 2005).  

Although all three models are generated by a linear function plus noise, 

the ARMA model can also deal with non-linearity. Based on their underlying 
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stochastic process, the formulation of all three models could be written as an 

autoregressive process of order 𝑝, 

𝑦
𝑡

= 𝑎0 + 𝑎1𝑦
𝑡−1

+ ⋯ + 𝑎𝑝𝑦
𝑡−𝑝

+ 𝜀𝑡 

If we consider the root of its characteristic equation by setting its polyno-

mial part equal to 0, we get the equation as: 

𝑚𝑝 − 𝑚𝑝−1𝑎1 − ⋯ − 𝑎𝑝 = 0 

If 𝑚 = 1, then we can regard this process as having a unit root. It means 

that after differencing 𝑑 times, the process could be transformed into a weakly 

stationary process, where 𝑑 is the multiplicity of a unit root (Bhargava, 1986). 

On the other hand, the presence of a unit root in the autoregressive model of a 

given time series proves the process is non-stationary. This is the hypothesis 

underlying most of the unit root tests for non-stationarity detection. The family 

of unit root tests has two famous members: the Phillips-Perron (PP) test and 

the Kwiatkowski-Phillips-Schmidt-Schin (KPSS) test. 

2.3. Experimental materials and methods 

A secondary dataset (Valentini et al., 2022) was used to conduct station-

arity tests. The study included thirty-six healthy participants who underwent 

sensory stimulation while their EEG was recorded. Three types of sensory stim-

ulation each lasted five minutes were applied. Tonic pain perception was in-

duced by asking participants to place their left hand in hot water at 45 °C. The 

warm condition followed the same procedure, but with the water temperature 

set 6 °C lower than the painful condition. A sound condition was also adminis-

tered, designed to compare unpleasantness with the tonic pain condition, using 

auditory stimuli. 
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During each trial, participants were asked to sit comfortably and experi-

ence the hot, warm, and sound stimuli separately. They were instructed to rate 

the unpleasantness of their sensation on a visual analogue scale (VAS) when-

ever it appeared on the screen in front of them, from 0 (“No unpleasantness”) 

to 100 (“Intolerable unpleasantness”). The VAS was displayed approximately 

every 10 seconds, 30 times in total, with each block lasting about 6 minutes. 

The EEG data were collected throughout all blocks and pre-processed 

with a notch filter to exclude the frequency band from 49.5 to 50.5 Hz. A high-

pass filter of 0.1 Hz and a low-pass filter of 100 Hz were applied. All data were 

sampled at 500 Hz and re-referenced to the average of all 62 channels. Arte-

facts such as eye-blinks and muscle movements were removed using Inde-

pendent Component Analysis (ICA). 

To compare the stationarity of the recorded data, the original data were 

segmented using two different methods. The first method selected epochs 

based on the markers indicating the appearance of the VAS. The second 

method segmented the data based purely on epoch length, without reference 

to events. For the marker-based epochs, the onset was set at 10 seconds prior 

to the occurrence of the VAS. Epoch durations of 0.5, 1, 2, 3, 4, 6, and 10 

seconds were used for both methods. Consequently, for each participant, there 

were approximately 30 marker-based epochs per duration. In contrast, the du-

ration-based epochs were segmented from the entire block, resulting in a much 

larger number of epochs, ranging from approximately 800 (for 0.5s) to 40 (for 

10s). 

Stationarity was assessed using both the PP and KPSS tests for both 

segmentation methods. In addition to the traditional autoregressive (AR) model 
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used in the PP test, a Trend Stationary (TS) model was also performed. The 

lag values for these tests were determined by taking the square root of the 

number of data points in each epoch, resulting in lags of 16, 22, 32, 39, 45, 55, 

and 71. The group-averaged stationarity rate was calculated and reported for 

each experimental condition separately. 

2.4. Analytical results 

The results of the stationarity detection for both the marker-based and 

duration-based epochs are presented in Tables 2.1 and 2.2, respectively. 

 

Table 2.1. Stationarity results for marker-based epochs 

Length 
of 

epoch 
(s) 

Sug-
gested 

Lag value 

Average stationary ratio in PP test (%) Average stationary 
ratio in KPSS test 

(%) 

  AR model TS model    

  pain warm sound pain warm sound pain warm sound 

0.5 16 0.87 0.91 0.9 0.04 0.03 0.04 0.71 0.76 0.76 

1 22 0.98 0.99 0.99 0.44 0.49 0.5 0.65 0.71 0.7 

2 32 0.99 0.99 1 0.87 0.91 0.91 0.96 0.98 0.97 

3 39 1 1 1 0.94 0.97 0.97 0.99 0.99 0.99 

4 45 1 1 1 0.95 0.95 0.95 0.99 1 0.99 

6 55 1 1 1 0.99 0.98 0.98 1 1 1 

10 71 1 1 1 1 1 1 1 1 1 

 

Although no statistical comparison with simulated surrogate data was 

performed, the trend towards increasing stationarity can be clearly observed. 

For a given epoch length, the stationarity ratios are very similar across all three 

experimental conditions. As epoch length increases, the proportion of epochs 

that pass all three stationarity tests also rises. The results indicate that for epoch 

lengths longer than 2 seconds, the stationarity ratio exceeds 85% across all 

tests. In general, the PP test with the TS model was the most stringent detection 

method. The KPSS test and the PP test with the AR model were comparatively 
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more lenient. When epochs reach 4 seconds in length, their stationarity ratio 

exceeds 95%. 

 

Table 2.2. Stationarity results for duration-based epochs 

Length 
of trial 

(s) 

Sug-
gested 

Lag 
value 

Average stationary ratio in PP test (%) Average stationary 
ratio in KPSS test (%) 

  AR model TS model    

  pain warm sound pain warm sound pain warm sound 

0.5 16 0.88 0.89 0.89 0.03 0.03 0.03 0.73 0.74 0.74 

1 22 0.99 0.99 0.99 0.68 0.46 0.7 0.6 0.7 0.63 

2 32 0.99 0.99 0.99 0.98 0.9 0.99 0.86 0.98 0.89 

3 39 1 1 1 0.99 0.97 0.99 0.97 0.99 0.98 

4 45 1 1 0.99 0.99 0.96 0.99 0.99 0.99 0.99 

6 55 1 1 1 1 0.99 0.99 0.99 0.99 0.99 

10 71 1 1 1 1 1 1 0.99 1 0.99 

 

The same trend is evident in the epochs segmented by duration. For the 

shortest epochs (0.5 seconds), the lowest stationarity ratio was 0.03%, ob-

served with the PP test using the TS model. The stationarity ratio increases 

steadily with epoch length and remains above 95% for epochs longer than 3 

seconds, regardless of the experimental condition. Furthermore, the stationarity 

ratios do not differ substantially across the pain, warm, and sound conditions. 

2.5. Conclusions 

This analysis provides clear, empirical guidance for selecting epoch 

lengths in EEG studies where stationarity is a key assumption. The primary 

finding is that epoch length has a systematic and substantial impact on station-

arity, with longer epochs demonstrating significantly higher stationarity ratios 

across all tested conditions and analysis methods. 
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The PP test with the TS model was consistently the most stringent crite-

rion for stationarity, while the KPSS and PP-AR tests were more lenient. De-

spite these methodological differences, the overall trend was robust: stationarity 

increased markedly with epoch duration, plateauing at high levels for longer 

segments. Critically, this pattern held true for both event-related (marker-based) 

and continuous (duration-based) segmentation approaches, although the dura-

tion-based method achieved high stationarity ratios at slightly shorter lengths. 

In practical terms, these results provide clear guidelines for epoch selec-

tion: to achieve a high likelihood (>95%) of stationarity across various tests, 

EEG epochs should be at least 3 to 4 seconds long. A more conservative ap-

proach, focusing on the stringent PP test with a TS model (aiming for >90% 

stationarity), requires epochs longer than 3 seconds for event-related data and 

longer than 2 seconds for continuous data.  

This finding reconciles the inherent non-stationarity of brain activity with 

the practical need for stationary data segments in statistical analysis. Given the 

constraints of the available data, a 2-second epoch length will be implemented 

for the duration-based segmentation in all subsequent analyses throughout this 

thesis. 
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Chapter 3 

From localised processing to global integration: 

whole-brain reconfiguration and the pivotal role 

of the somato-motor network in tonic pain 

 

Building upon the methodological foundation established in Chapter 2, this 

chapter investigates large-scale brain network reorganisation directly evoked 

by tonic thermal pain in healthy participants. Using EEG-based functional con-

nectivity and graph theory, it systematically characterises the dynamic altera-

tions in network architecture that underpin the sustained pain experience. The 

findings provide crucial insights into pain-induced neuroplasticity and establish 

analytical approaches that will be extended to subsequent investigations of 

stimulation after-effects and chronic pain states. 
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3.1. Introduction 

Previous research has established that tonic experimental pain serves 

as a critical translational bridge between short-lived phasic pain stimuli and the 

persistent nature of clinical chronic pain (Lee et al., 2021; Ploner & Tiemann, 

2021). Unlike brief nociceptive challenges, tonic pain paradigms evoke sus-

tained neural dynamics that more closely approximate the continuous brain 

states underlying chronic pain conditions, making them especially valuable for 

identifying functionally relevant network biomarkers. Functional magnetic reso-

nance imaging (fMRI) studies have consistently implicated several large-scale 

brain networks in pain processing, with central roles for the somato-motor 

(SomMot), frontoparietal, and dorsal attention networks (Lee et al., 2021). For 

instance, sustained myofascial pain has been associated with a shift in contra-

lateral primary sensorimotor connectivity toward the salience network (J. Kim 

et al., 2013), while capsaicin-induced pain increases crosstalk among SomMot, 

default mode, auditory and visual networks (Lou et al., 2024).  

EEG studies further highlight the involvement of alpha band oscillations 

in tonic pain. During sustained heat pain, alpha power in sensorimotor areas is 

suppressed, while phase-based alpha connectivity between sensorimotor and 

medial prefrontal cortex increases (Nickel et al., 2020). These effects are 

thought to originate from the sensorimotor cortex (Peng et al., 2014; H. Wang 

et al., 2023) and have been showed to correlate negatively with pain ratings 

(Peng et al., 2014, 2015). Together, these findings suggest that the SomMot 

network contributes to both intra-network (local) and inter-network (distributed) 

coordination during tonic pain, possibly mediated by alpha-band dynamics.  
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Graph theory provides a powerful framework to quantify such brain net-

work organisation by measuring GNIs, which capture the balance between seg-

regation (e.g., global clustering coefficient, Gcc) and integration (e.g., global 

efficiency, Geff) in brain function (Barabási et al., 2023; Rubinov & Sporns, 

2010).Notably, classification analyses using a combination of GNIs from alpha-

band EEG have achieved up to 92% accuracy in differentiating pain and no-

pain states (Modares-Haghighi et al., 2021), underscoring their translational 

promise. 

However, a systematic review indicated that while GNI differences exist 

between chronic pain patients and healthy controls, the overall findings remain 

mixed (Lenoir et al., 2021). Similarly, experimental pain studies report conflict-

ing results. Some fMRI studies have reported increased Gcc and reduced 

small-worldness (Sw) and modularity (Mod) in response to noxious stimuli 

(Huang et al., 2019; Qi et al., 2016; Zheng et al., 2020). In contrast, even in the 

same EEG dataset, no significant Gcc or Geff differences were observed when 

using phase-locking value, whilst significant Gcc increases during pain 

emerged using the debiased weighted phase lag index (dwPLI) (Nickel et al., 

2020).  

To address these discrepancies, we analysed brain-wide graphs, higher-

order intra-SomMot, and inter-network graphs to capture both connectivity pat-

terns and network topology. Specifically, the study had three aims: (1) to char-

acterise tonic pain-induced reorganisation of functional connectivity and net-

work topology; (2) to explore the neuronal mechanisms underlying pain-states; 

(3) to assess the predictive utility of GNIs for classifying pain states.  
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Here we reanalyse a secondary EEG dataset recorded in a tonic thermal 

pain model (Valentini et al., 2022). We hypothesised that tonic pain would de-

termine the reorganisation of functional connectivity from intra-network segre-

gation to inter-network integration, with the SomMot network playing a central 

role. In addition, we expected that combined GNIs would exhibit robust predic-

tive power in classifying pain states. 

If validated, these EEG-based biomarkers could contribute to the devel-

opment of objective pain assessment tools, particularly for non-communicative 

individuals and chronic pain populations. 

3.2. Methods  

3.2.1. Participants and demographic measures 

Forty-three participants volunteered for the study. Seven participants 

were excluded: one had taken a painkiller before the experiment, another failed 

the perceptual matching procedure (detail in experimental procedure), and data 

from the five were excluded due to technical issues with EEG recording. There-

fore, only 36 were analysed and 22 of these were female, with a mean age of 

25.36 years (range: 20 to 56 years). All participants had normal or corrected-

to-normal vision and normal hearing. Prior to attending, the volunteers were 

asked to complete a questionnaire to ensure that they had no history of neuro-

logical, psychiatric, or pain disorders that could interfere with the study or jeop-

ardise their safety. Psychological traits relevant to pain processing were also 

assessed using the Pain Catastrophising Scale (PCS) (Sullivan et al., 1995) 

and the trait component of the State-Trait Anxiety Inventory (STAI) (Spielberger 

et al., 2017). These measures were later included in correlational analyses. 
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The study received approval from the Ethics Committee of the University 

of Essex (EV1801). 

3.2.2. Experimental procedure  

We used a 30-liter water tank (RW-3025P, Medline Scientific) to deliver 

two out of three experimental sensory conditions. We induced an experience of 

tonic pain by having participants immersing their left hand in hot water at 45 °C, 

referred to as the hot condition. This temperature was selected based on pre-

vious studies (Granot et al., 2008; Jackman et al., 2023) which found it to induce 

a moderate level of pain. We induced an innocuous warm sensation by reduc-

ing the water temperature by 6 °C less than the hot condition. During the stim-

ulation, participants were asked to rate their level of unpleasantness every 10 

seconds using an onscreen VAS, with verbal anchors at 0 ('No unpleasantness') 

and 100 ('Intolerable unpleasantness'). In total, participants provided 30 ratings 

for each condition. At the beginning and end of the experimental session, both 

eyes-open and eyes-closed resting-state sessions were recorded, each lasting 

about 2.5 minutes. Hence, each condition lasted around 5 minutes. Data from 

the resting-state eyes-open condition only were included in this study (Fig. 3.1). 

The third sensory condition (i.e., tonic sound) is not included in the current study. 

The sequence of experimental blocks was counterbalanced for all participants. 

Before the experiment, all participants were required to complete a per-

ceptual matching procedure. This critical step ensured the subjective unpleas-

antness of the auditory stimulus was equivalent to that of the painful heat stim-

ulus for each participant. This matching was a cornerstone of the original ex-

perimental design. For consistency, we did not include the single participant 

who failed the procedure in the seminal study within the current re-analysis. 
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Since the target unpleasantness rating ranged from 50 to 75 on the VAS (0 to 

100), this confirmed that we successfully induced a moderate level of unpleas-

antness during the hot stimulation. If the unpleasantness rating for the warm 

stimulation was significantly lower than that for the hot stimulation, it would fur-

ther support the success of the thermal manipulation. Moreover, if unpleasant-

ness increased during the hot water immersion, it would provide additional evi-

dence for the successful induction of tonic pain in our study. 

 

 

Figure 3.1. Experimental design adapted from Valentini et al. (2022). Dur-

ing resting-state pre and resting-state post (2.5 min each, eyes-open and eyes-

closed), participants fixated on a central cross while EEG was recorded contin-

uously. The sensory stimulation phase consisted of two 5-min blocks presented 

in counterbalanced order: hot water immersion and warm water immersion of 

the left hand. Throughout each immersion block, participants rated the unpleas-

antness of their sensation every 10 seconds using an on-screen Visual Ana-

logue Scale (VAS; 0 = "No unpleasant," 100 = "Intolerable unpleasantness"; 

markers at 25, 50, 75). EEG was recorded continuously throughout all phases. 

The sequence of experimental blocks was counterbalanced for all participants. 

EEG rec, EEG recording. 
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3.2.3. EEG pre-processing 

EEG data were recorded using an electrode montage of 62 channels 

consisting of all 10-20 system electrodes with Ag/AgCI electrodes (Easycap, 

BrainProducts GmbH, Gilching, Germany). The impedance of all electrodes 

was kept below 10 kΩ, and the EEG signal was amplified and digitised at 1000 

Hz. The online reference was placed upon the left earlobe, and the ground was 

located at electrode position AFz.  

The EEG data in hot, warm, and resting-state eyes-open conditions be-

fore stimulation were pre-processed using a high-pass value set to 0.1 Hz, and 

the low-pass value set to 100 Hz. All data were down sampled to 500 Hz. Arte-

facts such as eye-blinking and muscle movements were removed using ICA. 

After ICA, the data were further denoised with a notch filter to exclude 

the frequency bands from 49.5 to 50.5 Hz, were re-referenced to the average 

of all electrodes (Goldman, 1950) and were segmented into 2-second epochs 

with a 25% overlapping rate and 25% baseline correction.  

3.2.4. Analytical design 

All analyses were performed in MATLAB using the EEGLAB toolbox (De-

lorme & Makeig, 2004), FieldTrip toolbox (Oostenveld et al., 2011), the Brain 

connectivity toolbox (Rubinov et al., 2009), the DISCOVER-EEG toolbox (Gil 

Ávila et al., 2023), the Network-Based Statistic toolbox V1.2 ( 

https://www.nitrc.org/projects/nbs/), and custom-written scripts. 

Pre-processed data were analysed using the pipeline showed in Fig. 3.2. 

The brain-wide graph (Fig. 3.2A) was constructed in both sensor and source 

spaces. In the sensor space, we focused on the alpha band, while exploratory 

https://www.nitrc.org/projects/nbs/
https://www.nitrc.org/projects/nbs/
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analyses were also conducted in other frequency bands. We assessed func-

tional connectivity using dwPLI, and the thresholded matrices were binarised 

using one standard deviation above the median for each subject's connectivity 

matrix in each condition to create adjacency matrices for subsequent network-

based statistics (NBS) and graph analyses. The source space data were recon-

structed into 100 regions of interest of the Schaefer atlas (Schaefer et al., 2018) 

using an atlas-based beamforming approach via the Discover EEG toolbox. 

Further analysis based on brain-wide graph (Fig. 3.2B) for intra- and inter-net-

work connections was conducted in the source space, utilising the 100-region 

atlas that classifies 7 networks. Intra-network connections for all 7 networks 

were analysed, with particular focus on the binary SomMot network. Addition-

ally, inter-network connections were evaluated using weighted matrices, utilis-

ing NBS and graph theory.  
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Figure 3.2. Pipeline for the analysis of EEG data. (A) The pre-processed 

EEG data were extracted in the alpha band and then used for the brain-wide 

functional connectivity assessment using dwPLI in both sensor and source 

spaces. The functional connectivity matrices were binarised using a threshold 

of one standard deviation above the median for each subject's connectivity ma-

trix in each condition and then analysed through NBS and graph analysis. (B) 

The brain-wide graphs in the source space were further constructed as a 

higher-order graph involving 7 networks in parcellation. For intra-network anal-

ysis, statistical comparisons of the intra-network connectivity strength were con-

ducted, and the binarised graph of the SomMot network was analysed using 

NBS and graph analysis. For inter-network analysis, statistical comparisons of 

the mean inter-network connections between each pair of networks were con-

ducted, and inter-network connections between pairs of networks were con-

structed as weighted matrices and analysed through NBS, as well as both local 

and global graph analyses. dwPLI: debiased weighted phase lag index; ROI: 
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regions of interest; conn: connectivity; stats: statistics; NBS: network-based sta-

tistics. 

 

We performed absolute and relative comparisons between the hot and 

warm conditions in both spaces. Specifically, the functional connectivity matri-

ces for the relative comparisons were calculated by dividing the original dwPLI 

for each sensory condition by the dwPLI of the pre-stimulation resting-state 

eyes-open condition for each participant1.  

Notably, NBS-based graphs revealed connectivity patterns for group-

level contrasts between hot and warm stimulation. In parallel, the graph-theo-

retical analysis was performed on individual-level connectivity matrices to com-

pute several network inferences, which were then submitted to group-level sta-

tistical testing to identify condition-dependent alterations in graph characteris-

tics. Although these two analytical approaches are methodologically distinct, 

they provide complementary insights: NBS highlights condition-contrast con-

nectivity patterns, while graph-theoretical inferences quantify the corresponding 

network-level properties. 

3.2.5. Brain-wide graph analysis 

We conducted a brain-wide graph analysis in both sensor and source 

spaces (Fig. 3.2A). In the analysis of sensor space, we extracted the pre-pro-

cessed EEG data in the alpha band (8-13 Hz) using the Hilbert transform. To 

 

1 We excluded the closed eye condition for this purpose based on the assumption that the 

open eyes resting state would have provided a better reference baseline for sensory-related mental 

states.  
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estimate functional connectivity in phase synchronisation, we performed further 

analysis using the dwPLI (M. X. Cohen, 2014) due to its significant reduction of 

volume conduction effects (Ortiz et al., 2012).  

For each participant and condition, dwPLI values were computed for all 

pairs of 62 EEG channels and averaged across epochs to construct functional 

connectivity matrices. These matrices were then binarised using a threshold set 

at one standard deviation above the median of each matrix. The resulting bi-

narised undirected adjacency matrices were used for subsequent connectivity 

and graph analyses. 

3.2.5.1. Analysis for sensor space graphs 

Connectivity analysis was performed using the Network-Based Statistic 

(NBS) toolbox (Zalesky et al., 2010, 2012) to identify significant differences in 

brain connectivity between conditions. NBS, a non-parametric statistical ap-

proach, employs cluster-based analysis while controlling for family-wise error 

rate (Zalesky et al., 2012). In the sensor space, we applied NBS to compare 

the two conditions using 62 × 62 node graphs. 

3.2.5.2. Analysis for source space graphs 

In the source space analysis, we projected the pre-processed sensor 

space data onto 100 regions of interest from the Schaefer atlas (Schaefer et 

al., 2018) using an atlas-based beamforming approach via the Discover EEG 

toolbox (Gil Ávila et al., 2023). We computed dwPLI matrices for each partici-

pant and condition, and then binarised them into adjacency matrices using the 

same thresholding procedure applied in the sensor space analysis. Graphs 

comprising 100 nodes were then constructed, and connectivity and graph-
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theoretical analyses were performed following the same procedures as in the 

sensor space. 

3.2.6. Higher-order graph analysis 

Based on the binarised source space graphs, we further analysed 

higher-order graphs (Fig. 3.2B) which included 7 functional networks: Visual 

(Vis), Somato-motor (SomMot), Dorsal Attention (DorsAttn), Salience-Ventral 

Attention (SalVentAttn), Limbic, Control (Cont), and Default.  

3.2.6.1. Intra-network analysis 

For the intra-network analysis, only the intra-network connections within 

each of the seven networks were retained. The connectivity strength was cal-

culated by averaging these connections and then compared between the two 

conditions.  

Apart for the intra-network connectivity analysis, a focussed analysis 

was conducted on the SomMot network. Brain regions corresponding to the 

SomMot network were extracted, yielding a 14 × 14 binarised, undirected sub-

graph. Connectivity and graph-theoretical analyses were then performed using 

the same procedures as those applied in the sensor and source spaces. 

3.2.6.2. Inter-network analysis 

For the inter-network analysis, all the connections between different net-

works were preserved, while intra-network connections were excluded. For 

each network, inter-network connectivity strength was calculated as the aver-

age of its connections with the other six networks. 

A 7 × 7 weighted adjacency matrix was generated for each condition, 

where each node represented a network, and edge weights corresponded to 
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the average connectivity between all pairs of brain regions across two networks. 

This representation was independent of the number of brain regions within each 

network. 

We also applied connectivity and graph analysis on the resulting 7 × 7 

weighted inter-network graphs. Given the limited number of nodes in the higher-

order graph, two GNIs were computed: Gcc and Geff. In addition, two local 

inferences were assessed for each node (network) in the inter-network graph: 

edge betweenness centrality (Ebc), and local clustering coefficient (Lcc).  

3.2.7. Graph analysis based on graph theory 

Graph analysis consisted of four GNIs in the sensor space, source space 

and intra-network graphs: Gcc, Geff, Sw and Mod. Gcc is one of the best-known 

indicators of functional segregation, quantified as the average clustering coeffi-

cient of each node in the graph. Clustering coefficients at the node level indicate 

the fraction of the node’s neighbours that are also neighbours of each other 

(Watts & Strogatz, 1998). A high fraction of triangles in the graph implies func-

tional segregation, reflecting the brain's ability to use densely interconnected 

regions to sustain specialised brain processes. Geff is a measure of functional 

integration (Achard & Bullmore, 2007), facilitating the rapid exchange of infor-

mation across distributed brain regions. It is computed as the average inverse 

shortest path length, which is the minimum number of edges required to con-

nect any pair of nodes in a graph (Latora & Marchiori, 2001). Sw describes how 

a graph is more clustered than random networks with similar characteristic path 

lengths (Watts & Strogatz, 1998). It is calculated as the ratio of the clustering 

coefficient to Geff compared to random networks. Small-world organisation re-

flects an optimal balance of functional integration and segregation (Sporns & 
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Honey, 2006). Mod quantifies the degree to which a graph can be subdivided 

into clearly delineated groups (Newman, 2004). Unlike other network-structure 

measures, Mod relies heavily on optimisation algorithms that subdivides the 

graph into non-overlapping modules. We used the maximised Mod algorithm 

(Newman, 2006), which is an accurate and sufficiently fast approach to quantify 

Mod for smaller networks (Rubinov & Sporns, 2010). Higher Mod values indi-

cate that a network has a stronger community structure, meaning there are 

dense connections among nodes within the same module (or group) and 

sparser connections between nodes in different modules. This suggests that 

the network is more efficiently organised into distinct subgroups, which can en-

hance functional specialisation and improve resilience to disruptions.  

Graph analysis consisted of two local network inferences. The edge be-

tweenness centrality (Brandes, 2001) represents the fraction of all shortest 

paths that include a specific edge; edges with high values indicate a critical role 

in many shortest paths. The weighted Lcc (local clustering coefficient) repre-

sents the average intensity (geometric mean) of all triangles associated with 

each node. Since the weighted local efficiency closely parallels the weighted 

Lcc (Onnela et al., 2005), we focussed solely on Lcc. 

It is worth noting that segregation in brain-wide and intra-network graphs 

reflects functional specialisation within a given graph, whereas integration char-

acterises global information flow. However, when within-network connectivity is 

excluded, the local network inferences derived from higher-order inter-network 

graphs represent dynamics related to interaction with other networks. In this 

context, GNIs primarily capture inter-network communication. 
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3.2.8. Statistical analysis 

All statistical comparisons, except for the network-based statistics (as 

implemented in the NBS toolbox), were carried out using IBM SPSS (version 

20; IBM Corp, Armonk, NY).  

For the graph analysis, we used different statistics for global and local 

network inferences. For GNIs in all graphs, we applied two-way repeated 

measures analysis of variance (ANOVA), followed by post hoc comparisons 

using Bonferroni-corrected two-sided paired sample t-tests with an alpha level 

set at 0.05. Using ANOVA, we not only assessed the differences between two 

conditions, but also examined how these differences varied between absolute 

and relative comparison methods. As for the local network inferences which 

were conducted exclusively in higher-order inter-network graphs, we computed 

paired-sample t-tests for Lcc, with an alpha level set at 0.05 (two-tailed) with 

false discover rate (FDR) correction for multiple comparisons. As for Ebc, we 

also performed the NBS to identify significant differences in edge-level central-

ity. To analyse the connectivity strength within intra- and inter-network graphs 

we performed two-tailed paired-sample t-tests with an alpha level set at 0.05, 

with FDR correction for multiple comparisons between conditions under both 

absolute and relative comparison methods. 

3.2.9. Visualisation 

For visualisation purposes, we transferred our EEG electrode positions 

into the standard Montreal Neurological Institute (MNI) space via a projection 

of the coordinates (Koessler et al., 2009). For source space data visualisation, 

we transferred the centroids of 100 regions of interest from the 7-network 
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version of the Schaefer atlas (Schaefer et al., 2018) into the MNI space. Alt-

hough the location systems in sensor space and source space differ, we aligned 

them by projecting both onto the ICBM152 brain template (Fonov et al., 2009). 

Using BrainNet Viewer (Xia et al., 2013), a high-resolution anatomical atlas, we 

performed grand average network visualisations from binarised matrices across 

participants for each condition. 

To capture differences in connectivity patterns between conditions, we 

applied the NBS tests within each comparison method to preserve spatial infor-

mation of connectivity distribution. A one-sided paired-sample t-test with 5,000 

permutations was used, with a significance level of 0.05. Connections that sur-

vived the permutation test formed the edges in p-graphs, as illustrated in sensor 

space results (Fig. 3.3A-B bottom panel). For connections that were not statis-

tically significant, t-values were visualised as t-graphs. To improve clarity, t-

graphs displayed connections with t-values greater than 1.7 in the source space 

(Fig. 3.5AB bottom panel), corresponding to the critical t-value for a one-sided 

paired-sample t-test at 0.05 significance level with 36 participants. For intra-

SomMot (Fig. 3.6A lower panel), inter-network comparisons (Fig. 3.7A bottom 

panel), and Ebc (Fig. 3.7B top panel), t-graphs included connections with posi-

tive t-values (t > 0). 

3.2.10. Correlation analysis between global network infer-

ences and individual differences 

Prior to classification analyses, we quantified the correlation between 

GNIs and behavioural ratings for hot and warm conditions separately. To as-

sess the potential influence of age, we conducted correlations between partici-

pant age and each GNI. We further evaluated how individual differences in pain 
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responsiveness modulated GNIs using partial correlations, controlling for age 

and gender. Individual differences were defined using four behavioural 

measures: pain perception was defined as the mean difference in unpleasant-

ness ratings between hot and warm conditions for each participant; pain toler-

ance was operationalised as the change in average unpleasantness rating from 

the first third to the last third of the hot stimulation period; and pain-related psy-

chological traits were assessed using the PCS and the STAI-T. 

3.2.11. Machine learning classification 

GNIs were selected as features for classification, derived from individual 

or combined graph types including sensor space, source space, intra-SomMot, 

and inter-network graphs under both absolute and relative comparison methods. 

Our feature inclusion was primarily theory-driven rather than performance-opti-

mised, as the goal was to use classification to test the robustness of GNIs as 

potential biomarkers. We incorporated all GNIs from four graph types because 

each was hypothesised to capture distinct aspects of brain network organisa-

tion that may differentiate responses to hot and warm stimuli. Given the modest 

sample size, we deliberately avoided data-driven feature selection methods, 

which could increase the risk of overfitting and compromise the validity of cross-

validation. Instead, we systematically evaluated all possible combinations of the 

four feature sets and reported the three best-performing combinations. This 

strategy ensured methodological transparency and reduced the risk of overfit-

ting by avoiding any optimisation on the test set. 

To assess the predictive capacity of GNIs in distinguishing tonic pain 

states (hot vs. warm), we implemented a linear support vector machine (SVM) 

with L2 regularisation. The regularisation parameter (λ) was automatically 
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optimised within each training fold. Input features (GNIs) were standardised us-

ing z-score normalisation based on the training set’s mean and standard devi-

ation, and the trained model was used to classify the held-out subject’s data. 

A leave-one-subject-out cross-validation framework was applied across 

all 36 participants. For each fold, one subject’s data was held out for testing, 

while the remaining data were used for training and normalisation. Model per-

formance was evaluated using area under the receiver operating characteristic 

curve (AUC-ROC), and pooled inferences from the confusion matrix, including 

accuracy, sensitivity, and specificity. 

To assess the significance of the classifier’s discriminative performance, 

we conducted a permutation test with 1000 iterations. For each iteration, par-

ticipant labels were randomly shuffled to disrupt the true feature-label relation-

ship, and the entire cross-validation pipeline was repeated using these per-

muted labels. The null distribution of AUC-ROC values was generated from 

these shuffled-label iterations. The empirical p-value was computed as the pro-

portion of permutation AUCs exceeding or matching the original model’s AUC. 

This approach quantifies the probability that the observed classification perfor-

mance occurred by chance under the null hypothesis of no true feature-label 

association. 

3.3. Results  

3.3.1. Perception 

As we already showed in a previous study (Valentini et al., 2022), the 

unpleasantness ratings were significantly different between tonic hot and warm 

stimulation (T (35)=36.31, PFDR <0.001). This difference was accounted for by 
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greater unpleasantness during the hot condition (hot: 67.83±9.18, 95% 

CI = [64.73, 70.94]; warm 3.17±1.30, 95% CI = [2.23, 6.93]). These results 

demonstrate that the manipulation of thermal stimulation was effective in induc-

ing distinctive affective states in healthy participants. Moreover, a paired-sam-

ple t-test comparing the average unpleasantness rating from the first third of 

the hot condition to the average rating from the last third revealed a significant 

increase ( t (35) = 5.55, p < 0.001), suggesting a trend of sensitisation to the 

stimulus over time within the hot condition and thereby validating the successful 

experimental manipulation of tonic pain in our study. 

3.3.2. Brain-wide graph results in sensor space  

3.3.2.1. Sensor space connectivity results 

In the absolute comparison (Fig. 3.3A), the group-level graph construc-

tion in the axial plane revealed that edges in the hot condition were clustered 

bilaterally from the central to parietal regions and within parietal areas (Fig. 3. 

2A third row left panel). In contrast, the warm condition exhibited a more dis-

tributed edge pattern within brain regions, indicated by nodes of the same col-

our (Fig. 3.3A third row right panel). NBS revealed a significant graph with larger 

connectivity in the hot condition relative to warm condition (Fig. 3.3A fourth row 

left panel), comprising 60 nodes and 378 edges, predominantly distributed in 

posterior regions (P < 0.001). Conversely, the warm condition (Fig. 3.3A fourth 

row right panel) yielded a significant graph with larger connectivity relative to 

hot condition, consisting of 62 nodes and 410 edges, with a concentration of 

connections in the central region (P < 0.001). The relative hot and warm condi-

tions displayed distinct differences in both the dwPLI matrices and the 
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adjacency matrices (Fig. 3.3B). Connections were generally distributed 

throughout the scalp in the group-level relative hot graph (Fig. 3.3B third row 

left panel), with a greater concentration in the anterior regions, whereas the 

relative warm condition displayed a more central distribution (Fig. 3.3B third row 

right panel). The relative hot condition demonstrated significantly greater con-

nectivity pattern than the relative warm condition (Fig. 3.3B fourth row left panel) 

with connections predominantly extending from the frontal to parietal regions, 

comprising 51 nodes and 213 edges (P < 0.001). Conversely, the graph for the 

relative warm condition (Fig. 3.3B fourth row right panel), which indicated sig-

nificant graph with connectivity larger than the hot condition, revealed a distri-

bution pattern clustered from the frontal-central to central-parietal regions, max-

imally expressed in the central region, and comprised 58 nodes and 185 edges 

(P < 0.001).  

Results from both comparison methods revealed a significant pattern of 

increased frontoparietal connectivity in the hot condition compared to the warm 

condition, while the warm condition showed a significant stronger connectivity 

localised in the centre of the scalp relative to the hot condition. 

Although the adjacency matrices (Fig. 3.3, second row) and derived 

graphs (Fig. 3.3, third row) appear markedly different between the absolute and 

relative comparison methods, this difference reflects a key methodological point. 

Absolute comparison method captures overall connectivity strength, incorporat-

ing both intrinsic baseline activity and task-induced signals, whereas relative 

(baseline-normalised) matrices diminish shared baseline activity to isolate con-

dition-specific neural responses. Importantly, despite these visual differences 

at the group level, the condition-contrasts derived from network-based statistics 
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(p-graphs) were more consistent across the two methods, suggesting that con-

dition-contrast connectivity patterns were robustly identified regardless of com-

parison methods used. 

 

 

Figure 3.3. Functional graphs elicited by hot and warm stimulation using 

two comparison methods in sensor space. (A) Group-level functional con-

nectivity matrices for hot and warm stimulation (first row). The corresponding 
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adjacency matrices (second row) were used to constructed undirected, un-

weighted graphs (third row). Sensors corresponding to different scalp regions 

(Prefrontal, Frontal, Temporal, Frontal-central, Central, Central-parietal, Parie-

tal, and Occipital) were colour-labelled for visual distinction. Condition contrast 

significant connectivity patterns were identified using NBS and visualised as P-

graphs (fourth row). The left panel showed hot-preferred responses, and the 

right panel showed warm-preferred responses. (B) Similar to (A) but using a 

relative comparison method in which each subject’s dwPLI matrix under stimu-

lation was normalised by their own eyes-open resting-state dwPLI matrix. (C) 

Violin plots with overlaid scatter and box plots show the results of repeated-

measures ANOVA with Bonferroni correction for post hoc comparisons of four 

GNIs across the hot (red) and warm (orange) conditions and two comparison 

methods. A green-filled circle with a black edge denotes the mean value for 

each group. A significant graph emerged, characterised by increased frontopa-

rietal connectivity for hot stimulation, whereas the warm stimulation condition 

showed stronger, centrally distributed connectivity. Additionally, a notably 

higher degree of functional segregation was observed in the graphs elicited by 

warm stimulation compared to those from hot stimulation, as demonstrated by 

both comparison methods. NBS, network-based statistics; GNIs, global network 

inferences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, small-

worldness; Mod, modularity. *P < .05, ***P < .001. 

 

3.3.2.2. Sensor space graph analysis results  

Significant main effects of stimulus condition (warm vs. hot) and com-

parison method (absolute vs. relative) were observed across all GNIs: func-

tional segregation (Gcc), integration (Geff), small-worldness (Sw), and modu-

larity (Mod) (Fig. 3.3C). Warm stimulation consistently enhanced functional seg-

regation compared to hot stimulation under both comparison methods. Absolute 

comparisons amplified this effect, yielding higher Gcc than relative methods 

across stimuli. For functional integration (Geff), relative comparisons produced 
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substantially higher values than absolute methods in both conditions; notably, 

hot stimulation elicited greater Geff than warm stimulation only in the absolute 

comparisons. Both Sw and Mod were markedly elevated in the absolute versus 

relative comparisons, with warm stimulation further increasing Mod in absolute 

(but not relative) contexts. Detailed statistical results (ANOVA, post-hoc tests) 

are provided in Table 3.1. In summary, graphs induced by warm stimulation 

showed significantly greater segregation (Gcc), reduced integration (Geff), and 

improved information transfer into distinct modules (Mod) compared to those 

elicited by hot stimulation in absolute comparisons. Whilst relative comparisons 

only reflected increased segregation (Gcc) for warm stimuli.  
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Table 3.1. Statistical results for GNIs from graphs derived from alpha band in sensor space (ANOVA and Post-hoc Compar-

isons). 

GNIs Effect F₁,₃₅ P ηp
2  Post-hoc Comparisons T₃₅ PBonferroni 95% CI 

Gcc Stim (Main) 8.34 0.01 0.19 
Warm > Hot (Abs) 2.19 0.04 [0.00, 0.07] 

Warm > Hot (Rel) 2.36 0.03 [0.00, 0.06] 

Gcc Comp (Main) 21.4 0 0.38 
Abs > Rel (Hot) 3.81  < 0.001 [0.03, 0.09] 

Abs > Rel (Warm) 3.56 0.001 [0.03, 0.10] 

Geff Comp (Main) 223 <0.001 0.86 
Rel > Abs (Hot) 9.09 <0.001 [0.08, 0.12] 

Rel > Abs (Warm) 13.3 <0.001 [0.11, 0.16] 

Geff Stim × Comp (Interaction) 5.73 0.02 0.14 
Hot > Warm (Abs only) 2.07 0.05 [0.00, 0.06] 

Hot vs Warm (Rel): ns 1.33 0.16 [0.00, 0.01] 

Sw Stim (Main) 8.36 0.01 0.19 
Hot vs Warm (Abs): ns -1.9 0.07 [-0.45, 0.01] 

Hot vs Warm (Rel): ns -1.85 0.07 [-0.40, 0.02] 

Sw Comp (Main) 61.3 <0.001 0.64 
Abs > Rel (Hot) 5.66 <0.001 [0.32, 0.69] 

Abs > Rel (Warm) 3.56 <0.001 [0.03, 0.10] 

Mod Stim (Main) 38.5 <0.001 0.52 
Warm > Hot (Abs only) 7.2 <0.001 [0.05, 0.09] 

Warm vs Hot (Rel): ns 0.5 0.62 [-0.01, 0.02] 

Mod Comp (Main) 154 <0.001 0.82 
Abs > Rel (Hot) 8.83 <0.001 [0.04, 0.07] 

Abs > Rel (Warm) 10.17 <0.001 [0.10, 0.15] 

Mod Stim × Comp (Interaction) 33.3 <0.001 0.49     

 
 

Note. GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-worldness; Mod, modu-

larity; Stim, Stimulus; Comp, Comparison; Abs, absolute comparison; Rel, relative comparison.
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3.3.2.3. Exploratory results of graphs derived from theta, beta 

and gamma bands in sensor space 

Aligned with the alpha band findings, condition-contrast graphs across 

all frequency bands exhibited greater consistency than group-level condition-

specific graphs elicited by hot and warm stimulation (Fig. 3.4). Under absolute 

comparisons, condition-specific graphs showed predominantly occipital con-

nectivity across all bands (Fig. 3.4 ABC, upper and left-half panel), accompa-

nied by additional frontal connectivity in the theta band (Fig. 3.4A), central con-

nectivity in the beta band (Fig. 3.4B), and prefrontal connectivity in the gamma 

band (Fig. 3.4C). In contrast, relative comparisons consistently revealed dense 

right-frontal to left-parietal connectivity across all frequency bands (Fig. 3.4 

ABC, upper and right-half panel). 

The majority of condition contrasts did not reach statistical significance, 

and the corresponding t-graphs consisted of sparse connectivity (Fig. 3.4 ABC, 

lower panel). The only statistically significant contrast was identified in the beta 

band under absolute comparison (Fig. 3.4B, lower panel second column), which 

showed greater connectivity during warm than hot stimulation (P = 0.04). This 

graph comprised 107 edges and 52 nodes, distributed within the right hemi-

sphere (frontal to parietal regions) and included cross-hemispheric connections 

from left frontal to right parietal areas. 

Unlike the robust findings in the alpha band, no main effect of stimulus 

condition was observed in other frequency bands. A post hoc difference was 

detected only in the theta band, with higher Mod during hot compared to warm 

stimulation. 
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Overall, the limited number of significant GNI results and the sparsity of 

condition-contrast t-graphs restrict the interpretability of findings outside the al-

pha band. Although oscillatory activity in theta, beta, and gamma bands is im-

plicated in pain-related brain dynamics, the present results highlight alpha os-

cillations as the primary frequency band of interest for subsequent analyses.  

The results of GNIs in other frequency bands were shown in Table 3.2. 
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Figure 3.4 Functional graphs derived from theta, beta, and gamma bands 

elicited by hot and warm stimulation using two comparison methods in 

sensor space. (A) Group-level undirected, unweighted graphs derived from 

theta band (upper panel). Sensors corresponding to different scalp regions 

(Prefrontal, Frontal, Temporal, Frontal-central, Central, Central-parietal, Parie-

tal, and Occipital) were colour-labelled for visual distinction. Condition contrast 

connectivity patterns were identified using NBS (lower panel). T-graphs are 

constructed from connections with a t-value greater than 1.7 from the between-

condition contrast; non-significant results are shown with reduced opacity. P-

graphs depicting the statistically significant connectivity contrasts are also in-

cluded. The left half of each panel displays results from the absolute compari-

son method, while the right half displays results from the relative comparison 

method, in which each participant’s stimulation dwPLI matrix was normalised to 

their own eyes-open resting-state dwPLI matrix. (B-C) Equivalent analyses for 

the beta and gamma bands, respectively. NBS, network-based statistics. 
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Table 3.2. Statistical results for GNIs graphs derived from other frequency band in sensor space (ANOVA and Post-hoc Compari-
sons). 
 

Frequency bands GNIs Effect F₁,₃₅ P ηp
2  Post-hoc Comparisons T₃₅ PBonferroni 95% CI 

Theta (4-8 Hz) Gcc Comp (Main) 32.33 < 0.001 0.48 
Abs > Rel (Hot) 3.53 < 0.001 [0.03, 0.08] 

Abs > Rel (Warm) 5.00 < 0.001 [0.04, 0.09] 

Theta (4-8 Hz) Geff Comp (Main) 110.36 < 0.001 0.76 
Rel > Abs (Hot) 8.90 <0.001 [0.07, 0.11] 

Rel > Abs (Warm) 9.00 <0.001 [0.07, 0.11] 

Theta (4-8 Hz) Sw Comp (Main) 45.43 < 0.001 0.57 
Abs > Rel (Hot) 4.71 <0.001 [0.29, 0.72] 

Abs > Rel (Warm) 7.53 <0.001 [0.44, 0.77] 

Theta (4-8 Hz) Mod Comp (Main) 132.92 <0.001 0.79 
Abs > Rel (Hot) 10.57 <0.001 [0.06, 0.09] 

Abs > Rel (Warm) 6.00 <0.001 [0.03, 0.06] 

Theta (4-8 Hz) Mod 
Stim × Comp 
(Interaction) 

6.26 0.02 0.15 
Hot > Warm (Abs) 2.00 0.04 [0.00, 0.04] 
Warm > Hot (Rel) 1.75 0.09 [0.00, 0.02] 

Beta (14-30 Hz) Gcc Comp (Main) 139.06 < 0.001 0.80 
Abs > Rel (Hot) 8.94 < 0.001 [0.12, 0.19] 

Abs > Rel (Warm) 11.85 < 0.001 [0.13, 0.18] 

Beta (14-30 Hz) Geff Comp (Main) 132.84 < 0.001 0.79 
Rel > Abs (Hot) 9.09 <0.001 [0.08, 0.12] 

Rel > Abs (Warm) 10.67 <0.001 [0.08, 0.11] 

Beta (14-30 Hz) Sw Comp (Main) 232.55 < 0.001 0.87 
Abs > Rel (Hot) 10.89 <0.001 [0.71, 1.03] 

Abs > Rel (Warm) 10.67 <0.001 [0.64, 0.94] 

Beta (14-30 Hz) Mod Comp (Main) 243.63 <0.001 0.87 
Abs > Rel (Hot) 11.60 <0.001 [0.10, 0.14] 

Abs > Rel (Warm) 11.40 <0.001 [0.09, 0.13] 

Gamma (60-100 Hz) Gcc Comp (Main) 129.25 < 0.001 0.79 
Abs > Rel (Hot) 13.38 < 0.001 [0.13, 0.20] 

Abs > Rel (Warm) 10.35 < 0.001 [0.14, 0.21] 

Gamma (60-100 Hz) Geff Comp (Main) 108.97 < 0.001 0.76 
Rel > Abs (Hot) 7.90 <0.001 [0.06, 0.10] 

Rel > Abs (Warm) 9.25 <0.001 [0.06, 0.09] 

Gamma (60-100 Hz) Sw Comp (Main) 75.20 < 0.001 0.68 
Abs > Rel (Hot) 6.38 <0.001 [0.47, 0.90] 

Abs > Rel (Warm) 7.39 <0.001 [0.59, 1.05] 

Gamma (60-100 Hz) Mod Comp (Main) 223.60 <0.001 0.87 
Abs > Rel (Hot) 11.60 <0.001 [0.10, 0.14] 

Abs > Rel (Warm) 14.33 <0.001 [0.11, 0.15] 
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Note. GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-worldness; Mod, modularity; Abs, 
absolute comparison; Rel, relative comparison. 
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3.3.3. Brain-wide graph results in source space  

3.3.3.1. Source space connectivity results 

Across both comparison methods (Fig. 3.5A-B), the hot condition graphs 

displayed a more bilateral distribution (Fig. 3.5A-B third row left panel), while 

the warm condition graphs exhibited a connectivity pattern dominated by the 

right hemisphere (Fig. 3.5A third row right panel). Although no significant 

graphs were identified after NBS, t-graphs from both comparison methods con-

sistently showed that the hot contrasts were primarily concentrated in the left 

frontoparietal regions (Fig. 3.5A-B, fourth row, left panel). In contrast, the warm 

contrasts were predominantly localised in the right hemisphere, particularly 

around the SomMot networks (Fig. 3.5A-B, fourth row, right panel). 

Despite the lack of statistical significance, these results consistently re-

vealed distinct ipsilateral-dominant differential connectivity patterns emerged in 

brain regions preferentially responsive to hot and warm stimulation consistent 

across comparison methods (Fig. 3.5A-B, fourth row). Furthermore, source 

space projections exhibited greater concordance between the absolute and rel-

ative comparison methods, particularly in the group-level condition-specific and 

condition-contrast graphs, than was observed in sensor space analyses. 
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Figure 3.4. Functional graphs elicited by hot and warm stimulation using 

two comparison methods in source space. (A) Group-level functional con-

nectivity matrices for hot and warm stimulation (first row) projected in source 
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space for 100 pairs of brain regions organised into 7 different functional net-

works (Visual, Somato-motor, Dorsal Attention, Salience-Ventral Attention, 

Limbic, Control, and Default). Adjacency matrices (second row) were con-

structed as absolute, unweighted graphs (third row), t-graphs (fourth row) con-

structed from connections with a t-value larger than 1.7 compared between 

conditions using NBS (shown in reduced opacity indicate non-significant re-

sults). The left panel showed hot-preferred responses, and the right panel 

showed warm-preferred responses. (B) Similar to (A) but using a relative com-

parison. (C) Violin plots with overlaid scatter, and box plots illustrate the results 

of repeated-measures ANOVA with Bonferroni correction for post hoc compar-

isons of four GNIs across the hot (red) and warm (orange) conditions and two 

comparison methods. A green-filled circle with a black edge denotes the mean 

value for each group. A stable pattern emerged across both comparison meth-

ods, with the hot condition showing a bilateral distribution of connectivity, while 

the warm condition exhibited a right-lateralised distribution. Notably, hot stimu-

lation consistently elicited increased connectivity in the left frontoparietal re-

gions, whereas the warm condition was associated with enhanced connectivity 

around the SomMot network. Graphs evoked by the hot stimulus exhibited a 

significantly lower degree of functional segregation in the relative comparison 

and a significantly higher degree of functional integration in the absolute com-

parison compared to those from warm stimulation, which were consistent with 

the results in sensor space. NBS, network-based statistics; GNIs, global net-

work inferences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, 

small-worldness; Mod, modularity. *P < .05, ***P < .001.  

 

3.3.3.2. Source space graph analysis results  

In source space, GNIs revealed significant effects of comparison method 

and stimulus condition (Fig. 3.5C). Absolute comparison consistently produced 

higher functional segregation (Gcc) than relative comparison across both stim-

ulus conditions, while warm stimulation increased Gcc specifically in relative 

comparisons. For functional integration (Geff), absolute comparisons enhanced 
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values during hot, and hot stimulation increased Geff exclusively in absolute 

comparisons. Small-worldness (Sw) was elevated in absolute comparisons for 

both stimuli, with warm stimulation increasing Sw across methods. Modularity 

(Mod) was higher in absolute comparisons, with hot stimulation enhancing Mod 

in both methods. Detailed statistical results are in Table 3.3.  

In summary, the graph analysis revealed that absolute comparisons ex-

hibited higher functional segregation (Gcc), greater small-world properties (Sw), 

and enhanced information processing capabilities (Mod) compared to relative 

comparisons across both stimulus conditions in the source space. These re-

sults aligned with sensor-space findings, which also indicated reduced segre-

gation for hot stimuli in relative comparisons and enhanced integration for hot 

stimuli in absolute comparisons. 
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Table 3.3. Statistical results for GNIs from graphs in source space (ANOVA and Post-hoc Comparisons). 

GNIs Effect F₁,₃₅ P ηp
2  Post-hoc Comparisons T₃₅ PBonferroni 95% CI 

Gcc Stim (Main) 54.8 <0.001 0.61 
Abs > Rel (Hot) 7.4 <0.001 [0.05, 0.09] 

Abs > Rel (Warm) 4.3 0.001 [0.02, 0.06] 

Gcc Stim×Comp (Interaction) 6.68 0.01 0.16 
Warm > Hot (Rel only) 2.5 0.01 [0.00, 0.04] 
Warm vs Hot (Abs): ns 1 0.35 [-0.03, 0.01] 

Geff Comp (Main) 5.23 0.03 0.13 
Abs > Rel (Hot only) 3.2 0 [0.01, 0.03] 

Abs > Rel (Warm): ns 0.5 0.63 [-0.01, 0.01] 

Geff Stim × Comp (Interaction) 6.75 0.01 0.16 
Hot > Warm (Abs only) 2.29 0.03 [0.00, 0.03] 
Hot vs Warm (Rel): ns 1 0.26 [-0.01, 0.00] 

Sw Stim (Main) 7.6 0.01 0.18 
Warm > Hot (Abs) 2.07 0.04 [0.00, 0.11] 
Warm > Hot (Rel) 2.18 0.04 [0.00, 0.07] 

Sw Comp (Main) 19.2 <0.001 0.64 
Abs > Rel (Hot) 3.57 0.001 [0.04, 0.13] 

Abs > Rel (Warm) 3.61 <0.001 [0.05, 0.16] 

Mod Comp (Main) 14.4 <0.001 0.29 
 Abs>Rel (Hot) 2.17 0.04 [0.00, 0.03] 

 Abs>Rel (Warm) 4.33 <0.001 [0.01, 0.04] 

 

Note. GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-worldness; Mod, modu-

larity; Stim, Stimulus; Comp, Comparison; Abs, absolute comparison; Rel, relative comparison. 
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3.3.4. Higher-order intra-network and inter-network connectivity 

strength results 

To understand better the brain-wide graph connectivity dynamics, we 

categorised them into intra-network and inter-network connections. Intra-net-

work connectivity (Fig. 3.6, top) showed increased hot-stimulation connectivity 

in SomMot, Limbic, and Cont networks for absolute comparisons, and in Cont 

and SomMot (marginally) for relative comparisons. Conversely, relative com-

parisons exhibited increased warm-stimulation connectivity in Visual, DorsAttn, 

SalVentAttn, and Default networks. For inter-network connectivity (Fig. 3.6, bot-

tom), absolute comparisons demonstrated higher hot-stimulation connectivity 

in Limbic and Cont networks, with no significant effects in relative comparisons. 

Detailed statistical results are in Table 3.4. 

In summary, Limbic and Cont networks exhibited significantly higher in-

tra-network connectivity associated with hot stimulation in both comparisons. 

Moreover, SomMot network showed significantly higher intra-network connec-

tivity in absolute comparison but marginally higher intra-network connectivity for 

relative comparison.  
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Figure 3.5. Intra-network and inter-network connectivity strength. Box 

plots display intra- and inter-network mean connections were performed using 

a paired-sample t-test with FDR correction for two comparison methods. Som-

Mot exhibited greater intra-network connectivity in the hot condition compared 

to the warm condition for both comparison methods. Abs, absolute comparison; 

Rel, relative comparison; Vis, Visual; SomMot, Somato-Motor; DorsAttn, Dorsal 

Attention; SalVentAttn, Salience-Ventral Attention; Cont, Control. *P < .05, **P 

< .01, ***P < .001, “∼” indicates the difference is marginally significant. 
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Table 3.4. Connectivity strength results (FDR-corrected t-tests).  

 

Note. Vis, Visual; SomMot, Somato-Motor; DorsAttn, Dorsal Attention; SalVen-

tAttn, Salience-Ventral Attention; Cont, Control

Network 
Connec-
tion Type 

Compar-
ison 

T₃₅ PFDR 95% CI 
Co-

hen's d 
Direc-
tion 

Vis Intra Relative 
-

2.39 
0.03 

[-0.05, 
0.00] 

0.07 -2.39 

SomMot Intra Absolute 2.62 0.03 
[0.01, 
0.08] 

0.11 2.62 

SomMot Intra Relative 2.07 0.05 
[0.00, 
0.06] 

0.35 2.07 

Dor-
sAttn 

Intra Relative 
-

3.06 
0.01 

[-0.04, -
0.01] 

0.05 -3.06 

SalVen-
tAttn 

Intra Relative 
-

2.75 
0.02 

[-0.17, -
0.11] 

0.14 -2.75 

Limbic Intra Absolute 2.69 0.03 
[0.02, 
0.14] 

0.17 2.69 

Cont Intra Absolute 2.74 0.03 
[0.01, 
0.09] 

0.11 2.74 

Cont Intra Relative 2.53 0.03 
[0.01, 
0.07] 

0.09 2.53 

Default Intra Relative 
-

3.61 
0.01 

[-0.06, -
0.02] 

0.07 -3.61 

Limbic Inter Absolute 3.08 0.01 
[0.02, 
0.09] 

0.43 3.08 

Cont Inter Absolute 3.08 0.01 
[0.01, 
0.07] 

0.43 3.08 
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3.3.5. Higher-order intra-SomMot graph results 

3.3.5.1. Intra-SomMot connectivity results  

Focussing on the SomMot network (Fig. 3.7), group-level graphs exhib-

ited distinct bilateral patterns with a concentration of connections in the right 

hemisphere in both comparison methods and stimulus conditions (Fig. 3.7A). 

Although no significant graphs were found post-NBS, t-graphs illustrated con-

nections with t-values greater than zero. The hot contrast exhibited a bilateral 

pattern in the absolute comparison (Fig. 3.7A second row first column), 

whereas in the relative comparison, it showed a left hemisphere-dominated pat-

tern accompanied by cross-hemispheric connections (Fig. 3.7A second row 

third column). In contrast, the warm contrast (Fig. 3.7A second row second and 

fourth columns) exhibited a right hemisphere-dominant pattern across both 

comparison methods. 

In summary, we observed that during tonic pain, though not surviving 

statistical correction, the SomMot network shifted from a right hemisphere-dom-

inant, clustered organisation (warm condition) to a more bilateral, distributed 

connectivity profile (hot condition) in both comparison methods (Fig. 3.7A, sec-

ond row). 
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Figure 3.6: Higher-order intra-SomMot graph. (A) Group-level intra-network 

graphs (upper panel) for the SomMot and corresponding t-graphs (t > 0; shown 

in reduced opacity indicate non-significant results, in the lower panel) were gen-

erated following NBS analysis across different stimulus conditions. The left-half 

panel for absolute comparison and the right-half panel for relative comparison. 

(B) Violin plots with overlaid scatter, and box plots illustrate the results of re-

peated-measures ANOVA with Bonferroni correction for post hoc comparisons 

of four GNIs across the hot (red) and warm (orange) conditions and two com-

parison methods. A green-filled circle with a black edge denotes the mean value 

for each group. The t-graphs from both comparison methods showed less clus-

tered edges distributed bilaterally within intra-SomMot connectivity in hot-pre-

ferred comparisons and a right hemisphere-dominated pattern with greater 
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clustering in the warm-preferred comparisons. The Gcc induced by warm stim-

ulation was significantly larger than that induced by hot stimulation in both com-

parison methods. NBS, network-based statistics; GNIs, global network infer-

ences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, small-

worldness; Mod, modularity. *P < .05, ***P < .001.  

 

3.3.5.2. Intra-SomMot graph results  

In the analysis of SomMot graph inferences, only functional segregation 

(Gcc) showed significant effects (Fig. 3.7B). The Absolute comparison pro-

duced higher Gcc than relative for both stimulus conditions, while warm stimu-

lation consistently enhanced Gcc versus hot stimulation across both compari-

son methods. This pattern aligns with the observed right hemisphere-domi-

nated clustering in warm condition graphs compared to the less clustered intra-

SomMot connectivity in hot condition graphs (detailed statistical results are in 

Table 3.5). 

In summary, for connections within the SomMot network across both 

stimulus conditions, the absolute comparison demonstrated greater functional 

segregation (Gcc) than relative comparison. Moreover, across both comparison 

methods, distinct processing dynamics were reflected in significant differences 

in global segregation, which may account for the contrasting connectivity pat-

terns between conditions. Specifically, Gcc associated with warm stimulation 

was significantly larger than that induced by hot stimulation, likely due to the 

distribution of less clustered edges within intra-SomMot connectivity in the hot 

condition’s t-graphs (Fig. 3.7 second row first and third columns). In contrast, 

right hemisphere-dominated patterns with greater clustering were observed in 

the warm condition's t-graphs (Fig. 3.7 second row second and fourth columns).  
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3.3.6. Higher-order inter-network graph results 

3.3.6.1. Inter-network connectivity results  

For the inter-network graph results (Fig. 3.8), although no statistically 

significant effects were observed, both comparison methods consistently indi-

cated greater inter-network communication during hot stimulation compared to 

warm stimulation. Moreover, the t-graphs for the hot contrast in both compari-

son methods highlighted increased involvement of the DorsAttn and SomMot 

networks (Fig. 3.8A, third row, first and third columns). 
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Figure 3.7. Inter-network analysis and local and global graph inferences 

for inter-network graph. (A) Group-level inter-network weighted matrices (first 

and second row) and corresponding t-graphs (t > 0; shown in reduced opacity 

indicate non-significant results, third row) were generated following NBS 
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analysis across different stimulus conditions. The left-half panel for absolute 

comparison and the right-half panel for relative comparison. (B) Results for local 

graph inferences analysis. Ebc corresponded t-graphs generated following 

NBS (t > 0; shown in reduced opacity, upper panel); box plots illustrate the 

statistical analysis for Lcc by paired-sample t-test with FDR correction between 

stimulus conditions for two comparison methods (lower panel). (C) Violin plots 

with overlaid scatter and box plots show the results of repeated-measures 

ANOVA with Bonferroni correction for post hoc comparisons of two GNIs across 

the hot (red) and warm (orange) conditions and two comparison methods. A 

green-filled circle with a black edge denotes the mean value for each group. 

The t-graphs illustrating both higher inter-network connectivity and Ebc evoked 

by hot stimulation emphasised the importance of edges connecting the SomMot 

network with other networks in both comparison methods. In absolute compar-

ison, higher Lcc across all networks leading to significant higher Gcc in hot con-

dition for inter-network graph. NBS, network-based statistics; GNIs, global net-

work inferences; Gcc, global clustering coefficient; Geff, global efficiency. *P 

< .05, ***P < .001. 

 

3.3.6.2. Inter-network graph results  

Local graph inferences were computed using Ebc, and Lcc for each net-

work in the weighted graph (Fig. 3.8B). Although the effects did not survive 

statistical correction, the t-graph after NBS revealed distinct edges centred on 

the SomMot network for the hot contrast under the absolute comparison (Fig. 

3.8B, upper panel, first column). For Ebc in the hot contrast under the relative 

comparison, the t-graph shared four edges with that of the absolute comparison. 

Among these, two edges (SomMot–Limbic and SomMot–Cont) represented 

connections linking the SomMot network with other networks (Fig. 3.8B, upper 

panel, third column). 
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All seven networks exhibited significantly higher local clustering (Lcc) 

under hot versus warm condition in absolute comparison (Fig. 3.8B lower and 

left panel), while relative comparison (Fig. 3.8B lower and right panel) showed 

no significant differences (detailed statistics are in Table 3.5). 

 

Table 3.5. Lcc Statistical results in absolute comparisons. 

Network T₃₅ PFDR 95% CI 
Cohen's 

d 
Direction 

Visual 2.93 0.01 
[0.14, 
0.83] 

0.06 
Hot > 
Warm 

SomMot 2.96 0.01 
[0.14, 
0.84] 

0.07 
Hot > 
Warm 

DorsAttn 2.23 0.03 
[0.03, 
0.71] 

0.07 
Hot > 
Warm 

SalVen-
tAttn 

2.42 0.03 
[0.06, 
0.74] 

0.06 
Hot > 
Warm 

Limbic 3.44 0.01 
[0.22, 
0.92] 

0.08 
Hot > 
Warm 

Cont 3.47 0.01 
[0.22, 
0.93] 

0.08 
Hot > 
Warm 

Default 2.38 0.03 
[0.05, 
0.73] 

0.06 
Hot > 
Warm 

 

Note. Lcc, local clustering coefficient; Vis, Visual; SomMot, Somato-Motor; Dor-

sAttn, Dorsal Attention; SalVentAttn, Salience-Ventral Attention; Cont, Control. 

 

For GNIs from inter-network connections (Fig. 3.8C), both functional 

segregation (Gcc) and integration (Geff) showed significant stimulus and com-

parison method effects. Absolute comparison revealed higher Gcc and Geff for 

hot versus warm stimulation, while relative comparison enhanced both metrics 

exclusively under hot stimulation. This divergence from intra-network findings 

reflects hot stimulation's stronger inter-network connectivity, evidenced by 

greater edge density and edge betweenness centrality in t-graphs. Crucially, 

these patterns highlight SomMot network's crosstalk with other networks, 



95 

 

 

 

particularly through connections strengthened by hot stimulation (detailed sta-

tistics are in Table 3.6). 

In summary, the GNIs indicated that absolute comparison demonstrates 

greater functional segregation (Gcc) for inter-network connections recruited by 

hot stimulation (Fig. 3.8C). The significantly greater Gcc in the inter-network 

connectivity matrix in the hot compared to the warm condition may be attributed 

to the significantly higher Lcc in each network from that graph (Fig. 3.8B lower 

and left panel), reflecting overall enhanced network communication during nox-

ious stimulation. Although NBS-based condition-contrast t-graphs did not sur-

vive statistical correction, their spatial pattens showed qualitatively alignment 

with the network inferences results. Specifically, the larger number of edges in 

t-graph which represents larger inter-network connectivity evoked by hot than 

warm stimulation in absolute comparison (Fig. 3.8A third row, left-half panel), 

was consistent with the significant segregation effects captured by Gcc and Lcc. 

These patterns were particularly evident in connections involving the 

SomMot. The t-graphs illustrating both higher inter-network connectivity (Fig. 

3.8A third row first and third columns) and Ebc evoked by hot stimulation (Fig. 

3.8B upper panel first and third columns) emphasised the importance of edges 

connecting the SomMot network with other networks in both comparison meth-

ods. Therefore, the higher-order inter-network graphs highlights the crosstalk 

of SomMot with other networks. 

While these edge-level patterns should be interpreted cautiously given 

their non-significant status, they provide complementary spatial context to the 

significant network-level findings revealed by graph-theoretical analysis. 
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Table 3.6. Statistical results for GNIs from intra-SomMot and inter-network graphs (ANOVA and Post-hoc Comparisons).  

Graphs GNIs Effect F₁,₃₅ P ηp
2  Post-hoc Comparisons T₃₅ PBonferroni 95% CI 

Intra-SomMot Gcc Stim (Main) 7.33 0.01 0.17 
Warm > Hot (Abs) 2.39 0.02 [0.01, 0.12] 
Warm > Hot (Rel) 2.55 0.02 [0.02, 0.14] 

Intra-SomMot Gcc Comp (Main) 6.25 0.02 0.15 
Abs > Rel (Hot) 2.14 0.04 [0.01, 0.15] 

Abs > Rel (Warm) 2.52 0.01 [0.01, 0.11] 

Inter-network Gcc Stim (Main) 5.23 0.03 0.13 
Hot > Warm (Abs only) 3 0.01 [0.01, 0.06] 
Hot vs Warm (Rel): ns 1.25 0.25 [-0.00, 0.01] 

Inter-network Gcc Comp (Main) 6.75 0.01 0.16 
Rel > Abs (Hot only) 4.11 <0.001 [0.02, 0.06] 

Rel vs Abs (Warm): ns 1.29 0.21 [-0.01, 0.02] 
Inter-network Gcc Stim×Comp (Interaction) 7.6 0.01 0.18 

    
    

Inter-network Geff Stim (Main) 7.81 0.01 0.19 
Hot > Warm (Abs only) 2.82 0.01 [0.01, 0.05] 
Hot vs Warm (Rel): ns 1 0.36 [-0.01, 0.01] 

Inter-network Geff Comp (Main) 14.7 <0.001 0.3 
Rel > Abs (Hot only) 4.11 <0.001 [0.02, 0.06] 

Rel vs Abs (Warm): ns 1.43 0.17 [-0.00, 0.02] 

Inter-network Geff Stim×Comp (Interaction) 6.51 0.02 0.16 
        

        

 

Note. GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Stim, Stimulus; Comp, Comparison; 

Abs, absolute comparison; Rel, relative comparison. 
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3.3.7. Correlation between global network inferences and individ-

ual differences  

We assessed condition-specific relationships between GNIs and un-

pleasantness ratings for both absolute and relative comparisons (Table 3.7). 

Under absolute comparisons, six significant associations were identified (Fig 

3.7A): inter-network Gcc and Geff positively correlated with unpleasantness 

during the hot condition (Gcc: r = 0.35, P(uncorrected) = 0.04; Geff: r = 0.34, P(uncor-

rected) = 0.04), while the same GNIs inversely correlated with unpleasantness 

during the warm condition (Gcc: r = −0.40, P(uncorrected) = 0.02; Geff: r = −0.38, 

P(uncorrected) = 0.02). For the warm condition, sensor space Geff showed a posi-

tive correlation (r = 0.38, P(uncorrected) = 0.02), whereas source space Geff exhib-

ited a negative correlation (r = −0.40, P(uncorrected) = 0.02) with unpleasantness. 

These findings suggest that inter-network Gcc and Geff differentially encode 

tonic hot and warm perception, with opposing directional effects between the 

two conditions. In contrast, relative comparisons revealed no significant corre-

lations between individual GNIs and unpleasantness ratings (all P > 0.05). 

No significant correlations were observed between participant age and 

any GNIs. Similarly, after controlling for age and gender using partial correlation, 

no significant relationships were found between GNIs and individual differences 

in pain perception (defined as the mean unpleasantness difference between 

hot and warm conditions) or pain tolerance (operationalised as the change in 

unpleasantness from the first to last third of hot stimulation) (all P > 0.05). 

However, significant associations emerged between GNIs and pain-re-

lated psychological traits. Pain catastrophising, as measured by the PCS, 

showed significant positive correlations with three GNIs derived from the hot 
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condition in the absolute comparison: source space Gcc (r = 0.55, P(uncorrected) = 

0.01); Gcc and Geff from inter-network graph (both r = 0.44, P(uncorrected) = 0.04). 

Conversely, trait anxiety was negatively correlated with six GNIs under the 

warm condition: Gcc in absolute condition from intra-SomMot graph (r = −0.44, 

P(uncorrected) = 0.04), Gcc and Geff in relative comparison from source space 

graph (Gcc: r = −0.53, P(uncorrected) = 0.01; Geff: r = −0.50, P(uncorrected) = 0.02), 

Gcc in relative comparison from intra-SomMot graph (r = −0.48, P(uncorrected) = 

0.02), Gcc and Geff in relative comparison from inter-network graph (both r = 

−0.50, P(uncorrected) = 0.02). 

Together, these findings suggest that pain-related psychological traits 

(pain catastrophising and anxiety) significantly shaped functional network char-

acteristics during noxious and innocuous thermal stimulation, even in the ab-

sence of effects related to age and gender. Pain catastrophising was associ-

ated with greater segregation and integration during noxious stimulation, 

whereas higher anxiety was linked to reduced network segregation and inte-

gration during innocuous warmth. 
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Table 3.7. Correlation coefficients between GNIs and unpleasantness rat-

ings across graph types and comparison methods during hot and warm 

conditions. 

Conditions 
Type of 
graphs 

Comparison 
method 

 Correlation Coefficient (P[uncorrected]) 

Gcc Geff Sw Mod 

Hot 

Sensor space  
Absolute 0.09(0.60) -0.11(0.51) 0.04(0.81) 0.17(0.33) 

Relative 0.04(0.80) 0.00(0.99) 0.05(0.78) 0.28(0.10) 

Source space  
Absolute 0.20(0.25) 0.29(0.09) -0.12(0.50) -0.24(0.17) 

Relative -0.12(0.47) 0.12(0.48) -0.21(0.23) -0.10(0.57) 

intra-SomMot 
Absolute -0.01(0.93) 0.23(0.19) - 0.05(0.77) 

Relative 0.22(0.20) 0.14(0.42) - 0.04(0.82) 

inter-network 
Absolute 0.35(0.04) 0.34(0.04) - - 

Relative 0.17(0.32) 0.16(0.35) - - 

Warm 

Sensor space  
Absolute 0.18(0.30) 0.38(0.02) 0.04(0.84) 0.21(0.21) 

Relative 0.22(0.19) -0.14(0.43) 0.25(0.14) -0.26(0.13) 

Source space  
Absolute -0.29(0.09) -0.40(0.02) 0.06(0.74) 0.04(0.82) 

Relative 0.06(0.75) 0.07(0.68) 0.10(0.57) -0.05(0.79) 

intra-SomMot 
Absolute -0.07(0.66) -0.11(0.51) - -0.10(0.55) 

Relative 0.11(0.51) 0.04(0.80) - -0.11(0.51) 

inter-network 
Absolute -0.40(0.02) -0.39(0.02) - - 

Relative -0.05(0.78) -0.03(0.89) - - 

 

Note. Correlations were computed between GNIs and mean participant-level 

unpleasantness ratings. Statistically significant results (P < 0.05) are high-

lighted in bold. All correlations are reported using uncorrected P-values. GNIs, 

global network inferences; Gcc, global clustering coefficients; Geff, global effi-

ciency; Sw, small-worldness; Mod, modularity. 

 

3.3.8. Classification performance 

The SVM classifier robustly distinguished tonic hot and warm conditions 

using GNIs derived from combined graph inferences, with the top three models 

based on absolute comparison and showed in Fig. 3.8B. The highest-perform-

ing model, integrating GNIs from sensor space, source space, and inter-net-

work graphs, achieved an AUC-ROC of 0.94 (P < 0.001), with an accuracy of 
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86%, sensitivity of 0.78, and specificity of 0.92. The second-ranked model at-

tained an accuracy of 85%, sensitivity of 0.75, and specificity of 0.89 (AUC-

ROC = 0.93, P < 0.001) from GNIs in sensor space and inter-network graphs. 

Combining GNIs from sensor and source space graphs results in the third best-

performance, with an accuracy of 83%, sensitivity of 0.78, and specificity of 0.89 

(AUC-ROC = 0.92, P < 0.001). These results demonstrate the robust discrimi-

native power of GNIs, particularly when combining multimodal graph features, 

in distinguishing between tonic hot and warm states. The high performance (ac-

curacy above 80% and AUC-ROC above 0.90) highlights their potential as a 

biomarker framework for decoding tonic pain-related neurophysiological mech-

anisms. 
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Figure 3.8. Correlation between single GNIs and behavioural ratings, and 

classification prediction performance. (A) Scatter plots with linear fit and 95% 

confidence intervals illustrating the correlations between significant individual 

GNIs and unpleasantness ratings within each stimulation condition. All correla-

tions are reported using uncorrected P-values and should be interpreted with 

caution. (B) Classification performance was evaluated using leave-one-subject-

out cross-validation with an SVM classifier. The top three performing models 

are presented, with the best performance highlighted in red, the second-best in 

green, and the third in blue. The highest classification performance was 

achieved using a combination of GNIs derived from sensor space, source 
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space, and inter-network graphs, yielding an AUC-ROC of 0.94, an accuracy of 

86%, a sensitivity of 0.78, and a specificity of 0.92. Abs, absolute comparison; 

GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global 

efficiency; ROC, receiver operating characteristic; AUC, area under curve. ***P 

< .001. 

 

3.4. Discussion 

We systematically examined EEG functional connectivity patterns during 

tonic thermal pain in healthy volunteers using network-based statistics and 

graph theory-based analysis. Our study yielded four main findings. First, we 

identified a significant brain-wide reorganisation of connectivity during tonic 

pain, marked by a shift from functional segregation to integration. Second, con-

trasting segregation effects confirmed the transition from intra- to inter-network 

communication with enhanced SomMot-centred crosstalk. Third, we found sig-

nificant correlations between pain-related psychological states and global net-

work inferences (GNIs). Moreover, the model integrating GNIs achieved high 

classification performance (highest AUC-ROC of 0.94; accuracy of 86%; Fig. 

3.8B), demonstrating robust discriminative power. Fourth, we highlight the crit-

ical influence of comparison methods and thresholding strategies.  

3.4.1. Reorganisation of the brain-wide graph from segregation 

into integration  

We observed a consistent and significant decline in functional segrega-

tion (specialisation) and enhanced functional integration (efficiency of global in-

formation flow) during tonic pain in both sensor and source spaces (Fig. 3.3C 

and 3.3C). This shift, accompanied by significantly decreased modularity (Mod, 
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Fig. 3.3C) and small-worldness (Sw, Fig. 3.5C), suggested a shift toward a 

more randomised and less cost-efficient network architecture (Liao et al., 2017). 

These findings aligned with alternations observed in the neuropathic pain pa-

tients (Xin et al., 2024), and a multi-centre study in chronic pain cohorts (Mano 

et al., 2018), indicating a fundamental and sustained characteristic shared be-

tween experimental tonic pain and clinical chronic pain, which may reflect ro-

bust nociceptive integration (Kastrati et al., 2022; Zheng et al., 2020).  

This global topological alteration was underpinned by a reorganisation 

of brain-wide connectivity. In sensor space, we identified significantly different 

connectivity patterns (Fig. 3.3A-B). Although these patterns did not survive sta-

tistical correction in source space, the consistent trend supports the reliability 

of the topological reorganisation: a shift from contralateral functional specialised 

sensorimotor connectivity during warm (Fig. 3.5A-B, fourth row right panel; 3.4A, 

lower panel second and fourth columns) to ipsilateral integrated frontoparietal 

connectivity during pain (Fig. 3.5A-B, fourth row left panel). The emergent fron-

toparietal pattern, associated with the cognitive control network (Kong et al., 

2013; Kutch et al., 2017) is implicated in attention, salience processing, and 

top-down modulation of pain (Corbetta & Shulman, 2002; Torta et al., 2017). 

Conversely, innocuous warmth was associated with strengthened contralateral 

sensorimotor connectivity (Fig. 3.5A-B, fourth row right panel; 3.4A, lower panel 

second and fourth column). The absence of the contralateral connectivity during 

pain might be linked to local suppression of alpha-band oscillation originating 

in the sensorimotor cortex (Nickel et al., 2017, 2020; Peng et al., 2014; Ploner 

et al., 2017; H. Wang et al., 2023). This asymmetry may reflect alpha-band 

event-related desynchronisation (ERD), which through thalamocortical circuits 
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(Hughes & Crunelli, 2005; Klimesch, 2012) and gamma-aminobutyric acid inhi-

bition (J. A. Kim & Davis, 2021; Lőrincz et al., 2009), supporting the functional 

inhibition hypothesis by facilitating selective gating of information flow, suppres-

sion of irrelevant sensory input, and engagement of top-down cognitive pro-

cesses for attention (Jensen & Mazaheri, 2010; Klimesch, 2012; Peng et al., 

2015).  

3.4.2. Transition of the SomMot network 

Focused on the SomMot network, the innocuous warmth exhibited sig-

nificant higher Gcc (Fig. 3.7B), reflecting higher functional specialisation. This 

finding aligns with prior identification of a distinct processing system overlap-

ping with resting-state modules and subserving sensory-discriminative func-

tions (Zheng et al., 2020), whereas the noxious hot pattern aligns with SomMot 

integration with control and ventral attention (salience) networks (J. Kim et al., 

2013; Lee et al., 2021, 2022; Zheng et al., 2020). 

This network property difference was reflected in the connectivity patten 

within SomMot, with the warm condition producing a right hemisphere-domi-

nated pattern (Fig. 3.7A, lower panel second and fourth columns), while the hot 

condition elicited a more bilateral distribution (Fig. 3.7A, lower panel first and 

third columns). Although these connectivity patterns were not statistically sig-

nificant, their alignment across comparison methods supports a dynamic shift 

in SomMot processing.  

Furthermore, we found consistent, though non-significant, greater num-

ber of edges clustering around the SomMot (Fig. 3.8A, third row first and third 

columns) and greater edge betweenness centrality (Ebc) (Fig. 3.8B, upper 

panel first and third columns), highlighting the SomMot central role in between-
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network communication. This adaptability may reflect rapidly increased synap-

tic  plasticity in the primary somatosensory cortex induced by nociception (Cao 

et al., 2019; W. Kim et al., 2017; Kuner & Flor, 2017), mechanisms potentially 

disrupted in chronic pain (H. Kim et al., 2020; Pfannmöller et al., 2019; Vittersø 

et al., 2022). Taken together, these findings highlight the SomMot network’s 

dual functionality: localised sensory processing for non-painful somatosensory 

experiences versus integrative coordination during pain. 

3.4.3. Shift from intra-network to inter-network connectivity 

We observed decreased segregation at the brain-wide level during tonic 

pain (lower Gcc; Fig. 3.3C and 3.4C) whereas inter-network connectivity exhib-

ited increased local clustering (Lcc; Fig. 3.7B) and segregation (higher Gcc; Fig. 

3.7C). This discrepancy arose from the exclusion of intra-network connections, 

which artificially inflated Gcc by removing interconnected local clusters. This 

methodological distinction explains conflicting prior results: while the commu-

nity detection method found increased Gcc with reduced connectivity between 

an integrated “pain supersystem” and other networks during pain (Zheng et al., 

2020), canonical network analysis using atlas defined parcellation (like ours) 

reported increased segregation (Gcc) only during the innocuous condition, with 

enhanced between-network connectivity (Kastrati et al., 2022). 

Based on Gcc variations, intra-network connections prioritise nocicep-

tive information, facilitating a shift from segregated to integrated brain states. 

This was observed in the SomMot network and aligns with reduced intra-net-

work connectivity found in sustained myofascial pain (J. Kim et al., 2013) and 

Fibromyalgia patients (J. Kim et al., 2015), indicating a transition from functional 
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specialisation under innocuous stimulation to broader integration during pain 

experience. 

Such integration was also reflected by overall elevation of Lcc (Fig. 3.8B, 

lower panel absolute comparison) and greater number of edges in the inter-

network graphs (Fig. 3.8A, third row first and third columns). These results align 

with previous research showing that thermal pain induces a brain-wide shift 

from segregation to integration, with enhanced between-network connectivity 

(Kastrati et al., 2022). Specifically, capsaicin-induced sustained pain has been 

associated with the emergence of a SomMot-dominant neural community, 

wherein ventral primary SomMot regions showed dissociated from their original 

network and incorporated with subcortical and frontoparietal regions (Lee et al., 

2022). A finding also replicated in patients with chronic low back pain (Zhu et 

al., 2024) and postherpetic neuralgia (H. Li et al., 2022).  

In summary, while methodological factors explain Gcc discrepancies, 

our results converge to show that tonic pain induces an alteration from localised 

functional specialisation within intra-network to enhanced inter-network com-

munication and global integration. This reorganisation, centred on SomMot con-

nectivity, underscores the dynamic balance between segregation and integra-

tion in shaping pain-related brain states (Hemington et al., 2016; Kucyi & Davis, 

2015). 

3.4.4.  Global network inferences as a potential translational bi-

omarker 

By integrating GNIs, we achieved high classification performance in dis-

tinguishing noxious hot from innocuous warm stimulation and identified signifi-

cant links with pain-related psychological states. Psychological traits modulated 
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pain-related network reorganisation in distinct and clinically relevant ways: 

catastrophising predominantly influenced responses to noxious stimuli, 

whereas anxiety affected innocuous sensory processing. 

While our findings provide a general model of pain-related network dy-

namics under controlled conditions, their generalisation to chronic pain popula-

tions warrants caution. Chronic pain involves neuroplastic adaptations and 

compensatory mechanisms that may alter functional network signatures, with 

psychological influences potentially amplified.  

Translating GNIs into clinically useful biomarkers will require validation 

in large, multi-centre datasets accounting for comorbidities, medication, and 

pain duration. Future work should also explore the use of GNIs for real-time 

monitoring of psychological states and their integration into closed-loop neuro-

modulation, ensuring interpretability and reliability across clinical contexts. 

3.5. Conclusion 

Altogether, these findings provide compelling evidence that tonic exper-

imental pain in healthy volunteers is associated with significant reorganisation 

of alpha EEG connectivity. The hallmark of this reorganisation is a shift from 

high intra-network functional segregation (especially the SomMot network) to 

inter-network integration via enhanced communication. Furthermore, the robust 

predictive performance of GNIs highlights their translational potential as bi-

omarkers for pain states. The novel contribution of this work is the precise quan-

tification of this network reorganisation, validated by robust classification and 

linked to individual psychological differences. 

  



108 

 

 

 

 

Chapter 4 

Cross-state signatures of sensory stimulation: 

EEG network markers of neuroplasticity in rest-

ing-states conditions pre- and post-sensory 

stimulation 

 

Following the findings in Chapter 3, where dynamic brain functional reorgani-

sation induced by tonic noxious and innoxious sensory stimulation enabled high 

discrimination performance, this study extends the investigation to resting-state 

conditions before and after sensory stimulation, aiming to provide insights that 

could inform future classification of chronic pain patients.  
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4.1. Introduction 

Resting-state brain activity has emerged as a promising biomarker for 

chronic pain and has been widely investigated using non-invasive neuroimag-

ing techniques such as fMRI (Pfannmoller & Lotze, 2019), MEG, and EEG 

(Mussigmann et al., 2022; Zebhauser et al., 2023). Among these, EEG-derived 

resting-state biomarkers are particularly appealing due to their high temporal 

resolution, sensitivity to oscillatory synchronisation, and suitability for clinical 

translation. Nevertheless, findings from EEG studies remain heterogeneous, 

and the risk of bias is often high (Zebhauser et al., 2023).  

Beyond objective pain assessment, resting-state EEG has also been de-

ployed to evaluate non-invasive brain stimulation for pain relief (Lloyd et al., 

2020; K. L. Zhang et al., 2021). For example, Ahn et al.(2019), conducted a 

randomised, crossover, double-blind, sham-controlled study in patients with 

chronic low back pain and found that targeted transcranial alternating current 

stimulation (tACS) in the alpha band enhanced alpha oscillations in the soma-

tosensory cortex, which correlated with pain alleviation. Notably, although both 

eyes-open (EO) and eyes-closed (EC) resting-state data were collected, only 

EO served as the baseline. This omission not only represented a loss of poten-

tially valuable data but also contributed to the observed heterogeneity in out-

comes. This variability underscores the critical influence of context on resting-

state measures, especially in clinical populations.  

Resting-state activity can be strongly modulated by preceding experi-

ences, as demonstrated in substance use disorders and phobias where anxi-

ety-inducing tasks altered post-task resting-state patterns (Lor et al., 2023). 
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Within patient cohorts, EEG-based resting-state measures have also predicted 

acute postoperative pain (Q. Han et al., 2025). Furthermore, in healthy partici-

pants, pain-free resting-state functional networks predicted individual differ-

ences in pain sensitivity (Spisak et al., 2020), and the Default EEG connectivity 

at alpha band explained variance in individual pain-related vulnerability and pre-

dicted experimental peak pain intensity (Alhajri, Boudreau, Mouraux, et al., 

2023). 

The Default's centrality in pain processing is well-documented. Kucyi 

and Davis (2015) proposed that pre-task spontaneous Default activity largely 

reflected intrinsic physiological processes related the interaction between pain 

and attention, forming part of the “neural signature” of the pain connectome. 

This network consistently showed alterations during acute, tonic and chronic 

pain states (Alhajri, Boudreau, & Graven-Nielsen, 2023; Alshelh et al., 2018; 

Makovac et al., 2020). Crucially, a differential effect of functional connectivity 

has been found between EO and EC resting-state conditions: pain exposure 

reduced alpha connectivity in Default hubs (angular gyrus, posterior cingulate 

cortex, and medial prefrontal cortex) exclusively during EC (Alhajri et al., 2022). 

This distinct modulation underscores the role of eyes-state-dependent intrinsic 

functional topography in shaping pain processing. 

The fundamental characteristics of EO and EC resting-states in healthy 

individuals have been revealed by fMRI studies showing distinct connectivity 

patterns. For instance, connectivity between the posterior cingulate cortex and 

other brain regions was greater during EO than EC, whereas connectivity be-

tween the thalamus and visual cortex, and between the posterior cingulate cor-

tex and bilateral perisylvian regions, was reduced during EO (Jao et al., 2013). 
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The primary visual cortex exhibited stronger connectivity with the Default and 

sensorimotor networks in EC, but stronger connectivity with the salience net-

work in EO (Costumero et al., 2020). Similarly, EC has been associated with 

increased connectivity of auditory and sensorimotor networks to other networks 

(Agcaoglu et al., 2019). 

Recent work examining seven networks during resting-state condition: 

salience network, Default, central executive network, dorsal attention network, 

visual network, motor network, and auditory network and found increased con-

nectivity between most networks during EC relative to EO, suggesting en-

hanced integration during EC and greater modularity during EO. Interestingly, 

the salience network showed increased connectivity with Default and de-

creased connectivity with visual network during the EO-to-EC transition, sug-

gesting a “circuit-switch” role in modulating network relationships (J. Han et al., 

2023). 

While fMRI studies have provided a detailed picture of these differences, 

fewer EEG studies have explored EO-to-EC transitions at the level of brain dy-

namics. Recent EEG studies capturing the brain dynamics using the phase lag 

index have further shown frequency-specific changes in coupling strength and 

variability during EO-to-EC transitions, particularly in alpha-band connectivity 

within Default and central executive networks (Krukow et al., 2024). 

Building on this foundation, the present study examined changes in EEG 

based resting-state functional connectivity in both EO and EC conditions, be-

fore and after sensory stimulation (including tonic pain). We applied brain-wide 

and higher-order graph measures to capture both connectivity patterns and net-

work topology, with four aims: (1) to characterise the neuroplasticity of 
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functional connectivity and network topology following sensory stimulation; (2) 

to evaluate whether the time-dependent changes differ between EO and EC 

resting-state conditions; (3) to elucidate their underlying neuronal mechanisms; 

and (4) to assess the classification performance of global network inferences 

(GNIs) for distinguishing pre- versus post-stimulation resting-states for their 

translational potential. 

We hypothesised that sensory stimulation would induce reconfiguration 

of functional connectivity in both EO and EC post-stimulation resting-states, de-

tectable through both connectivity and graph-theoretical analyses, with the De-

fault playing an essential role. We further expected that GNIs would demon-

strate robust predictive power for classifying pre- versus post-stimulation states. 

4.2. Methods 

4.2.1. Participants 

The same secondary dataset used in Study 1 (Chapter 3) was also em-

ployed in Chapter 4. However, due to the extremely short duration of the EC 

condition following stimulation, data from participant 19 were excluded from the 

analysis. This resulted in a final sample of 35 participants.  

4.2.2. Experimental procedure and data analysis 

Resting-state EEG recordings were collected at the beginning and end 

of the stimulation session. Each session included both EO and EC conditions, 

each lasting approximately 2.5 minutes. The data preprocessing and analysis 

procedures followed those described in Study 1 (Chapter 3).  

Specifically, four types of connectivity graphs were constructed from the 

pre-processed data using dwPLI in the alpha band: sensor-graph, source-graph, 
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intra-network graph, and inter-network graph. Connectivity analysis was per-

formed using the NBS, and GNIs were analysed via repeated-measures 

ANOVA with Bonferroni-corrected post hoc paired t-tests. Intra- and inter-net-

work connectivity strengths and Lcc measures were examined using FDR-cor-

rected paired t-tests. Differences in Ebc were also identified using NBS. 

The analytical design of Chapter 4 was largely identical to that of Study 

1 (Chapter 3), with one key difference: the intra-network analysis focused on 

the Default rather than the SomMot network, due to the relevance of Default to 

resting-state conditions. 

In addition to absolute comparisons, relative comparisons between EO 

and EC conditions were also conducted. For relative EO connectivity, each par-

ticipant’s functional connectivity matrix was normalised by their corresponding 

EC matrix (pre- or post-stimulation), and vice versa for relative EC connectivity. 

4.2.3. Machine learning classification 

GNIs were extracted as features for classification tasks, derived sepa-

rately from each graph type (sensor space, source space, intra-network, and 

inter-network) and for both absolute and relative connectivity measures. This 

resulted in nine GNI features per condition for evaluating classification perfor-

mance in distinguishing pre- and post-stimulation states. 

Given the focus on the Default, classification analyses involving intra-

network features included only the intra-Default within each eyes condition. Ad-

ditionally, classification was also performed using all seven intra-networks, par-

ticularly for combined EO and EC conditions. 

Classification was conducted using the same procedure as in Study 1 

(Chapter 3). A linear Support Vector Machine (SVM) with L2 regularisation (λ 
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optimised within each fold) was trained and evaluated using leave-one-subject-

out cross-validation (n = 35). Features were z-score normalised within each 

training fold. Model performance was assessed using area under the ROC 

curve (AUC-ROC), accuracy, sensitivity, and specificity.  

Statistical significance was evaluated via 1,000 permutation tests, where 

class labels were randomly shuffled to create a null distribution of AUCs. The 

empirical p-value was calculated as the proportion of permuted AUCs exceed-

ing the observed AUC, reflecting the probability of achieving the result by 

chance. 

4.3. Results for eyes-open conditions 

4.3.1. Results in sensor space  

4.3.1.1. Sensor space connectivity: absolute comparison 

In the sensor space (Fig. 4.1), group-level graph construction in the axial 

plane revealed that edges in the EO pre-stimulation condition (EO-pre) were 

clustered from the central to occipital regions, particularly within occipital areas 

and predominantly in the right hemisphere for the absolute comparison (Fig. 

4.1A left). In contrast, the EO post-stimulation condition (EO-post) exhibited a 

more widespread pattern, extending from the prefrontal to occipital regions, with 

dense connections still evident within the occipital area (Fig. 4.1A right).  

NBS analysis revealed a significant graph showing greater connectivity 

in the EO-pre compared to the EO-post condition, comprising 61 nodes and 

131 edges, distributed mainly across both hemispheres, with edges linking the 

right central and left central-parietal regions (P = 0.03). Conversely, a significant 

graph showing greater connectivity in the EO-post compared to EO-pre 
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condition comprised 55 nodes and 126 edges, with connections spanning within 

and between both hemispheres (P < 0.04).  

4.3.1.2. Sensor space connectivity: relative comparison 

The relative EO pre- and post-stimulation conditions showed distinct dif-

ferences only in the P-graphs, not in the group-level graphs (Fig. 4.1B). At the 

group level, connections were generally distributed across anterior regions, 

from prefrontal to central electrodes in both pre- and post-stimulation conditions. 

The NBS revealed a significant pattern of greater connectivity in the rel-

ative EO-pre condition, with connections predominantly extending across pos-

terior regions, comprising 58 nodes and 183 edges (P < 0.001) in the relative 

EO-pre than EO-post condition. In contrast, the relative EO-post condition ex-

hibited a significant graph with greater connectivity than EO-pre, showing a pat-

tern clustered in anterior regions, comprising 55 nodes and 171 edges (P < 

0.001). 

From the brain-wide graphs, we observed marked differences in connec-

tivity patterns between the two comparison methods in sensor space. In the 

absolute comparison, connectivity in the group-level graphs was predominantly 

distributed in anterior regions, whereas in the relative comparison, connections 

were concentrated in posterior regions. 
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Figure 4.1. Graphs elicited by EO conditions pre- and post- stimulation 

using two comparison methods in sensor space. (A) Group-level functional 

connectivity graph for EO pre- and post-stimulation (first row). Sensors corre-

sponding to different scalp regions (Prefrontal, Frontal, Temporal, Frontal-cen-

tral, Central, Central-parietal, Parietal, and Occipital) were colour-labelled for 

visual distinction. State-specific significant connectivity patterns were identified 

using NBS and visualised as P-graphs (second row). (B) Similar to (A) but for 

relative comparison. In the absolute comparison, connectivity in the group-level 

graphs was predominantly distributed in anterior regions, whereas in the rela-

tive comparison, connections were concentrated in posterior regions. EO, eyes-

open; NBS, network-based statistics; Abs, absolute comparison; Rel, relative 

comparison. 
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4.3.1.3. Sensor space graph analysis results 

Significant main effects of comparison method (absolute vs. relative) 

were observed across all GNIs except small-worldness (Sw): functional segre-

gation (Gcc), integration (Geff), and modularity (Mod) (Fig. 4.2).  

Post hoc comparisons showed that the relative comparison significantly 

increased Gcc compared to the absolute comparison after stimulation (t (34) = 

5.79, P < 0.001), whereas no significant difference was found at the pre-stimu-

lation timepoint.  

For Geff, a strong main effect of comparison method was detected, with 

significantly higher values in the relative comparison than in the absolute com-

parison both pre- (t (34) = 6.57, P < 0.001) and post-stimulation (t (34) = 8.17, 

P < 0.001).  

Modularity was higher in the absolute comparison than in the relative 

comparison at both pre- (t (34) = 4.13, P < 0.001) and post-stimulation (t (34) = 

9.13, P < 0.001). A significant interaction effect was also observed: Mod de-

creased from pre- to post-stimulation in the relative comparison (t (34) = 3.00, 

P < 0.01), whereas no significant change occurred in the absolute comparison.  

A significant main effect of time was found only for Gcc, which was higher 

post-stimulation under the relative comparison (t (34) = 3.81, P < 0.001), while 

no significant change was detected in the absolute comparison. 

Small-worldness exhibited a significant interaction between comparison 

method and time. Post hoc analysis revealed that Sw increased significantly in 

the relative comparison after stimulation (t (34) = 4.10, P < 0.001), while the 

absolute comparison showed no change. Furthermore, Sw was higher in the 
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relative than in the absolute comparison post-stimulation only (t (34) = 2.93, P 

< 0.01). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.1.  

 

 

Figure 4.2. Graph analysis results for EO conditions pre- and post- stim-

ulation using two comparison methods in sensor space. Violin plots with 

overlaid scatter and box plots show the results of repeated-measures ANOVA 

with Bonferroni correction for post hoc comparisons of four GNIs across the pre 

(yellow) and post (blue) conditions and two comparison methods. A green-filled 

circle with a black edge denotes the mean value for each group. EO, eyes-open; 

GNIs, global network inferences; Gcc, global clustering coefficient; Geff, global 

efficiency; Sw, small-worldness; Mod, modularity. *P < .05, ***P < .001. 
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4.3.2. Results in source space  

4.3.2.1. Source space connectivity results: absolute compari-

son 

In the source space (Fig. 4.3), the group-level graph in the EO-pre and 

EO-post both exhibited a predominantly left-hemisphere distribution (Fig. 4.3A). 

No significant graph was identified when comparing pre- and post-stimulation 

conditions.  

The t-graphs illustrating greater connectivity in the EO-pre condition re-

vealed clustering across both hemispheres in the central regions. In contrast, 

connectivity patterns with greater connections in the EO-post condition were 

concentrated around the central regions in the left hemisphere. 

4.3.2.2. Source space connectivity results: relative compari-

son 

For relative comparisons (Fig. 4.3B), no clear ipsilateral connectivity pat-

terns were observed in the group-level graphs. Although no statistically signifi-

cant graph was identified between conditions, the t-graph for the relative EO-

pre condition showed right-hemisphere localised connectivity, whereas the rel-

ative EO-post condition demonstrated a bilateral distribution of connections. 

In source space, the absolute comparison produced left-hemisphere-

dominated group-level graphs. In the EO-pre condition, the absolute compari-

son showed bilaterally distributed larger connectivity, whereas the relative com-

parison emphasised inter-hemispheric connections, particularly from the right 

frontal to the left parietal regions. In the EO-post condition, both comparison 

methods displayed more bilaterally distributed patterns. 
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Figure 4.3. Graphs elicited by EO conditions pre- and post- stimulation 

using two comparison methods in source space. (A) Group-level functional 

connectivity matrices for hot and warm stimulation (first row) projected in source 

space for 100 pairs of brain regions organised into 7 different functional net-

works (Visual, Somato-motor, Dorsal Attention, Salience-Ventral Attention, 

Limbic, Control, and Default). The t-graphs (second row) constructed from con-

nections with a t-value larger than 1.69 compared between conditions using 

NBS (shown in reduced opacity). (B) Similar to (A) but for relative comparisons. 

The absolute comparison produced left-hemisphere-dominated group-level 

graphs. In the EO-pre condition, the absolute comparison showed bilaterally 

distributed larger connectivity, whereas the relative comparison emphasised in-

ter-hemispheric connections, particularly from the right frontal to the left parietal 

regions. In the EO-post condition, both comparison methods displayed more 

bilaterally distributed patterns. EO, eyes-open; NBS, network-based statistics; 

Abs, absolute comparison; Rel, relative comparison. 
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4.3.2.3. Source space graph analysis results 

Significant main effects of comparison methods (absolute vs. relative) 

were observed only in Sw (Fig. 4.4), where post-hoc comparisons showed that 

the relative comparison significantly increased Sw compared to the absolute 

comparison both pre- (t (34) = 3.58, P < 0.001) and post-stimulation (t (34) = 

2,78, P < 0.01). 

A significant main effect of time was found only for Gcc, with higher val-

ues in the pre-stimulation period under the absolute comparison (t (34) = 2.50, 

P = 0.02), but no significant change was found post-stimulation. 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.1. 

 

 

Figure 4.4. Graph analysis results for EO conditions pre- and post- stim-

ulation using two comparison methods in source space. Violin plots with 

overlaid scatter and box plots show the results of repeated-measures ANOVA 

with Bonferroni correction for post hoc comparisons of four GNIs across the pre 

(yellow) and post (blue) conditions and two comparison methods. A green-filled 
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circle with a black edge denotes the mean value for each group. EO, eyes-open; 

GNIs, global network inferences; Gcc, global clustering coefficient; Geff, global 

efficiency; Sw, small-worldness; Mod, modularity. **P < .01, ***P < .001. 

 

4.3.3. Intra- and inter-network connectivity strength 

No significant differences were found in intra- or inter-network connec-

tivity strength for EO conditions between pre- and post-stimulation using either 

comparison method in source space (Fig. 4.5).  

 

 

Figure 4.5. Intra-network and inter-network connectivity strength for EO 

conditions pre- and post- stimulation using two comparison methods in 

source space. Box plots display intra- and inter-network mean connections 

were performed using a paired-sample t-test with FDR correction for two com-

parison methods. EO, eyes-open; Abs, absolute comparison; Rel, relative com-

parison; Vis, Visual; SomMot, Somato-Motor; DorsAttn, Dorsal Attention; Sal-

VentAttn, Salience-Ventral Attention; Cont, Control.  
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4.3.4. Higher-order graph results for intra-Default graph 

4.3.4.1. Intra-Default graph connectivity results: absolute 

comparison 

For absolute comparison (Fig. 4.6A), a greater number of connections 

were observed in the EO-pre condition compared to EO-post. In both conditions, 

connections were primarily ipsilateral, with only a few between hemispheres. 

The positive t-graphs showed denser connections in the EO-pre (142 edges) 

condition relative to EO-post (112 edges). 

4.3.4.2. Intra-Default graph connectivity results: relative com-

parison 

However, relative comparison (Fig. 4.6B) exhibited more between-hem-

isphere connections in both relative EO-pre and EO-post condition in the group-

level graphs. The EO-pre condition showed a right-hemisphere-dominated pat-

tern, whereas the EO-post condition showed clustering in the left hemisphere. 

Consistent with absolute comparisons, larger and more densely clustered con-

nections were again observed in the EO-pre (143 edges) than EO-post (119 

edges) condition. 

For intra-Default graphs, the group-level patterns were consistent across 

pre- and post-stimulation within each comparison method. However, the abso-

lute comparison highlighted within-hemisphere connections, whereas the rela-

tive comparison emphasised inter-hemispheric connections. In both methods, 

the EO-pre condition displayed more connections overall. 
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Figure 4.6. Higher-order intra- default graphs elicited by EO conditions 

pre- and post- stimulation using two comparison methods. (A) Group-level 

intra-network graphs for the default network and corresponding t-graphs (t > 0; 

shown in reduced opacity) were generated following NBS analysis pre- and 

post-stimulation. (B) Similar to (A) but for relative comparison. The group-level 

patterns were consistent across pre- and post-stimulation within each compar-

ison method. However, the absolute comparison highlighted within-hemisphere 

connections with more connections in EO-pre condition, whereas the relative 

comparison emphasised inter-hemispheric connections. In both methods, the 

EO-pre condition displayed more connections in t-graphs. EO, eyes-open; NBS, 

network-based statistics; Abs, absolute comparison; Rel, relative comparison. 

 

4.3.4.3. Graph analysis results for intra-Default graph 

No significant main effects or interaction effects were found (Fig. 4.7). 

However, post hoc analysis revealed greater modularity in the EO-pre condition 
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for the absolute comparison compared to the relative comparison (t (34) = 2,78, 

P = 0.01). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.1. 

 

 

Figure 4.7. Graph analysis results for EO conditions pre- and post- stim-

ulation using two comparison methods for intra-Default graphs. Violin 

plots with overlaid scatter and box plots show the results of repeated-measures 

ANOVA with Bonferroni correction for post hoc comparisons of four GNIs 

across the pre (yellow) and post (blue) conditions and two comparison methods. 

A green-filled circle with a black edge denotes the mean value for each group. 

EO, eyes-open; GNIs, global network inferences; Gcc, global clustering coeffi-

cient; Geff, global efficiency; Sw, small-worldness; Mod, modularity. **P < .01. 
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4.3.5. Higher-order graph results for inter-network graph 

4.3.5.1. Inter-network graph connectivity results: absolute 

comparison 

For absolute comparison (Fig. 4.8A), there were no large differences be-

tween EO-pre and EO-post inter-network connections. Specifically, four con-

nections between SalVenAtten and SomMot, DorsAtten, Limbic and Default ex-

hibited larger connections in EO-pre. Following stimulation, connections involv-

ing DorsAttn and SomMot increased, linking with Limbic, Default, Control, and 

Vis networks, respectively.  

4.3.5.2. Inter-network graph connectivity results: relative com-

parison 

Relative comparison (Fig. 4.8B) showed similar results for inter-network 

pattern in EO-pre. T-graphs of larger connections pre-stimulation were centred 

around SalVentAttn, linked with DorsAttn, Limbic, and Control, along with an 

additional connection to the Default network. 

After stimulation, t-graphs showed that SomMot and Vis networks were 

central hubs, both connected with all other networks, indicating enhanced con-

nectivity following sensory input. SalVentAttn, DorsAttn, and Limbic each had 

four edges, highlighting increased inter-network communication post-stimula-

tion. 

Inter-network graphs in both comparison methods emphasised the Sal-

VentAttn network as the central hub in the EO-pre condition. Following stimu-

lation, the relative comparison revealed that the SomMot and Vis networks es-

tablished connections with all other networks. 
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Figure 4.8. Higher-order inter-network graphs elicited by EO conditions 

pre- and post- stimulation using two comparison methods. (A) Group-level 

inter-network weighted graphs and corresponding t-graphs (t > 0; shown in re-

duced opacity) were generated following NBS analysis pre- and post-stimula-

tion. (B) Similar to (A) but for relative comparison. The stroke size of each con-

nection indicates the edge weight, representing connectivity strength in the up-

per panels, whereas in the lower panels it represents the corresponding t-value. 

Inter-network graphs in both comparison methods emphasised the SalVentAttn 

network as the central hub in the EO-pre condition. Following stimulation, the 

relative comparison revealed that the SomMot and Vis networks established 

connections with all other networks. EO, eyes-open; NBS, network-based sta-

tistics; Abs, absolute comparison; Rel, relative comparison. 

 

4.3.5.3. Graph analysis results for inter-network graphs: edge 

betweenness centrality in absolute comparison 

In the absolute comparison (Fig. 4.9A), fewer important edges were pre-

sent pre-stimulation. The Ebc t-graphs showed edges linking Limbic with Sal-

VentAttn and DorsAttn, SalVentAttn with Vis, DorsAttn with Default, and Default 
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with Control. The DorsAttn-Limbic, DorsAttn-Default, and SalVentAttn-Vis were 

three outstanding connections. 

Post-stimulation, SomMot connected with all other networks, underscor-

ing its central hub role. DorsAttn and Control each showed four connections, 

including links with SomMot, SalVentAttn, Vis, and other control regions. Edges 

expressing high centrality were SomMot-SalVentAttn, SomMot-Vis, Vis-Default, 

and DorsAtten-Cont.  

4.3.5.4. Graph analysis results for inter-network graphs: edge 

betweenness centrality in relative comparison 

In contrast to the absolute comparison, more important edges were 

found pre-stimulation in the relative comparison (Fig. 4.9B). SalVentAttn and 

Limbic each had five edges, connected to all networks except Default. DorsAttn 

and Vis both had four edges, forming a highly distributed network. Edges con-

nected between Default and Vis, SomMot, and DorsAtten exhibited high cen-

trality. 

Post-stimulation, Cont had three important edges (to DorsAttn, Default, 

and Vis), with additional connections between Default-Limbic, Vis-SomMot, and 

SomMot-DorsAttn, totalling six prominent edges. 

The Ebc-related t-graphs was further demonstrated the importance of 

SomMot. In the EO-post condition, the absolute comparison revealed larger 

Ebc values involving all other networks, with particularly strong SomMot-Sal-

VentAttn and SomMot-Vis links. The relative comparison also highlighted 

strong SomMot-Vis connections. 

4.3.5.5. Graph analysis results for inter-network graphs: local 

clustering coefficient  
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Only one significant result was found: higher Lcc values in the SomMot 

network post-stimulation in the relative comparison ( t (1,34) = 1.76, P = 0.04, 

Cohen’s d = 0.03), indicating increased local clustering (Fig. 4.9C). 

 

  

Figure 4.9. Results for local graph inferences analysis from inter-network 

graphs elicited by EO conditions pre- and post- stimulation using two 

comparison methods. (A) Ebc corresponded t-graphs generated following 

NBS (t > 0; shown in reduced opacity). (B) Similar to (A) but for relative com-

parison. The stroke size of each connection represents the corresponding t-

value for the Ebc graph contrasts. (C) Box plots illustrate the statistical analysis 

for Lcc by paired-sample t-test with FDR correction between stimulus conditions 

for two comparison methods. The Ebc-related t-graphs further underscored the 

importance of SomMot. In the EO-post condition, the absolute comparison 

showed higher Ebc values across all networks, with particularly strong SomMot-

SalVentAttn and SomMot-Vis links. The relative comparison likewise high-

lighted strong SomMot-Vis connections. EO, eyes-open; Ebc, Edge between-

ness centrality; NBS, network-based statistics; Abs, absolute comparison; Rel, 

relative comparison. *P < .05. 
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4.3.5.6. Graph analysis results for inter-network graphs: 

global network inferences 

Significant main effects of comparison methods (absolute vs. relative) 

were observed in both Gcc and Geff (Fig. 4.10) where post-hoc comparisons 

showed that the absolute comparison significantly increased Gcc and Geff com-

pared to the relative comparison both pre- (Gcc: t (34) = 3.43, P < 0.01; Geff: t 

(34) = 3.14, P < 0.01) and post-stimulation (Gcc: t (34) = 2.40, P = 0.03; Geff: t 

(34) = 2.80, P = 0.02). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.1. 

 

 

Figure 4.10. Graph analysis results for EO conditions pre- and post- stim-

ulation using two comparison methods for inter-network graphs. Violin 

plots with overlaid scatter and box plots show the results of repeated-measures 

ANOVA with Bonferroni correction for post hoc comparisons of two GNIs across 

the pre (yellow) and post (blue) conditions and two comparison methods. EO, 

eyes-open; GNIs, global network inferences; Gcc, global clustering coefficient; 

Geff, global efficiency. *P < .05, **P < .01. 
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Table 4.1. Statistical results for GNIs from EO conditions pre- and post- stimulation using two comparison methods (ANOVA 

and Post-hoc Comparisons). 

Graphs GNIs Effect F₁,₃4 P ηp
2  Post-hoc Comparisons T₃4 PBonferroni 95% CI 

sensor Gcc Comp (Main) 19.7 <0.001 0.37 
Rel > Abs (Pre): ns 1.53 0.11 [-0.07, 0.05] 

Rel > Abs (Post) 5.79 <0.001 [0.05, 0.11] 

sensor Gcc Time (Main) 6.70 0.01 0.17 
Post  > Pre (Abs): ns 0.15 0.89 [-0.02, 0.03] 

Post  > Pre (Rel) 3.81 <0.001 [0.03, 0.09] 
sensor Gcc Time × Comp (Interaction) 14.61 <0.001 0.30 

    
    

sensor Geff Comp (Main) 136.71 <0.001 0.80 
Rel > Abs (Pre) 6.57 <0.001 [0.03, 0.06] 
Rel > Abs (Post) 8.17 <0.001 [0.04, 0.06] 

sensor Geff     Post > Pre (Abs): ns 0.45 0.63 [-0.02, 0.03] 
Pre  > Post (Rel): ns 0.33 0.75 [-0.01, 0.02] 

sensor Sw Time × Comp (Interaction) 8.22 <0.01 0.20 
Abs > Rel (Pre): ns 0.90 0.37 [-0.12, 0.31] 

Rel > Abs (Post) 2.93 0.006 [0.07, 0.38] 

sensor Sw     Pre > Post (Abs): ns 0.23 0.84 [-0.19, 0.23] 
Post  > Pre (Rel) 4.10 <0.001 [0.15, 0.44] 

sensor Mod Comp (Main) 86.13 <0.001 0.72 
Abs > Rel (Pre) 4.13 <0.001 [0.02, 0.05] 
Abs > Rel (Post) 9.13 <0.001 [0.05, 0.08] 

sensor Mod Time × Comp (Interaction) 7.79 <0.01 0.19 
Post > Pre (Abs): ns 1.86 0.09 [-0.02, 0.03] 

Pre  > Post (Rel) 3.00 0.005 [0.01, 0.03] 

source Geff Comp (Main) 45.00 0.04 0.12 
Abs > Rel (Pre) 2.50 0.02 [0.00, 0.02] 

Abs > Rel (Post): ns 1.00 0.31 [0.00, 0.01] 

source Sw Comp (Main) 17.43 <0.001 0.34 
Rel > Abs (Pre) 3.58 <0.001 [0.04, 0.13] 
Rel > Abs (Post) 2.78 0.009 [0.02, 0.11] 

Intra- 
Default 

Mod         
Pre > Post (Abs) 2.78 0.01 [0.01, 0.04] 

Post  > Pre (Rel): ns 0.25 0.83 [-0.02, 0.03] 

Inter-network Gcc Comp (Main) 13.53 <0.001 0.29 
Abs > Rel (Pre) 3.43 0.002 [0.01, 0.04] 
Abs > Rel (Post) 2.40 0.03 [0.00, 0.02] 
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Inter-network Geff Comp (Main) 13.43 <0.001 0.28 
Abs > Rel (Pre) 3.14 0.004 [0.01, 0.04] 

Abs > Rel (Post) 2.80 0.02 [0.00, 0.02] 

 

Note. EO, eyes-open; GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-world-

ness; Mod, modularity; Stim, Stimulus; Comp, Comparison; Abs, absolute comparison; Rel, relative comparison. 
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4.3.6. Classification performance 

The top three classification performances based on GNIs derived from 

sensor space, source space, intra-Default and inter-network graphs for both 

comparison methods and their combination were showed in the Table 4.2. 

While permutation-based P values indicated statistically significant classifica-

tions, the prediction accuracies based on single comparison methods did not 

exceed 70%. However, when features from both absolute and relative compar-

isons were combined, the highest classification AUC-ROC of 0.85, with an ac-

curacy reached 73%. These results suggest that integrating both comparison 

methods can enhance the predictive performance of GNIs in classifying pre- 

and post-stimulation EO conditions.  
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Table 4.2. Classification performance for pre- and post-stimulation based 

on GNIs across four graphs and comparison methods EO conditions. 

Com
p 

GNIs 
AUC-
ROC 

AC
C 

Sensitiv-
ity 

Specific-
ity 

Pperm 

Abs sensor+intra-Default 0.69 
57
% 

0.34 0.80 
<0.00

1 

Abs 
sensor+source+intra-

Default 
0.67 

63
% 

0.49 0.77 0.01 

Abs 
sensor+intra-De-

fault+inter-network 
0.67 

59
% 

0.40 0.77 0.01 

Rel sensor+inter-network 0.71 
61
% 

0.57 0.66 
<0.00

1 

Rel sensor 0.70 
59
% 

0.49 0.69 
<0.00

1 

Rel sensor+source 0.68 
61
% 

0.54 0.69 
<0.00

1 

Abs 
+ 

Rel 

Abs_source+Abs_intra-
Default+Abs_inter-net-

work+Rel_sen-
sor+Rel_source+Rel_in

ter-network 

0.85 
73
% 

0.63 0.83 
<0.00

1 

Abs 
+ 

Rel 

Abs_sen-
sor+Abs_source+Abs_i
ntra-Default+Abs_inter-

network+Rel_sen-
sor+Rel_source+Rel_in
tra-Default+Rel_inter-

network 

0.81 
76
% 

0.69 0.83 
<0.00

1 

Abs 
+ 

Rel 

Abs_source+Abs_intra-
Default+Rel_sen-

sor+Rel_intra-Default 
0.81 

74
% 

0.69 0.80 
<0.00

1 

 

Note. EO, eyes-open; Comp, Comparison methods; Abs, absolute comparison; 

Rel, relative comparison; AUC-ROC., area under the receiver operating char-

acteristic curve; ACC, accuracy; Pperm, P value based on 1000 permutation. 

 

4.4. Discussion for eyes-open condition 

4.4.1. Representative connectivity patterns 

In the EO-pre condition, the absolute comparison in sensor space re-

vealed connections from the right central to the left parietal regions. A similar 
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pattern of right frontal to left parietal inter-hemispheric connectivity was also 

observed in source space. In the EO-post condition, both comparison methods 

produced more bilaterally distributed patterns. 

For intra-Default graphs, the absolute comparison highlighted within-

hemisphere connections, whereas the relative comparison emphasised inter-

hemispheric links. Both methods showed more connections in the EO-pre con-

dition, which aligned with the previously reported disrupted connectivity within 

the Default network in chronic pain patients when compared with healthy par-

ticipants (Alhajri, Boudreau, & Graven-Nielsen, 2023; Alshelh et al., 2018). 

4.4.2. Dynamic network reconfiguration  

Distinctive network profiles emerged primarily from inter-network graphs. 

In both comparison methods, the SalVentAttn network functioned as the central 

hub in the EO-pre condition. Moreover, the central role of SalVentAttn in the 

EO-pre condition had also been previously identified as a characteristic of EO 

resting-state activity (Costumero et al., 2020; J. Han et al., 2023).  

Following stimulation, the relative comparison showed that the SomMot 

and Vis networks became densely interconnected with all other networks, con-

sistent with reports of increased Default-SomMot and Default-Vis connectivity 

after the onset of sustained pain (Lou et al., 2024). The importance of SomMot 

was further demonstrated in Ebc-related t-graphs: EO-post exhibited stronger 

SomMot-SalVentAttn and SomMot-Vis connections in absolute comparisons, 

while the relative comparison confirmed heightened SomMot-Vis centrality. Ad-

ditionally, increased SomMot clustering post-stimulation was evidenced by ele-

vated Lcc in the relative comparison. 
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4.4.3. Global network inferences and networks  

GNIs showed an effect of time only in sensor space and only in the rel-

ative comparison: after stimulation, both functional segregation and small-

worldness increased. Inter-network graphs revealed that pre-stimulation hub 

dominance (SalVentAttn) transitioned to a dual-hub architecture (SomMot and 

Vis) post-stimulation, aligning with increased Gcc and a higher number of edges 

in inter-network t-graphs in the relative comparison.  

Modularity declined in sensor space graphs from the relative compari-

son, and in intra-Default graphs from the absolute comparison. Although brain-

wide graph evidence was limited, inter-network graphs from the relative com-

parison demonstrated that Default-Vis, Default-SomMot, and Default-DorsAttn 

edges had high centrality in the EO-pre condition. Together with the reduced 

connections in the EO-post condition (absolute comparison), these findings 

suggest that pre-stimulation modularity was associated with robust Default in-

teractions, particularly between the Default and Vis, SomMot, and DorsAttn net-

works.  

4.4.4. Classification performance 

Classification performance based on GNIs from all graphs achieved the 

highest AUC-ROC of 0.85 and an accuracy of 73%, although models using a 

single comparison method did not exceed 70% accuracy. This suggests that 

combining both comparison methods enhances the predictive power of GNIs 

for classifying pre- and post-stimulation EO conditions, especially given that 

significant GNI effects were limited and concentrated in sensor space graphs 

from the relative comparison. By capturing complementary facets of 
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neuroplasticity overlooked by individual methods, this integrative framework en-

hances the validity of GNIs as biomarkers for cross-state brain dynamics fol-

lowing sensory stimulation. 

4.5. Results for eyes-closed conditions 

4.5.1. Brain-wide graph results in sensor space  

4.5.1.1. Sensor space connectivity results: absolute compari-

son 

Both the EC pre-stimulation condition (EC-pre) and EC post-stimulation 

condition (EC-post) exhibited densely connected distributions, predominantly 

concentrated within the occipital region (Fig. 4.11A). NBS analysis revealed a 

significant graph showing greater connectivity in the EC-pre condition relative 

to the EC-post condition, comprising 55 nodes and 155 edges. These connec-

tions were primarily distributed across both hemispheres, linking frontal, central, 

and central-parietal regions (P < 0.001). In contrast, the EC-post condition 

yielded a significant graph with more pronounced connectivity compared to the 

EC-pre condition, comprising 55 nodes and 144 edges. This connectivity was 

predominantly distributed between the hemispheres, with a focus on central-

parietal and parietal regions (P < 0.01).  

4.5.1.2. Sensor space connectivity results: relative compari-

son 

In the relative comparison, the group-level graphs showed an increase 

in connections across both the EC-pre and EC-post conditions, extending be-

yond the occipital region (Fig. 4.11B). Before stimulation, the connectivity was 
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predominantly right hemisphere-dominated in the pre-frontal and frontal areas, 

along with bilateral connections extending from frontal to occipital regions. After 

stimulation, the bilateral connections from central to occipital areas remained 

intact. Furthermore, the right hemisphere continued to show predominant con-

nectivity in the frontal regions. NBS analysis identified a significant graph with 

larger connectivity in the EC-pre condition relative to the EC-post condition, 

comprising 58 nodes and 151 edges (P < 0.01). These connections were dis-

tributed bilaterally, spanning across both hemispheres, particularly from frontal 

to central-parietal regions. In contrast, the EC-post condition revealed a signif-

icant graph with increased connectivity compared to the EC-pre condition, com-

prising 51 nodes and 122 edges. These connections were predominantly local-

ized from the right pre-frontal and central areas to the left parietal region (P = 

0.04). 

In sensor space, group-level graphs from both comparison methods re-

vealed occipital connectivity patterns. The relative comparison additionally in-

cluded connections from frontal-central to occipital regions, with a right-hemi-

sphere-dominant distribution. In the EC-pre condition, both methods showed a 

bilateral distribution: the absolute comparison concentrated on central regions, 

while the relative comparison emphasised frontal and central regions. In the 

EC-post condition, inter-hemispheric connections were observed in both meth-

ods, with the absolute comparison focusing on parietal and occipital regions. 
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Figure 4.11. Graphs elicited by EC conditions pre- and post- stimulation 

using two comparison methods in sensor space. (A) Group-level functional 

connectivity graph for EC pre- and post-stimulation (first row). Sensors corre-

sponding to different scalp regions (Prefrontal, Frontal, Temporal, Frontal-cen-

tral, Central, Central-parietal, Parietal, and Occipital) were colour-labelled for 

visual distinction. State-specific significant connectivity patterns were identified 

using NBS and visualised as P-graphs (second row). (B) Similar to (A) but for 

relative comparison. The group-level graphs from both comparison methods 

revealed occipital connectivity patterns. In the EC-pre condition, a bilateral dis-

tribution was shown, and inter-hemispheric connections were observed in the 

EC-post condition in both methods. EC, eyes-closed; NBS, network-based sta-

tistics; Abs, absolute comparison; Rel, relative comparison. 

 

4.5.1.3. Sensor space graph analysis results  

Significant main effects of comparison methods (absolute vs. relative) 

and time (pre vs. post) were observed across all four GNIs (Fig. 4.12). For Gcc, 
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post-hoc comparisons revealed significantly higher values in the absolute com-

parison compared to the relative comparison in both pre- and post-stimulation 

conditions (Pre: t (34) = 1.50, P = 0.02; Post: t (34) = 2.73, P = 0.01). Addition-

ally, Gcc values were significantly higher post-stimulation in the absolute com-

parison (t (34) = 2.70, P = 0.01), but no significant change was found in the 

relative comparison. 

Functional integration (Geff) showed that both significant main effects 

were found, along with a significant interaction between comparison method 

and time. Geff values were significantly higher in the relative comparison both 

before and after stimulation (Pre: t (34) = 9.38, P < 0.001; Post: t (34) = 12.88, 

P < 0.001). Similar to Gcc, Geff was also significantly enhanced in the absolute 

comparison, but decreased in the post-stimulation condition (t (34) = 3.20, P < 

0.01) 

Small-worldness values were significantly higher in the absolute com-

parison compared to the relative comparison in both pre- and post-stimulation 

conditions (Pre: t (34) = 6.12, P < 0.001; Post: t (34) = 5.37, P < 0.001). Notably, 

Sw increased significantly in the absolute comparison after stimulation (t (34) = 

2.44, P = 0.02). 

Modularity showed no significant difference between the absolute and 

relative comparison methods in the pre-stimulation condition. However, post-

stimulation Mod values were significantly higher in the relative comparison (t 

(34) = 7.00, P < 0.001). A significant decrease in Mod was observed from pre- 

to post-stimulation in the absolute condition (t (34) = 5.17, P < 0.001), whereas 

no change was observed in the relative condition. 
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Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.3. 

 

 

Figure 4.12. Graph analysis results for EC conditions pre- and post- stim-

ulation using two comparison methods in sensor space. Violin plots with 

overlaid scatter and box plots show the results of repeated-measures ANOVA 

with Bonferroni correction for post hoc comparisons of four GNIs across the pre 

(dark yellow) and post (dark blue) conditions and two comparison methods. A 

green-filled circle with a black edge denotes the mean value for each group. 

EC, eyes-closed; GNIs, global network inferences; Gcc, global clustering coef-

ficient; Geff, global efficiency; Sw, small-worldness; Mod, modularity. *P < .05, 

**P < .01, ***P < .001. 

 

4.5.2. Brain-wide graph results in source space  

4.5.2.1. Source space connectivity results: absolute compari-

son 

Group-level graphs for the absolute comparison revealed a predomi-

nantly left hemisphere distribution in both the pre- and post-stimulation EC 
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conditions (Fig. 4.13A). However, the NBS analysis identified a bilateral con-

nectivity pattern in the t-graphs, showing greater connectivity in the pre-stimu-

lation condition. Specifically, increased connectivity between the two hemi-

spheres was observed in regions associated with parietal regions; furthermore, 

those connections within each hemisphere were linked between frontal and pa-

rietal regions. In contrast, the post-stimulation condition revealed more promi-

nent connections within the right hemisphere, particularly in the frontal regions, 

and between the right frontal and left parietal regions. 

4.5.2.2. Source space connectivity results: relative compari-

son 

In the relative comparison, the group-level connectivity graphs exhibited 

patterns that were largely consistent with those observed in the absolute com-

parison, but with a less pronounced left hemisphere dominance (Fig. 4.13B). 

The t-graphs from the pre-stimulation condition demonstrated bilateral edges 

linking the parietal regions, in addition to within-hemisphere connections be-

tween frontal and parietal regions. Conversely, the post-stimulation condition 

revealed a right hemisphere-dominated distribution, with increased connectivity 

between right frontal regions and left parietal regions, as well as within-hemi-

sphere connections in the right hemisphere. 

In source space, both comparison methods showed left-hemisphere 

dominance in pre- and post-stimulation conditions, though this dominance was 

less pronounced in the relative comparison. In the EC-pre condition, both meth-

ods displayed bilateral distribution with inter-hemispheric connections between 

parietal regions, alongside bilateral frontal-parietal connections. In the EC-post 

condition, both methods revealed right frontal-to-left parietal connections. 
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Figure 4.13. Graphs elicited by EC conditions pre- and post- stimulation 

using two comparison methods in source space. (A) Group-level functional 

connectivity matrices for hot and warm stimulation (first row) projected in source 

space for 100 pairs of brain regions organised into 7 different functional net-

works (Visual, Somato-motor, Dorsal Attention, Salience-Ventral Attention, 

Limbic, Control, and Default). The t-graphs (second row) constructed from con-

nections with a t-value larger than 1.69 compared between conditions using 

NBS (shown in reduced opacity). (B) Similar to (A) but for relative comparison. 

The group-level graphs showed left-hemisphere dominance connectivity pat-

tern in pre- and post-stimulation conditions in both comparison methods. In the 

EC-pre condition, both methods displayed bilateral distribution with inter-hemi-

spheric connections between parietal regions, alongside bilateral frontal-parie-

tal connections. In the EC-post condition, both methods revealed right frontal-

to-left parietal connections. EC, eyes-closed; NBS, network-based statistics; 

Abs, absolute comparison; Rel, relative comparison. 
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4.5.2.3. Source space graph analysis results 

Significant main effects of comparison methods (absolute vs. relative) 

were observed across all four GNIs in source space (Fig. 4.14). Specifically, 

the Gcc, Sw, and Mod all exhibited significantly larger values in the absolute 

comparison than the relative comparison in both pre- and post-stimulation (Gcc-

pre: t (34) = 5.50, P < 0.001; Gcc-post: t (34) = 5.22, P < 0.001; Sw-pre: t (34) 

= 6.20, P < 0.001; Sw-post: t (34) = 4.03, P < 0.001; Mod-pre: t (34) = 5.40, P 

< 0.001; Mod-post: t (34) = 4.40, P < 0.001). In contrast, the relative comparison 

exhibited significantly higher Geff in both pre- and post-stimulation conditions 

(Pre: t (34) = 4.20, P < 0.001; Post: t (34) = 2.40, P = 0.02). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.3. 

 

 

Figure 4.14. Graph analysis results for EC conditions pre- and post- stim-

ulation using two comparison methods in source space. Violin plots with 

overlaid scatter and box plots show the results of repeated-measures ANOVA 

with Bonferroni correction for post hoc comparisons of four GNIs across the pre 
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(dark yellow) and post (dark blue) conditions and two comparison methods. A 

green-filled circle with a black edge denotes the mean value for each group. 

EC, eyes-closed; GNIs, global network inferences; Gcc, global clustering coef-

ficient; Geff, global efficiency; Sw, small-worldness; Mod, modularity. *P < .05, 

***P < .001. 

 

4.5.3. Intra- and inter-network connectivity strength 

No significant results were found for intra- and inter-network connectivity 

strength in the EC conditions for both pre- and post-stimulation using the two 

comparison methods in source space (Fig. 4.15). 

 

 

Figure 4.15. Intra-network and inter-network connectivity strength for EC 

conditions pre- and post- stimulation using two comparison methods in 

source space. Box plots display intra- and inter-network mean connections 

were performed using a paired-sample t-test with FDR correction for two com-

parison methods. EC, eyes-closed; Abs, absolute comparison; Rel, relative 

comparison; Vis, Visual; SomMot, Somato-Motor; DorsAttn, Dorsal Attention; 

SalVentAttn, Salience-Ventral Attention; Cont, Control.  
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4.5.4. Higher-order graph results for intra-Default graph 

4.5.4.1. Intra-Default graph connectivity results: absolute 

comparison 

In the absolute comparison (Fig. 4.16A), group-level intra-Default graphs 

exhibited a left hemisphere-dominant connectivity pattern in both the pre- and 

post-stimulation conditions. Positive t-graphs illustrated more dense connec-

tions in EC-post (131 edges) than in the EC-pre (115 edges) conditions. 

4.5.4.2. Intra-Default graph connectivity results: relative com-

parison  

The relative comparison (Fig. 4.16B) showed a more bilateral connectiv-

ity pattern for both pre- and post-stimulation conditions. In contrast to the abso-

lute comparison, the relative comparison revealed more pronounced connec-

tivity in the pre-stimulation (139 edges) condition than in the post-stimulation 

(121 edges) condition. 

For intra-Default graphs, group-level graphs from the absolute compari-

son consistently showed a left-hemisphere-dominant connectivity pattern, 

whereas the relative comparison produced a more balanced bilateral pattern. 

Additionally, more connections were observed in the EC-post condition in the 

absolute comparison, while the relative comparison showed denser connectiv-

ity in the EC-pre condition. 
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Figure 4.16. Higher-order intra- default graphs elicited by EC conditions 

pre- and post- stimulation using two comparison methods. (A) Group-level 

intra-network graphs for the default network and corresponding t-graphs (t > 0; 

shown in reduced opacity) were generated following NBS analysis pre- and 

post-stimulation. (B) Similar to (A) but for relative comparison. The group-level 

graphs from the absolute comparison consistently showed a left-hemisphere-

dominant connectivity pattern, whereas the relative comparison produced a 

more balanced bilateral pattern. Additionally, more connections were observed 

in the EC-post condition in the absolute comparison, while the relative compar-

ison showed denser connectivity in the EC-pre condition. EC, eyes-closed; NBS, 

network-based statistics; Abs, absolute comparison; Rel, relative comparison. 
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4.5.4.3. Graph analysis results for intra-Default graph 

Significant main effects of comparison methods (absolute vs. relative) 

were only observed for Geff (Fig. 4.17), with the relative comparison exhibiting 

significantly higher Geff in both pre- and post-stimulation conditions. (Pre: t (34) 

= 4.71, P < 0.001; Post: t (34) = 2.91, P = 0.01). Post-hoc comparison also 

revealed a significantly increased Sw in the absolute comparison compared to 

the relative comparison in the EC-pre conditions (t (34) = 2.54, P = 0.02). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.3. 

 

 

Figure 4.17. Graph analysis results for EC conditions pre- and post- stim-

ulation using two comparison methods for intra-Default graphs. Violin 

plots with overlaid scatter and box plots show the results of repeated-measures 

ANOVA with Bonferroni correction for post hoc comparisons of four GNIs 

across the pre (dark yellow) and post (dark blue) conditions and two compari-

son methods. A green-filled circle with a black edge denotes the mean value 

for each group. EC, eyes-closed; GNIs, global network inferences; Gcc, global 
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clustering coefficient; Geff, global efficiency; Sw, small-worldness; Mod, modu-

larity. *P < .05, **P < .01, ***P < .001. 

 

4.5.5. Higher-order graph results for inter-network graph 

4.5.5.1. Inter-network graph connectivity results: absolute 

comparison 

In the absolute comparison (Fig. 4.18A), six edges were identified in the 

t-graphs for the EC-pre condition, compared to the EC-post condition. These 

edges were primarily associated with the Default and Limbic networks, with 

three connections each. The edges observed were Default-SomMot, Default-

Vis, Default-Limbic, Limbic-SalVentAttn, Limbic-Cont, and Cont-SomMot. In the 

post-stimulation t-graph, only two edges were found, both linking SalVentAttn 

to DorsAttn and SomMot, respectively. 

4.5.5.2. Inter-network graph connectivity results: relative com-

parison 

The relative comparison revealed more edges in both the pre- and post-

stimulation conditions than absolute comparison (Fig. 4.18B). The Default and 

DorsAttn networks each exhibited five edges in the t-graphs, demonstrating 

larger connections in the EC-pre condition compared to the EC-post condition. 

These connections were distributed between SomMot, Vis, Cont, and Limbic 

networks. In addition, each of the other three networks (Limbic, Vis, and Cont) 

held four connections in the t-graphs, except for the Vis-SomMot and Cont-

Limbic connections. Specifically speaking, the SomMot-Cont connection was 

distinctive in the t-graphs pre-stimulation.  
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The SalVentAttn network, which showed no edges in the t-graphs in the 

EC-pre condition, was connected to all six other networks in the EC-post con-

dition. Together with the missing Vis-SomMot and Cont-Limbic connections 

from the EC-pre condition, this resulted in a total of eight edges in the EC-post 

condition. 

For inter-network graphs, more connections persisted in the EC-pre con-

dition in both methods. In the relative comparison, highly active networks in-

cluded DorsAttn and Default (five edges each), and SomMot, Vis, Cont, and 

Limbic (four edges each). The Default network had the most edges in the EC-

pre condition, whereas SalVentAttn dominated in the EC-post condition in both 

methods. In the relative comparison for the EC-post condition, SalVentAttn con-

nected with all other networks. 

 

 

Figure 4.18. Higher-order inter-network graphs elicited by EC conditions 

pre- and post- stimulation using two comparison methods. (A) Group-level 

inter-network weighted graphs and corresponding t-graphs (t > 0; shown in re-

duced opacity) were generated following NBS analysis pre- and post-stimula-

tion. (B) Similar to (A) but for relative comparison. The stroke size of each 
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connection indicates the edge weight, representing connectivity strength in the 

upper panels, whereas in the lower panels it represents the corresponding t-

value. More connections persisted in the EC-pre condition in both methods. The 

Default network had the most edges in the EC-pre condition, whereas SalVen-

tAttn dominated in the EC-post condition in both methods. EC, eyes-closed; 

NBS, network-based statistics; Abs, absolute comparison; Rel, relative com-

parison. 

 

4.5.5.3. Graph analysis results for inter-network graphs: edge 

betweenness centrality in absolute comparison 

For the absolute comparison (Fig. 4.19A), the EC-pre condition exhibited 

a greater number of edges in the t-graphs, particularly for large Ebc values. The 

SalVentAttn, Limbic, and Vis networks each displayed four edges, while the 

SomMot and Default networks each had three. The remaining networks, Cont 

and DorsAttn, each had two edges. Notable connections included Limbic-Vis, 

Limbic-SalVentAttn, and Cont-SomMot. 

In the post-stimulation t-graphs, the primary connections involved the 

Cont network, which linked with the Default, Vis, SalVentAttn, and Limbic net-

works. Additional connections included three edges between SomMot and Dor-

sAttn, Vis, and Default, along with two further links: DorsAttn-SalVentAttn and 

DorsAttn-Limbic. The most prominent edge in this condition was SalVentAttn-

Cont. 

4.5.5.4. Graph analysis results for inter-network graphs: edge 

betweenness centrality in relative comparison  

As with the absolute comparison, the EC-pre condition in the relative 

comparison (Fig. 4.19B) showed a greater number of edges. The DorsAttn 
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network had the most connections, with five edges to other networks, excluding 

the Default network. Both the Default and SomMot networks exhibited four 

edges each, while Vis, Cont, and Limbic each had three. The SalVentAttn net-

work was connected only to DorsAttn and Default. Two particularly important 

connections, showing the largest Ebc values, were SomMot-Limbic and Som-

Mot-Cont. 

In the EC-post condition, the SalVentAttn network was connected to four 

other networks in the t-graphs. The Vis, Cont, and Limbic networks each dis-

played three connections, maintaining links from the EC-pre condition. In con-

trast, the Default and SomMot networks had only two edges each, and DorsAttn 

had a single connection to Default. The most notable edges in this condition 

were SalVentAttn-Limbic and SomMot-Vis. 

As for Ebc, it also revealed more edges before stimulation in both com-

parisons. In the absolute comparison, SalVentAttn, Limbic, and Vis each had 

four edges, with notable links between Limbic-Vis, Limbic-SalVentAttn, and 

Cont-SomMot. In the relative comparison for the same condition, DorsAttn had 

the most edges (five), followed by Default and SomMot (four each), and Vis, 

Cont, and Limbic (three each). Noteworthy edges included SomMot-Limbic and 

SomMot-Cont, with the latter also distinctive in the absolute comparison. In the 

EC-post condition, the absolute comparison highlighted the SalVentAttn-Cont 

edge, whereas the relative comparison emphasised the SalVentAttn-Limbic 

and SomMot-Vis edges, with SalVentAttn holding the most edges in this condi-

tion. The SalVentAttn network again played a prominent role in the EC-post 

condition, consistent with findings from the inter-network graph. 
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4.5.5.5. Graph analysis results for inter-network graphs: local 

clustering coefficient 

No significant results were found in the Lcc comparison for the EC con-

ditions pre- and post-stimulation, for both comparison methods (Fig. 4.19C). 

 

 

Figure 19. Results for local graph inferences analysis from inter-network 

graphs elicited by EC conditions pre- and post- stimulation using two 

comparison methods. (A) Ebc corresponded t-graphs generated following 

NBS (t > 0; shown in reduced opacity). (B) Similar to (A) but for relative com-

parison. The stroke size of each connection represents the corresponding t-

value for the Ebc graph contrasts. (C) Box plots illustrate the statistical analysis 

for Lcc by paired-sample t-test with FDR correction between stimulus conditions 

for two comparison methods. The Ebc graphs revealed more edges before 

stimulation in both comparisons. In the absolute comparison, notable links in-

cluded Limbic-Vis, Limbic-SalVentAttn, and Cont-SomMot. In the relative com-

parison for the same condition, key edges were SomMot-Limbic and SomMot-

Cont, with the latter also distinctive in the absolute comparison. In the EC-post 

condition, the absolute comparison highlighted the SalVentAttn-Cont edge, 

whereas the relative comparison emphasised the SalVentAttn-Limbic and Som-

Mot-Vis edges, with SalVentAttn holding the most edges in this condition. EC, 
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eyes-closed; Ebc, Edge betweenness centrality; NBS, network-based statistics; 

Abs, absolute comparison; Rel, relative comparison. 

 

4.5.5.6. Graph analysis results for inter-network graphs: 

global network inferences  

No significant main effects or post-hoc comparison results were found 

for the GNIs in the inter-network graphs for the EC conditions pre- and post-

stimulation, using either comparison method (Fig. 4.20). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 4.3. 

 

 

Figure 4.20. Graph analysis results for EC conditions pre- and post- stim-

ulation using two comparison methods for inter-network graphs. Violin 

plots with overlaid scatter and box plots show the results of repeated-measures 

ANOVA with Bonferroni correction for post hoc comparisons of two GNIs across 

the pre (dark yellow) and post (dark blue) conditions and two comparison meth-

ods. EC, eyes-closed; GNIs, global network inferences; Gcc, global clustering 

coefficient; Geff, global efficiency. 
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Table 4.3. Statistical results for GNIs from EC conditions pre- and post- stimulation using two comparison methods (ANOVA 

and Post-hoc Comparisons). 

Graphs GNIs Effect F₁,₃4 P ηp
2 Post-hoc Comparisons T₃4 PBonferroni 95% CI 

sensor Gcc Comparison (Main) 10.75 0.002 0.24 
Abs > Rel (Pre) 2.50 0.02 [0.01, 0.06] 

Abs > Rel  (Post) 2.73 0.01 [0.01, 0.07] 

sensor Gcc Time (Main) 9.14 0.005 0.21 
Post  > Pre (Abs) 2.70 0.01 [0.01, 0.06] 

Post  > Pre (Rel): ns 1.69 0.1 [0.00, 0.05] 

sensor Geff Comparison (Main) 204.10 <0.001 0.86 
Rel > Abs (Pre) 9.38 <0.001 [0.06, 0.09] 
Rel > Abs (Post) 12.88 <0.001 [0.09, 0.12] 

sensor Geff Time (Main) 5.33 0.03 0.14 
Pre  > Post (Abs) 3.20 0.004 [0.01, 0.05] 

Pre  > Post (Rel): ns 0.43 0.63 [-0.01, 0.02] 
sensor Geff Time × Comp (Interaction) 9.78 0.004 0.22 

    
    

sensor Sw Comparison (Main) 63.63 <0.001 0.65 
Abs > Rel (Pre) 6.12 <0.001 [0.27, 0.54] 
Abs > Rel (Post) 5.37 <0.001 [0.28, 0.62] 

sensor Sw Time (Main) 8.47 <0.001 0.20 
Post > Pre (Abs) 2.44 0.02 [0.03, 0.34] 

Post  > Pre (Rel): ns 1.77 0.08 [-0.02, 0.29] 

sensor Mod Comparison (Main) 22.31 <0.001 0.40 
Rel > Abs (Pre): ns 1.00 0.36 [-0.01, 0.02] 

Rel > Abs (Post) 7.00 <0.001 [0.03, 0.05] 

sensor Mod Time (Main) 21.84 <0.001 0.39 
Pre  > Post (Abs) 5.17 <0.001 [0.02, 0.04] 

Pre  > Post (Rel): ns 0.50 0.7 [-0.01, 0.01] 

sensor Mod Time × Comp (Interaction) 17.23 <0.001 0.34 
        
        

source Gcc Comparison (Main) 43.73 <0.001 0.6 
Abs > Rel (Pre) 5.50 <0.001 [0.03, 0.06] 
Abs > Rel (Post) 5.22 <0.001 [0.03, 0.07] 

source Geff Comparison (Main) 16.06 <0.001 0.3 
Rel > Abs (Pre) 4.20 <0.001 [0.01, 0.03] 
Rel > Abs (Post) 2.40 0.02 [0.00, 0.02] 

source Sw Comparison (Main) 40.10 <0.001 0.5 
Abs > Rel (Pre) 6.20 <0.001 [0.10, 0.20] 
Abs > Rel (Post) 4.03 <0.001 [0.07, 0.21] 

source Mod Comparison (Main) 46.97 <0.001 0.6 
Abs > Rel (Pre) 5.40 <0.001 [0.02, 0.04] 
Abs > Rel (Post) 4.40 <0.001 [0.01, 0.03] 



156 

 

 

 

Intra 
- 

Default 
Geff Comparison (Main) 25.56 <0.001 0.43 

Rel > Abs (Pre) 4.71 <0.001 [0.05, 0.11] 

Rel > Abs (Post) 2.91 0.01 [0.02, 0.11] 

Intra 
- 

Default 
Sw         

Abs > Rel (Pre) 2.54 0.02 [0.06, 0.57] 

Abs > Rel (Post): ns 0.01 0.99 [-0.42, 0.43] 

 

Note. EC, eyes-closed; GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-world-

ness; Mod, modularity; Comp, Comparison; Abs, absolute comparison; Rel, relative comparison. 
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4.5.6. Classification performance 

The top three classification performances based on EC GNIs across 

sensor space, source space, intra-Default, and inter-network graphs, for both 

comparison methods and their combinations, are presented in Table 4.4. How-

ever, no significant p-value was found for GNIs based solely on the relative 

comparison. The highest classification performance, using GNIs from the ab-

solute comparison and the combined comparison methods, reached an accu-

racy of 69% and an AUC-ROC of 0.78. These results suggest that classification 

performance using GNIs from the EC conditions might not provide as much 

information as the EO conditions, particularly for the relative comparison. 

 

Table 4.4. Classification performance for pre- and post-stimulation based 

on GNIs across four graphs and comparison methods EC conditions. 

Comp GNIs AUC-ROC ACC Sensitivity Specificity Pperm 

Abs Abs_sensor 0.78 69% 0.54 0.83 <0.001 

Abs 
Abs_sensor+Abs_inter-net-

work 
0.77 69% 0.54 0.83 <0.001 

Abs 
Abs_sen-

sor+Abs_source+Abs_inter-
network 

0.73 69% 0.54 0.83 <0.001 

Rel Rel_sensor+Rel_intra-Default 0.58 46% 0.29 0.63 0.18 

Rel Rel_source 0.56 53% 0.46 0.60 0.21 

Rel 
Rel_sen-

sor+Rel_source+Rel_intra-
Default+Rel_inter-network 

0.55 56% 0.43 0.69 0.32 

Abs 
+ 

Rel 
Abs_sensor 0.78 69% 0.54 0.83 <0.001 

Abs 
+ 

Rel 

Abs_sensor+Abs_inter-net-
work 

0.77 69% 0.54 0.83 <0.001 

Abs 
+ 

Rel 

Abs_sensor+Abs_intra-De-
fault+Rel_source+Rel_intra-
Default+Rel_inter-network 

0.77 73% 0.66 0.80 <0.001 

 



158 

 

 

 

Note. EC, eyes-closed; Comp, Comparison methods; Abs, absolute compari-

son; Rel, relative comparison; AUC-ROC., area under the receiver operating 

characteristic curve; ACC, accuracy; Pperm, P value based on 1000 permutation. 

 

4.6. Discussion for eyes-closed condition 

4.6.1. Representative connectivity patterns 

Across both comparison methods from the brain-wide graphs, we ob-

served a distribution of both intra-hemispheric and inter-hemispheric connectiv-

ity in the EC-pre contrasts and a predominately inter-hemispheric connectivity 

in the EC-post contrasts. Specifically, the EC-pre contrasts displayed bilateral 

frontal-parietal connections within each hemisphere, along with strong parietal-

parietal links. In contrast, the EC-post contrasts were characterised by connec-

tions from the right frontal regions to the left parietal regions. This shift suggests 

that stimulation promoted more lateralised information transfer while reducing 

bilateral processing in the EC condition. 

4.6.2. Dynamic network reconfiguration  

In the EC-pre contrasts, both the inter-network and Ebc graphs indicated 

broad network engagement and increased inter-network communication across 

both comparison methods. The inter-network graphs highlighted strong involve-

ment of the Default, Limbic, and SomMot networks, while the Ebc graphs iden-

tified distinctive edges such as SomMot-Cont. Notable links included Limbic-

Vis and Limbic-SalVentAttn in the absolute comparison, and Limbic-SomMot in 

the relative comparison. This broad network communication in EC aligns with 

previous findings of increased connectivity between most networks, especially 
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Default-SomMot coupling, as well as increased connectivity from auditory and 

SomMot networks to other systems (Agcaoglu et al., 2019; Costumero et al., 

2020; J. Han et al., 2023). 

In the EC-post contrasts, SalVentAttn emerged as the dominant hub in 

both the inter-network and Ebc graphs. In the Ebc graphs, the absolute com-

parison primarily highlighted the SalVentAttn-Cont edge, while the relative com-

parison emphasised SalVentAttn-Limbic and SomMot-Vis. Across methods, 

SalVentAttn held the highest number of edges in this condition. 

This transition from broadly distributed processing mode with wide-

spread inter-network interaction to a SalVentAttn-centric communication pat-

tern reflects prioritised attentional network recruitment after stimulation. 

4.6.3. Global network inferences and networks  

GNIs showed a time effect only in sensor space and only in the absolute 

comparison: after stimulation, global segregation increased while global func-

tional integration decreased, resulting in higher small-worldness and lower 

modularity. This change corresponds to the observed shift from a bilateral intra- 

and inter-hemispheric pattern with extensive multi-network engagement before 

stimulation, to a more focused, high-segregation pattern after stimulation.  

The post-stimulation network was characterised by a dominant right-

frontal-to-left-parietal connection, with SalVentAttn as the central hub. The re-

duction in global integration, paired with increased segregation, suggests a 

neuroplastic response that optimised specialised processing at the expense of 

broader global communication. 
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4.6.4. Classification performance 

Classification performance for EC conditions relied entirely on GNIs from 

the absolute comparison. The highest performance achieved an accuracy of 

69% and an AUC-ROC of 0.78, highlighting the strong predictive potential of 

GNIs derived from the absolute comparison. The relative lack of significant ef-

fects in the relative comparison for EC conditions, suggests that the baseline 

normalisation approach may be less effective for classifying states under eyes-

closed resting conditions, possibly due to the already high and stable alpha 

oscillations characteristic of EC. 

4.7. Classification performance with eyes-open, 

eyes-closed conditions and their combination 

4.7.1. Classification performance for absolute comparison 

The top classification performance based on GNIs from all nine graphs 

from both EO, EC conditions and their combination for absolute comparison 

methods is presented in Table 4.5. The graphs considered include sensor 

space, source space, intra-Visual, intra-Somato-Motor, intra-Dorsal Attention, 

intra-Salience-Ventral Attention, intra-Limbic, intra-Control, intra-Default, and 

inter-network. The permutation p-values for all selected classifications were sig-

nificant. 

The first five rows in Table 4.5 show the combination of EO and EC con-

ditions, all with AUC-ROC values above 0.87, and the highest value reaching 

0.88. Accuracy values were above 74%, with the highest at 84%. This perfor-

mance surpassed that of models trained on a single state. 
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Models based solely on EO features reached a maximum AUC-ROC of 

0.72 and accuracy of 67%, while EC-only models performed better, achieving 

an AUC-ROC of 0.81 and accuracy of 76%.  

These results indicate that combining both EO and EC conditions en-

hanced classification performance. A key observation was that the inclusion of 

multiple intra-network features, as opposed to relying on a single network like 

the Default network, consistently enhanced classification accuracy across all 

conditions. These results robustly indicate that combining information from both 

EO and EC states, and leveraging a diverse set of network-specific features, 

substantially enhances the ability to classify pre- and post-stimulation brain 

states using absolute connectivity metrics. 
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Table 4.5. Classification performance for pre- and post-stimulation based on GNIs across all nine graphs with EO, EC con-

ditions and their combination in absolute comparison. 

Eyes-condi-
tion 

GNIs 
AUC-
ROC 

ACC 
Sensitiv-

ity 
Specific-

ity 
Pperm 

EO 
+ 

EC 

open-sensor+open-source+open-Default+open-inter+ 
closed-sensor+closed-Vis+closed-SalVentAttn+closed-Cont 

0.88 81% 0.69 0.94 <0.001 

EO 
+ 

EC 

open-sensor+open-source+open-Default+ 
closed-sensor+closed-source+closed-Vis+closed-SomMot+closed-DorsAttn+closed-De-

fault+closed-inter 
0.88 74% 0.66 0.83 <0.001 

EO 
+ 

EC 

open-source+open-SalVentAttn+open-Default+open-inter+ 
closed-sensor+closed-source+closed-Vis+closed-SalVentAttn+closed-Cont+closed-inter 

0.88 83% 0.74 0.91 <0.001 

EO 
+ 

EC 

open-sensor+open-source+open-Default+open-inter+ 
closed-sensor+closed-Vis+closed-DorsAttn+closed-Cont 

0.87 76% 0.60 0.91 <0.001 

EO 
+ 

EC 

open-source+open-SalVentAttn+open-Default+open-inter+closed-sensor+ 
closed-source+closed-Vis+closed-SalVentAttn+closed-Cont+closed-inter 

0.87 84% 0.77 0.91 <0.001 

EO sensor+SalVentAttn+Cont+Default 0.72 67% 0.51 0.83 <0.001 

EO sensor+source+DorsAttn+Cont+Default+inter 0.72 61% 0.51 0.71 <0.001 

EO sensor+SomMot+SalVentAttn+Default 0.72 63% 0.49 0.77 0.01 

EC sensor+DorsAttn+inter 0.81 71% 0.60 0.83 <0.001 

EC sensor+Vis+DorsAttn+SalVentAttn+Cont+inter 0.80 76% 0.66 0.86 <0.001 

EC sensor+source+Vis 0.79 71% 0.54 0.89 <0.001 
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Note. EO, eyes-open; EC, eyes-closed; Vis, intra-Visual network; SomMot, intra-Somato-Motor network, DorsAttn, intra-Dorsal Atten-

tion network; SalVentAttn, intra-Salience-Ventral Attention network, Limbic, intra-Limbic network; Cont, intra-Control network; Default, 

intra-Default network; inter, inter-network; AUC-ROC., area under the receiver operating characteristic curve; ACC, accuracy; Pperm, P 

value based on 1000 permutation. 
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4.7.2. Classification performance for relative comparison 

A parallel analysis was conducted using the relative comparison method 

(Table 4.6). Mirroring the findings from the absolute comparison, the combina-

tion of EO and EC conditions yielded the strongest results, with the top models 

achieving an AUC-ROC of 0.83 and accuracies up to 77%. 

However, this overall performance was lower than that achieved with the 

absolute comparison. Notably, the efficacy of the relative comparison was 

highly condition-dependent. For the EO condition alone, relative comparison 

models showed competitive performance, with a top AUC-ROC of 0.79 and ac-

curacy of 70%. In stark contrast, models using only EC data under the relative 

comparison performed poorly, with a maximum AUC-ROC of 0.66 and none 

exceeding 70% accuracy.  

This stark discrepancy highlights a fundamental limitation of the relative 

comparison approach when applied to the eyes-closed state, suggesting that 

its baseline-normalisation process may attenuate the very neural features that 

are most discriminative in this condition. Nevertheless, the act of combining EO 

and EC data still provided a clear boost in performance for the relative method, 

reaffirming the complementary nature of these two resting-states. 
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Table 4.6. Classification performance for pre- and post-stimulation based on GNIs across all nine graphs with EO, EC con-

ditions and their combination in relative comparison. 

Eyes-condi-
tion 

GNIs 
AUC-
ROC 

ACC 
Sensi-
tivity 

Specific-
ity 

Pperm 

EO+EC 
Rel_open_sensor+Rel_open_source+Rel_open_SomMot+Rel_open_Default+ 

Rel_closed_source+Rel_closed_DorsAttn+Rel_closed_Cont+Rel_closed_Default 
0.83 77% 0.69 0.86 <0.001 

EO+EC 
Rel_open_sensor+Rel_open_source+Rel_open_SomMot+Rel_open_Cont+Rel_open_De-

fault+Rel_closed_SomMot +Rel_closed_DorsAttn+Rel_closed_Default 
0.83 73% 0.66 0.80 <0.001 

EO+EC 
Rel_open_sensor+Rel_open_source+Rel_open_SomMot+Rel_open_Dor-

sAttn+Rel_open_Cont+Rel_open_inter+ 
Rel_closed_SomMot+Rel_closed_DorsAttn 

0.83 79% 0.66 0.91 <0.001 

EO+EC 
Rel_open_sensor+Rel_open_source+Rel_open_SomMot+Rel_open_inter+ 

Rel_closed_SomMot +Rel_closed_DorsAttn+Rel_closed_Cont 
0.83 70% 0.54 0.86 <0.001 

EO+EC 
Rel_open_sensor+Rel_open_source+Rel_open_SomMot+Rel_open_Default+ 
Rel_closed_DorsAttn+Rel_closed_Cont+Rel_closed_Default+Rel_closed_inter 

0.83 71% 0.60 0.83 <0.001 

EO sensor+SomMot+DorsAttn+Cont+inter 0.79 70% 0.63 0.77 <0.001 

EO sensor+SomMot+DorsAttn+SalVentAttn+Cont+inter 0.78 69% 0.57 0.80 <0.001 

EO sensor+SomMot+Cont 0.77 71% 0.60 0.83 <0.001 

EC source+Vis+DorsAttn+SalVentAttn+Cont 0.66 69% 0.57 0.80 0.01 

EC DorsAttn+SalVentAttn 0.64 56% 0.40 0.71 0.01 

EC source+DorsAttn+SalVentAttn+inter 0.63 59% 0.40 0.77 0.04 

 

Note. EO, eyes-open; EC, eyes-closed; Vis, intra-Visual network; SomMot, intra-Somato-Motor network, DorsAttn, intra-Dorsal Atten-

tion network; SalVentAttn, intra-Salience-Ventral Attention network, Limbic, intra-Limbic network; Cont, intra-Control network; Default, 

intra-Default network; inter, inter-network; AUC-ROC., area under the receiver operating characteristic curve; ACC, accuracy; Pperm, P 

value based on 1000 permutation. 
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4.8. Discussion on combined classification on 

pre- and post-stimulation 

The classification analyses yielded three principal findings regarding the 

discrimination of pre- and post-stimulation states. First, the highest classifica-

tion performance was consistently achieved by integrating GNIs from both EO 

and EC conditions. The absolute comparison method provided the overall best 

result, with a peak AUC-ROC of 0.88 and accuracy of 81% when features were 

combined. This demonstrates that EO and EC states provide non-redundant, 

complementary information about the brain's functional network organisation, 

and their integration creates a more powerful and robust feature set for machine 

learning classification.  

Second, the incorporation of intra-network features was critical for 

achieving high accuracy. Models that included GNIs from specific functional 

networks (e.g., SalVentAttn, SomMot, Default) consistently outperformed those 

relying solely on global brain-wide graphs. This indicates that stimulus-induced 

neuroplasticity is reflected not only in broad network-level changes but also in 

the distinct reconfiguration of specialised functional systems. Capturing this net-

work-specific dynamics is therefore essential for optimal state discrimination.  

Finally, the choice of comparison method was a major determinant of 

success. The absolute comparison method proved to be more robust and uni-

versally effective, performing well for both EO and EC conditions. In contrast, 

the relative comparison showed a significant conditional dependency, perform-

ing adequately for EO but poorly for EC. This suggests that the relative 
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method's baseline normalisation may suppress discriminative features inherent 

in the absolute connectivity of the eyes-closed state. 

In conclusion, these findings establish an optimal strategy for classifying 

functional brain states using EEG-based network metrics. The most powerful 

predictive models are built by integrating features from both resting-state con-

ditions (EO and EC) and multiple levels of network topology (brain-wide and 

intra-network), primarily using the absolute comparison method to preserve the 

most discriminative neural signatures. This integrative analytical framework 

provides a robust foundation for developing sensitive biomarkers for neurolog-

ical conditions or cognitive states.  

4.9. Conclusion 

4.9.1. Conclusion for eyes-open condition 

Our findings demonstrated that the choice of comparison method (abso-

lute vs. relative) substantially influenced observed brain connectivity patterns in 

both sensor and source space. The absolute comparison highlighted anterior 

or within-hemisphere connections, whereas the relative comparison tended to 

emphasise inter-hemispheric and posterior connectivity. 

Network-level analyses revealed shifts in hub structures and clustering 

patterns after stimulation, particularly shifting from SalVentAttn-driven integra-

tion with robust Default interactions to SomMot-Vis dual-hub segregation, re-

flecting altered functional organisation. This reconfiguration aligned with in-

creased segregation and reduced modularity, suggesting that sensory stimula-

tion enhanced specialised processing while also increasing between-network 

crosstalk. Our findings are consistent with previous reports of the SalVentAttn 
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network serving as a hub in EO and with evidence of enhanced SomMot and 

Vis network involvement following sustained pain, indicating the integration of 

sensory information into bodily self-consciousness in pain perception (Costum-

ero et al., 2020; J. Han et al., 2023; Lou et al., 2024).  

4.9.2. Conclusion for eyes-closed condition 

In the EC condition, connectivity patterns and inter-network organisation 

were largely consistent across comparison methods. The EC-pre contrasts fea-

tured bilateral intra-hemispheric connectivity, dominated by frontal-parietal and 

inter-hemispheric parietal-parietal links, while the EC-post contrasts shifted to 

focused inter-hemispheric pathways, led by right-frontal-to-left-parietal connec-

tions. 

The reconfiguration of these patterns was captured most effectively by 

GNIs from the absolute comparison, which also outperformed the relative com-

parison in classification tasks. Stimulation transformed the EC network from a 

high-integration, multi-network configuration into a SalVentAttn-dominated, 

high-segregation state, marked by increased small-worldness and reduced 

modularity. This transformation reflects a shift toward more specialised infor-

mation processing, supported by long-distance cross-hemispheric communica-

tion. While the broad, distributed network connectivity pattern observed in the 

EC-pre contrasts aligned with previous research (Agcaoglu et al., 2019; Cos-

tumero et al., 2020; J. Han et al., 2023), the distinctive EC-post properties were 

uniquely elucidated by the present findings. 
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4.9.3. Similarity and uniqueness for eyes-open and eyes-closed 

conditions pre- and post-stimulation 

The GNI analyses revealed consistent post-stimulation patterns across 

both EO and EC conditions, characterised by increased functional segregation 

and small-worldness, alongside reduced modularity, particularly in sensor 

space. Both conditions exhibited post-stimulation neuroplasticity with altered 

hub structures, though the specific connectivity pathways and network domi-

nance differed. EO reconfiguration involved a dual-hub SomMot-Vis pattern, 

whereas EC reorganisation centred on a SalVentAttn-dominated architecture.  

These findings highlighted both shared underlying mechanisms and 

state-specific adaptations to somatosensory stimulation. Furthermore, they val-

idated the robustness of GNIs as sensitive descriptors of large-scale network 

organisation, supporting their potential use as discriminative features. 

4.9.4. Validation and translational potential 

The robust classification of pre- versus post-stimulation states, achieving 

an AUC-ROC of 0.88 and 81% accuracy, is a key achievement of this work. 

This high performance was accomplished by combining GNIs from both EO and 

EC conditions using the absolute comparison method. The superior predictive 

power of this combined model not only confirms the complementary nature of 

information encoded in different resting-states but also underscores the practi-

cal value of GNIs as discriminative features for machine learning. The en-

hanced performance gained from including intra-network features further re-

veals that stimulus-induced neuroplasticity is expressed through both global 

and network-specific reconfigurations.  
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4.10. Summary 

This chapter systematically investigated brain network reconfiguration 

during eyes-open (EO) and eyes-closed (EC) resting-states before and after 

sensory stimulation The findings reveal a consistent stimulation-induced shift 

towards enhanced functional segregation across states, yet manifest through 

distinct, state-dependent network pathways. Under EO conditions, networks 

transitioned from an initial SalVentAttn-driven state characterised by robust De-

fault network interactions toward a post-stimulation architecture dominated by 

dual SomMot-Visual hubs. Conversely, EC conditions shifted from a broad, 

multi-network integration pattern to a consolidated SalVentAttn-dominated, 

high-segregation state after stimulation. 

These findings elucidated dynamic, state-dependent transitions trig-

gered by sensory input including tonic pain. Critically, we achieved high-accu-

racy classification of pre- versus post-stimulation states (AUC-ROC = 0.88, ac-

curacy = 81%) using global network inferences (GNIs) derived from graph-

based analysis of combined both EO and EC resting-state data. This perfor-

mance underscored the sensitivity of our multimodal framework in detecting 

stimulation-induced neuroplasticity and provided a valuable foundation for com-

parative studies with chronic pain cohorts. 

The novel contribution of this work lies in identifying a unified yet state-

dependent signature of post-stimulation neuroplasticity, optimally captured 

through a combined EO/EC multimodal approach. 
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Chapter 5 

Maladaptive network persistence in chronic pain: 

EEG network integration in resting-states dy-

namics  

 

Having established a sensitive framework in Chapter 4 for detecting stimulation-

induced neuroplasticity in healthy individuals, we now apply it to characterise 

intrinsic resting-state networks in chronic pain patients compared with healthy 

controls. 
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5.1. Introduction 

Chronic pain is increasingly understood as a disorder of brain network 

dysfunction rather than a localised sensory abnormality (Farmer et al., 2012; 

Hemington et al., 2016; Huang et al., 2019). Resting-state paradigms, which 

capture intrinsic brain activity in the absence of explicit task demands, have 

been widely used to investigate these neural correlates. Analyses of static rest-

ing-state activity consistently reveal distinct patterns of brain reorganisation that 

differentiate chronic pain patients (CP) from healthy controls (HC), and in some 

cases achieve successful group classification (Kutch et al., 2017; Ta Dinh et 

al., 2019; Tu et al., 2021; Zebhauser et al., 2024). Consequently, these quanti-

fiable signatures of brain network dysfunction are increasingly regarded as 

highly promising objective biomarkers for chronic pain (Pfannmoller & Lotze, 

2019; Zebhauser et al., 2023). 

The Default mode network (Default) which plays a critical role in self-

referential thought and higher-order cognition, is one of the most consistently 

reported networks showing disruption across various chronic pain conditions, 

including chronic back pain, fibromyalgia, and migraine (Alshelh et al., 2018; 

Baliki et al., 2014). The Default comprises a set of highly interconnected regions, 

including the medial prefrontal cortex (mPFC), posterior cingulate cortex, infe-

rior parietal cortex and precuneus (Gusnard & Raichle, 2001). Critically, Default 

disruption is complex and not entirely uniform. Baliki et al. (2011, 2014) reported 

that while chronic back pain patients show enhanced high-frequency fluctua-

tions of the mPFC, they also exhibit decreased connectivity between the mPFC 

and the posterior Default components. This specific decoupling is theorised to 
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impair the competitive inhibition between the Default and attentional networks. 

Collectively, this evidence suggests that the spatial reorganisation of the De-

fault may be condition-specific, a phenomenon reflected in the unique emo-

tional, attentional, and cognitive abnormalities observed in different clinical pop-

ulations, with the mPFC effectively "losing its membership" within the canonical 

Default architecture (Baliki et al., 2014). This reorganisation is further evidenced 

by graph theoretic analyses, which reveal that the mPFC exhibits significantly 

higher nodal degree, efficiency, and betweenness centrality in CP patients, sug-

gesting it assumes an altered, and potentially maladaptive, hub-like role in the 

pain-state brain (Tu et al., 2019).  

The functional magnetic resonance imaging (fMRI) has revealed wide-

spread dysfunction in global network architecture and altered hub connectivity 

in chronic pain, as quantified by graph theory (Baliki & Apkarian, 2015; Huang 

et al., 2019; Lee et al., 2021; Xin et al., 2024). For example, a multicentre study 

demonstrated alterations in global network topology in patients with chronic low 

back pain, including significant reductions in the clustering coefficient and be-

tweenness centrality (Mano et al., 2018). Furthermore, chronic pain has been 

associated with increased network integration and reduced functional segrega-

tion, particularly involving abnormal connectivity of the Default, suggesting a 

dysfunction of brain state dynamics. 

Electroencephalography (EEG) and magnetoencephalography (MEG) 

studies have also provided insight into neuronal oscillations at different frequen-

cies (Heitmann et al., 2022; Pinheiro et al., 2016). Spectral analysis of EEG has 

revealed several potential biomarkers. Systematic reviews indicated that 

chronic pain was associated with higher theta and beta band power (Zebhauser 
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et al., 2023), while migraine patients showed evidence of lower alpha and beta 

band connectivity (Zebhauser et al., 2024). In neuropathic pain, MEG studies 

highlight abnormal alpha power (Kisler et al., 2020), whereas EEG studies con-

sistently show increased theta power, decreased alpha/beta power, and slow-

ing of the dominant peak frequency (Mussigmann et al., 2022). Slower peak 

alpha frequency has also been reported in patients with widespread pain (Cava-

leri et al., 2025),and pancreatitis (Vries et al., 2013). However, findings can be 

diagnosis-specific, as some studies report no significant differences such as in 

peak alpha frequency between patients and controls, underscoring the hetero-

geneity of chronic pain (McLain et al., 2025). 

From a functional connectivity perspective, which has been shown to 

outperform measures of brain activity alone (Bott et al., 2025), EEG and MEG 

studies have identified aberrant communication between key nodes of the pain 

connectome. In chronic neuropathic pain, reduced connectivity has been ob-

served between the dorsal anterior cingulate cortex, somatosensory cortex, and 

pregenual anterior cingulate cortex, suggesting abnormal assignment of behav-

ioural salience to pain (Vanneste & De Ridder, 2021). A large EEG study of 101 

CP and 84 HC found significantly increased theta- and gamma-band connec-

tivity in frontal areas of CP patients; machine learning models achieved above-

chance classification accuracy (57%), primarily driven by frontal connectivity 

features (Ta Dinh et al., 2019). Furthermore, graph theory applied to EEG data 

has shown that changes in one of the global network inferences (GNIs), global 

network efficiency, at theta frequencies are associated with chronic pain and 

can be modulated by therapy, even in the absence of changes in spectral power 

(Heitmann et al., 2022). 
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Despite these advances, several gaps remain. First, network alterations 

in CP have been predominantly characterized using fMRI, and comprehensive 

EEG-based network biomarkers are still lacking. Second, the dynamic proper-

ties of these networks, examined through graph theory, remain underexplored 

in EEG. Third, the influence of the resting-state paradigm (eyes-open vs. eyes-

closed) on network metrics in CP is unclear, with mixed findings and limited 

systematic investigation.  

Addressing these gaps is critical for advancing the field of pain neurosci-

ence. Developing robust EEG-based network biomarkers is essential for trans-

lating research findings into clinically feasible tools, given EEG's advantages in 

cost, portability, and temporal resolution. Furthermore, a deeper understanding 

of dynamic network properties and state-dependent manifestations of pain is 

necessary to move beyond static snapshots of brain function. This will allow us 

to capture the fluctuating nature of chronic pain and identify core, stable net-

work signatures that persist across different brain states. Ultimately, bridging 

these knowledge gaps is a pivotal step towards establishing a unified network-

based model of chronic pain that can inform the development of more objective 

diagnostics and targeted neuromodulatory therapies. 

The primary objective of this research is to address these gaps by ap-

plying graph theory to alpha-band EEG data collected during both eyes-open 

(EO) and eyes-closed (EC) resting-state conditions in CP and HC, with partic-

ular focus on the Default network. Specifically, we aim to: (1) characterise the 

reorganisation of functional brain networks in chronic pain by comparing graph 

theory-based inferences between CP and HC groups across both EO and EC 

states; (2) evaluate whether group differences vary between EO and EC 
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resting-state conditions; (3) elucidate the neuronal mechanisms underlying 

these differences; and (4) assess the ability of GNIs to distinguish between CP 

and HC.  

We hypothesised that chronic pain would be associated with a reconfig-

uration of functional network topology, manifesting as altered GNIs in the alpha 

band, with the Default network exhibiting alterations, and that these differences 

would differ between EO and EC conditions. We further expected that the de-

rived GNIs would demonstrate robust classification performance for differenti-

ating CP and HC groups. 

5.2. Methods  

5.2.1. Participants 

We used an open dataset from the Technical University of Munich, col-

lected for a large-scale study of brain dysfunction in chronic pain 

(https://osf.io/srpbg/). The original dataset included 96 patients and 81 healthy 

controls for the eyes-open (EO) condition, and 101 patients and 88 healthy con-

trols for the eyes-closed (EC) condition, derived from three projects: chronic 

back pain, fibromyalgia, and mixed chronic pain. Resting-state electroenceph-

alographic (EEG) data were recorded in EO and EC conditions; however, not 

all participants had recordings for both states.  

Data inclusion was based on recording quality, resulting in three sub-

groups: participants with both EO and EC data (paired-state group), participants 

with only EO data, and participants with only EC data. Importantly, individuals 

with both EO and EC recordings were included in both the EO and EC subsets. 

The demographic details for each subgroup are presented in Table 5.1. 

https://osf.io/srpbg/
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Table 5.1. Demographics of participants 

Eye-state   CP HC 

both 

Age(mean±SD) 58.40±11.88 60.38±15.94 

N_female 22 21 

N_total 35 31 

P_CBP 12 0 

P_FM 5 6 

P_NCCP 18 25 

EO 

Age(mean±SD) 59.22±10.92 59.22±15.45 

N_female 35 31 

N_total 54 50 

P_CBP 22 0 

P_FM 8 11 

P_NCCP 24 39 

EC 

Age(mean±SD) 57.72±12.07 57.47±15.40 

N_female 38 36 

N_total 54 49 

P_CBP 18 0 

P_FM 14 10 

P_NCCP 22 39 

 

Note. CP, chronic pain patients group; HC , healthy control group matched in 

such project; EO, eyes-open; EC, eyes-closed; N_female, number of females 

in the group; N_total, total number of participants in the group; P_CBP, number 

of participants from chronic back pain project; P_FM, number of participants 

from Fibromyalgia project; P_NCCP. number of participants from mixed chronic 

pain conditions project. 

 

5.2.2. Data description and processing 

EEG data were recorded using 64 electrodes and a BrainAmp MR Plus 

amplifier (Brain Products, Munich, Germany), referenced to FCz and grounded 

at AFz, with a recording duration of 5 minutes. Signals were sampled at 1000 

Hz with a resolution of 0.1 μV, band-pass filtered online between 0.016 and 250 

Hz, and electrode impedances were kept below 20 kΩ.  
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Data preprocessing and analysis followed the procedures described in 

Chapter 4. All analyses focused on the alpha band. The analytical design and 

classification were largely identical to that of Chapter 4, except that adjacency 

matrix thresholding was based on the median rather than the median plus one 

standard deviation. This adjustment was necessary because the more stringent 

threshold resulted in an insufficient number of connections for a subset of par-

ticipants, generating invalid GNIs. Most notably, this led to 21 cases of non-

calculable small-worldness values across the dataset.  

Relative comparisons between EO and EC conditions were conducted 

only in the paired-state group, where both states were available. As in Chapter 

4, relative comparisons were obtained by normalizing each participant’s EO 

connectivity matrix by their corresponding EC matrix, and vice versa for relative 

EC connectivity. 

5.3. Results for eyes-open condition in paired-

state group 

5.3.1. Results in sensor space 

5.3.1.1. Sensor space connectivity: absolute comparison 

Sensor-space connectivity during the EO condition revealed distinct 

group-level patterns between HC and CP groups in absolute comparison (Fig. 

5.1). The group-averaged connectivity graph for HC displayed a dense network 

of connections, whereas the graph for the CP group was sparsely connected 

(Fig. 5.1A, upper panel). 
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The NBS analysis revealed only identified one significant component 

where connectivity was stronger in the CP group compared to the HC group (P 

< 0.001). This component was bilaterally distributed but showed a right-hemi-

spheric predominance, particularly involving prefrontal regions. It comprised 62 

nodes interconnected by 822 edges. Conversely, the contrast for stronger con-

nectivity in the HC group (t-graph) revealed a bilateral pattern characterized by 

sparse, long-distance connections (Fig. 5.1A, lower panel). 

5.3.1.2. Sensor space connectivity: relative comparison 

Group-level differences were also pronounced in the relative connectiv-

ity analysis (Fig. 5.1B). The HC group exhibited a distinctive ipsilateral, right-

hemispheric pattern, while the CP group maintained a bilateral distribution (Fig. 

5.1B, upper panel).  

Similarly, the NBS analysis revealed only a significant connectivity pat-

tern of larger connectivity in CP than HC, with densely connections in right hem-

isphere and emphasised connectivity in the prefrontal region, consisting of 61 

nodes and 1021 edges (P < 0.001). In contrast, the t-graph which illustrated the 

larger connectivity in HC than CP revealed bilateral distribution with both long 

and short-distance connections (Fig. 5.1B, lower panel). 

In summary, a marked difference in connectivity patterns was observed 

between the absolute and relative comparison methods, particularly within the 

HC group-level graphs. Despite this, both methods consistently revealed a sig-

nificant network of stronger connectivity in the CP group compared to the HC 

group. This network was characterized by dense, bilateral connections with a 

notable emphasis on right prefrontal regions. 
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Figure 5.1. Graphs elicited by EO conditions between HC and CP groups 

using two comparison methods in sensor space. (A) Group-level functional 

connectivity graph in absolute comparison for EO in HC and CP groups (upper 

panel row). Sensors corresponding to different scalp regions (Prefrontal, 

Frontal, Temporal, Frontal-central, Central, Central-parietal, Parietal, and Oc-

cipital) were colour-labelled for visual distinction. Group contrast connectivity 

patterns were identified using NBS and visualised as p-graphs and t-graphs, 

the latter with reduced opacity (lower panel). (B) Similar to (A) but for relative 

comparison. A marked difference in HC group-level connectivity graphs was 

observed between the two comparison methods. Both methods, consistently 

identified a significant network of increased connectivity in the CP group, char-

acterised by dense, bilateral connections with a notable emphasis on right pre-

frontal regions. EO, eyes-open; Abs, absolute comparison; Rel, relative com-

parison; HC, healthy control group; CP, chronic pain patient group; NBS, net-

work-based statistics. 
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5.3.1.3. Sensor space graph analysis results 

The significant main effect of comparison method (absolute vs. relative) 

was observed across all GNIs whereas the significant main effect of group (HC 

vs. CP) was found for all GNIs except Gcc (Fig. 5.2). 

Post hoc comparisons revealed that the absolute comparison method 

yielded significantly higher Gcc values than the relative method in both the HC 

group (t (30) = 4.09, P < 0.001) and (t (34) = 2.53, P = 0.01). 

For Geff, a strong main effect of comparison method was observed. Geff 

was significantly higher under the absolute comparison than the relative com-

parison in the HC group (t (30) = 2.86, P = 0.01) but not in CP group (t (34) = 

1.29, P = 0.21). A significant main effect of group was also found, with the CP 

group exhibiting larger Geff values in both the absolute (t (64) = 3.17, P < 0.01) 

and relative comparison (t (64) = 3.27, P < 0.01).  

Regarding Sw, a strong main effect of comparison method was detected. 

Small-worldness was significantly higher in the absolute comparison than the 

relative comparison for the CP group (t (34) = 2.05, P = 0.05) but not for the HC 

group (t (30) = 1.56, P = 0.13). A significant main effect of group was also ob-

served, with the HC group showing larger Sw values in both the absolute (t (64) 

= 3.34, P = 0.001) and relative comparison (t (64) = 3.84, P < 0.001).  

Modularity was significantly higher in the relative comparison than in the 

absolute comparison for both the HC group (t (30) = 6.08, P < 0.001) and the 

CP group (t (34) = 6.20, P < 0.001). Although a significant main effect of group 

was observed for modularity, no post hoc group comparisons survived correc-

tion for multiple comparisons in either the absolute or relative method. 
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Detailed ANOVA statistics and post-hoc comparisons were provided in 

Table 5.2.  

 

 

Figure 5.2. Graph analysis results for EO conditions in HC and CP groups 

using two comparison methods in sensor space. Violin plots with overlaid 

scatter and box plots show the results of two-way mixed ANOVA with Bonfer-

roni correction for post hoc comparisons of four GNIs across the EO-HC (yellow) 

and EO-CP (blue) conditions and two comparison methods. A green-filled circle 

with a black edge denotes the mean value for each group. EO, eyes-open; HC, 

healthy control group; CP, chronic pain patient group; GNIs, global network in-

ferences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, small-

worldness; Mod, modularity. *P < .05, **P < .01, ***P < .001. 

 

5.3.2. Results in source space  

5.3.2.1. Source space connectivity results: absolute compari-

son 

Within the source space (Fig. 5.3), the group-level connectivity graphs 

for both HC and CP groups exhibited a bilateral distribution pattern (Fig. 5.3A), 
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and no significant graphs were identified when comparing these two groups 

using NBS.  

The t-graphs illustrating greater connectivity in the HC group showed 

clusters of increased connectivity both within and across hemispheres, particu-

larly centred in central and parietal regions. By contrast, CP group contrast was 

primarily localised to central-frontal regions, though also distributed within both 

hemispheres. 

5.3.2.2. Source space connectivity results: relative compari-

son 

For relative comparisons (Fig. 5.3B), a bilateral distribution was again 

observed in the group-averaged connectivity graphs for both cohorts. As with 

the absolute method, NBS did not detect any statistically significant networks 

differentiating the groups. 

The t-graph for the relative HC group highlighted a left-hemisphere dom-

inant pattern, localised to central and parietal areas, alongside interhemispheric 

connections between the parietal regions. For the CP group, differences were 

again pronounced in frontal regions, which showed connectivity to central and 

other areas within each hemisphere. Additional cross-hemispheric connections 

were observed involving frontal and central regions. 

Both group-level and group contrast graphs demonstrated consistent 

patterns across comparison methods, while greater divergence was revealed 

in the spatial distribution of group differences. The absolute comparison re-

vealed bilateral differences in the HC group, while the relative comparison 

showed a left-dominant posterior pattern. For the CP group, both methods 
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demonstrated broadly bilateral anterior patterns, though the relative compari-

son showed richer cross-hemispheric connectivity than the absolute contrast. 

 

 

Figure 5.3. Graphs elicited by EO conditions in HC and CP groups using 

two comparison methods in source space. (A) Group-level functional con-

nectivity graph in absolute comparison for EO in HC and CP groups (upper 

panel row) in source space for 100 pairs of brain regions organised into 7 dif-

ferent functional networks (Visual, Somato-motor, Dorsal Attention, Salience-

Ventral Attention, Limbic, Control, and Default). The t-graphs (second row) con-

structed from connections with a t-value larger than 1.67 compared between 

conditions using NBS (shown in reduced opacity). (B) Similar to (A) but for rel-

ative comparison. Both group-level and contrast graphs showed consistent pat-

terns across methods, though greater divergence emerged in the spatial pat-

terns of these differences. The HC group showed bilaterally distributed poste-

rior connectivity in the absolute comparison, but a left-lateralized pattern in the 

relative comparison. The CP group exhibited broadly bilateral anterior connec-

tivity with both methods, though the relative comparison demonstrated 
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enhanced cross-hemispheric connectivity. EO, eyes-open; Abs, absolute com-

parison; Rel, relative comparison; HC, healthy control group; CP, chronic pain 

patient group; NBS, network-based statistics. 

 

5.3.2.3. Source space graph analysis results 

No significant main effect of group was identified in the source space 

GNIs. However, significant main effects of comparison methods (absolute vs. 

relative) were found for both Geff and Sw (Fig. 5.4). 

Post-hoc analysis revealed that Geff was significantly higher under the 

relative compared to the absolute method in the CP group (t (34) = 2.75, P = 

0.01) but not in the HC group (t (30) = 1.29, P = 0.20). 

Similarly, Sw was significantly greater in the absolute versus relative 

comparison for the CP group (t (34) = 2.02, P = 0.05) with no significant differ-

ence observed in the HC group (t (30) = 1.54, P = 0.13). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.2. 
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Figure 5.4. Graph analysis results for EO conditions in HC and CP groups 

using two comparison methods in source space. Violin plots with overlaid 

scatter and box plots show the results of two-way mixed ANOVA with Bonfer-

roni correction for post hoc comparisons of four GNIs across the EO-HC (yellow) 

and EO-CP (blue) conditions and two comparison methods. A green-filled circle 

with a black edge denotes the mean value for each group. EO, eyes-open; HC, 

healthy control group; CP, chronic pain patient group; GNIs, global network in-

ferences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, small-

worldness; Mod, modularity. **P < .01, **P < .01. 

 

5.3.3. Intra- and inter-network connectivity strength 

No significant differences were found in intra- or inter-network connec-

tivity strength for EO conditions between HC and CP groups using either com-

parison method in source space (Fig. 5.5).  

 

 

Figure 5.5. Intra-network and inter-network connectivity strength for EO 

conditions in HC and CP groups using two comparison methods in source 

space. Box plots display intra- and inter-network mean connections were 
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performed using a paired-sample t-test with FDR correction for two comparison 

methods. EO, eyes-open; HC, healthy control group; CP, chronic pain patient 

group; Abs, absolute comparison; Rel, relative comparison; Vis, Visual; Som-

Mot, Somato-Motor; DorsAttn, Dorsal Attention; SalVentAttn, Salience-Ventral 

Attention; Cont, Control.  

 

5.3.4. Higher-order graph results for intra-Default graph 

5.3.4.1. Intra-Default graph connectivity results: absolute 

comparison 

For absolute comparison (Fig. 5.6A), a greater number of connections 

were observed in the CP group compared to the HC group. Both groups exhib-

ited primarily bilateral connectivity patterns. NBS identified a significant compo-

nent of enhanced connectivity in the CP group (P < 0.05), comprising of 23 

nodes and 36 edges and characterized by bilateral connections between frontal 

regions and other areas.  

5.3.4.2. Intra-Default graph connectivity results: relative com-

parison 

For relative comparison (Fig. 5.6B), the CP group continued to show 

denser connectivity patterns in both group-level and contrast graphs compared 

to the HC group. However, NBS analysis did not reveal any statistically signifi-

cant differences between groups in the relative comparison. 

Both comparison methods consistently revealed greater intra-Default 

connectivity in the CP group compared to HC participants at the group level. 

The absolute comparison method specifically identified a statistically significant 
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graph of enhanced bilateral connectivity in the CP group, while the relative com-

parison showed similar but non-significant trends. 

 

 

Figure 5.6. Higher-order intra- default graphs elicited in HC and CP groups 

using two comparison methods. (A) Group-level intra-network graphs for the 

default network (upper panel) and corresponding significant p-graph and t-

graph (t > 0; shown in reduced opacity) were generated following NBS analysis 

between two groups (lower panel). (B) Similar to (A) but for the relative com-

parison. Both comparison methods consistently revealed greater intra-Default 

connectivity in the CP group compared to HC participants at the group level 

with significant graph identified in the absolute comparison but not the relative 

comparison. EO, eyes-open; Abs, absolute comparison; Rel, relative compari-

son; HC, healthy control group; CP, chronic pain patient group; NBS, network-

based statistics. 
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5.3.4.3. Graph analysis results for intra-Default graph 

No significant main effects of comparison method or interaction effects 

were found for intra-Default GNIs (Fig. 5.7). However, a significant main effect 

of group was identified for Geff. Post hoc analysis revealed greater Geff in the 

CP group than the HC group only in the relative comparison (t (64) = 2.20, P = 

0.03), but not the absolute comparison (t (64) = 1.65, P = 0.11). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.2. 

 

 

Figure 5.7. Graph analysis results for EO conditions in HC and CP groups 

using two comparison methods for intra-Default graphs. Violin plots with 

overlaid scatter and box plots show the results of two-way mixed ANOVA with 

Bonferroni correction for post hoc comparisons of four GNIs across the EO-HC 

(yellow) and EO-CP (blue) conditions and two comparison methods. A green-

filled circle with a black edge denotes the mean value for each group. EO, eyes-

open; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency; 

Sw, small-worldness; Mod, modularity. *P < .05. 
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5.3.5. Higher-order graph results for inter-network graph 

5.3.5.1. Inter-network graph connectivity results: absolute 

comparison 

For absolute comparison (Fig. 5.8A), the HC group exhibited a multi-

network communication pattern in contrast graphs, though these findings did 

not survive statistical correction. In comparison, the CP group demonstrated a 

distinctive Control network (Cont)-centered connectivity profile, with connec-

tions observed between the Cont network and multiple other networks including 

SalVenAtten, DorsAtten, SomMot, Vis and Default networks.  

5.3.5.2. Inter-network graph connectivity results: relative com-

parison 

Relative comparison (Fig. 5.8B) revealed similar multi-network connec-

tivity patterns in HC contrast graphs and Cont-centred pattern in CP contrast 

graphs. The CP group maintained the connections observed in the absolute 

comparison, with additional specific network connections emerging, including 

links between SalVenAtten-SomMot, SalVenAtten-Vis, and SomMot-Default. 

Both comparison methods consistently identified distinctive inter-net-

work connectivity patterns between groups. The CP group consistently exhib-

ited a hub-like organisation centred on the Cont network across both methods. 

In contrast, the HC group demonstrated a more distributed, multi-network com-

munication pattern. 
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Figure 5.8. Higher-order inter-network graphs elicited by EO conditions in 

HC and CP groups using two comparison methods. (A) Group-level inter-

network weighted graphs and corresponding t-graphs (t > 0; shown in reduced 

opacity) were generated following NBS analysis between groups. (B) Similar to 

(A) but for relative comparison. The stroke size of each connection indicates 

the edge weight, representing connectivity strength in the upper panels, 

whereas in the lower panels it represents the corresponding t-value. Both com-

parison methods consistently identified distinctive inter-network connectivity 

patterns, with CP group exhibited a Cont- centred pattern and the HC group 

demonstrated a more distributed, multi-network communication pattern. EO, 

eyes-open; HC, healthy control group; CP, chronic pain patient group; NBS, 

network-based statistics; Abs, absolute comparison; Rel, relative comparison. 

 

5.3.5.3. Graph analysis results for inter-network graphs: edge 

betweenness centrality in absolute comparison 

Consistent with the inter-network t-graph findings, edges with height-

ened Ebc were more prominent in HC contrast graphs compared to CP groups 

in the absolute comparison (Fig. 5.9A). The most distinctive edges in HC 
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contrasts included connections between Default-Cont and Default-Vis. Addi-

tionally, three edges linking DorsAttn with Limbic, Default, and Vis demon-

strated notable betweenness centrality, along with Limbic-SalVentAtten. 

The CP contrast similarly revealed a Cont-centred pattern, with promi-

nent edges connecting Cont with Limbic, SalVentAtten, and Vis, supplemented 

by SalVentAtten-Default. 

5.3.5.4. Graph analysis results for inter-network graphs: edge 

betweenness centrality in relative comparison 

The relative comparison yielded consistent findings with the absolute 

method, showing larger Ebc in HC contrasts (Fig. 5.9B). Distinctive edges also 

included Default with DorsAttn and SomMot, along with additional links between 

SomMot and DorsAttn and Vis.  

Similarly, the CP contrast graph emphasised the Cont network, demon-

strating four edges connected with other networks. 

The Ebc patterns demonstrated remarkable consistency between com-

parison methods, reinforcing the functional importance of the Cont in the CP 

group connectivity. Additionally, the Default network emerged as a distinctive 

feature in HC group connectivity across both comparison methods, character-

ised by multiple high Ebc edges with other networks. 

5.3.5.5. Graph analysis results for inter-network graphs: local 

clustering coefficient  

No statistically significant differences in local clustering coefficient (Lcc) 

were observed between the two groups across the networks examined, using 

either comparison methods (Fig. 5.9C). 
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Figure 5.9. Results for local graph inferences analysis from inter-network 

graphs elicited by EO conditions in HC and CP groups using two compar-

ison methods. (A) Ebc corresponded t-graphs generated following NBS in ab-

solute comparison between two groups (t > 0; shown in reduced opacity). (B) 

Similar to (A) but for relative comparison. The stroke size of each connection 

represents the corresponding t-value for the Ebc graph contrasts. (C) Box plots 

illustrate the statistical analysis for Lcc by paired-sample t-test with FDR cor-

rection between groups for two comparison methods. The Ebc patterns demon-

strated consistency between comparison methods, reinforcing the functional 

importance of the Cont network in the CP group, while the Default network 

emerged as a distinctive feature in the HC group. EO, eyes-open; HC, healthy 

control group; CP, chronic pain patient group; Ebc, Edge betweenness central-

ity; NBS, network-based statistics; Abs, absolute comparison; Rel, relative com-

parison; Vis, Visual; SomMot, Somato-Motor; DorsAttn, Dorsal Attention; Sal-

VentAttn, Salience-Ventral Attention; Cont, Control.  
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5.3.5.6. Graph analysis results for inter-network graphs: 

global network inferences 

Significant main effects of comparison methods (absolute vs. relative) 

were observed in both Gcc and Geff (Fig. 5.10) where post-hoc comparisons 

showed that the relative comparison significantly increased Gcc and Geff com-

pared to the absolute comparison only in the CP group (Gcc: t (34) = 2.13, P = 

0.04; Geff: t (34) = 2.00, P = 0.05) but not in the HC group (Gcc: t (30) = 1.06, 

P = 0.31; Geff: t (30) = 1.00, P = 0.32). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.2. 

 

 

Figure 5.10. Graph analysis results for EO conditions in HC and CP 

groups using two comparison methods for inter-network graphs. Violin 

plots with overlaid scatter and box plots show the results of two-way mixed 

ANOVA with Bonferroni correction for post hoc comparisons of two GNIs across 

the EO-HC (yellow) and EO-CP (blue) conditions and two comparison methods. 

EO, eyes-open; HC, healthy control group; CP, chronic pain patient group; 

GNIs, global network inferences; Gcc, global clustering coefficient; Geff, global 

efficiency. *P < .05. 
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Table 5.2. Statistical results for GNIs from EO conditions between HC and CP groups using two comparison methods 

(ANOVA and Post-hoc Comparisons). 

Graphs GNIs Effect F(1,64) P ηp
2  Post-hoc T PBonferroni 95% CI 

sensor Gcc Comparison (Main) 26.58 <0.001 0.29 
Abs > Rel (HC) 4.70 <0.001 [0.05, 0.14] 
Abs > Rel (CP) 2.53 0.01 [0.01, 0.09] 

sensor Geff Comparison (Main) 8.05 0.01 0.11 
Abs > Rel (HC) 2.86 0.01 [0.01, 0.03] 

Abs > Rel (CP): ns 1.29 0.21 [-0.01, 0.02] 

sensor Geff Group (Main) 11.28 0.001 0.15 
CP > HC (Abs) 3.17 <0.01 [0.01, 0.06] 
CP > HC (Rel) 3.27 <0.01 [0.02, 0.08] 

sensor Sw Comparison (Main) 6.44 0.02 0.09 
Abs > Rel (HC):ns 1.56 0.13 [-0.07, 0.57] 

Abs > Rel (CP) 2.05 0.05 [0.01, 0.61] 

sensor Sw Group (Main) 15.46 <0.001 0.20 
HC > CP (Abs) 3.34 0.001 [-0.37, 1.48] 
HC > CP (Rel) 3.84 <0.001 [0.47, 1.50] 

sensor Mod Comparison (Main) 74.49 <0.001 0.54 
Rel > Abs (HC) 6.80 <0.001 [-0.12, 0.31] 
Rel > Abs (CP) 6.20 <0.001 [0.02, 0.04] 

sensor Mod Group (Main) 4.12 0.04 0.06 
HC > CP (Abs):ns 0.23 0.08 [0.00, 0.03] 
HC > CP (Rel):ns 1.78 0.07 [0.00, 0.03] 

source Geff Comparison (Main) 7.61 <0.01 0.11 
Rel > Abs (HC):ns 1.50 0.20 [-0.01, 0.03] 

Rel > Abs (CP) 2.75 0.01 [0.01, 0.04] 

source Sw Comparison (Main) 6.30 0.02 0.09 
Abs > Rel (HC):ns 1.54 0.13 [-0.02, 0.17] 

Abs > Rel (CP) 2.02 0.05 [0.00, 0.18] 
Intra- 

Default 
Geff Group (Main) 5.29 0.03 0.08 

CP > HC (Abs):ns 1.65 0.11 [-0.01, 0.07] 
CP > HC (Rel) 2.20 0.03 [0.00, 0.06] 

Inter-network Gcc Comparison (Main) 4.77 0.03 0.07 
Rel > Abs (HC):ns 1.06 0.31 [-0.02, 0.05] 

Rel > Abs (CP) 2.13 0.04 [0.00, 0.06] 

Inter-network Geff Comparison (Main) 4.45 0.04 0.07 
Rel > Abs (HC):ns 1.00 0.32 [-0.02, 0.05] 

Rel > Abs (CP) 2.00 0.05 [0.00, 0.06] 
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Note. EO, eyes-open; HC, healthy control group; CP, chronic pain patient group; GNIs, global network inferences; Gcc, global clus-

tering coefficients; Geff, global efficiency; Sw, small-worldness; Mod, modularity; Abs, absolute comparison; Rel, relative comparison. 



197 

 

 

 

5.3.6. Classification performance 

The top three classification performances based on GNIs derived from 

all 18 graphs and their combination in EO condition for both comparison meth-

ods were presented in the Table 5.3. While permutation-based P values indi-

cated statistically significant classifications, the prediction AUC-ROCs based on 

single comparison methods did not exceed 0.82.  

Specifically, the relative comparison method achieved the highest AUC-

ROC among single-method approaches, reaching 0.81 with 70% accuracy, 

while the absolute comparison yielded a maximum AUC-ROC of 0.74 with 71% 

accuracy. In contrast, feature combination from both absolute and relative com-

parisons significantly improved classification performance, achieving a peak 

AUC-ROC of 0.86 and 74% accuracy. 

These results suggest that integrating both comparison methods can en-

hance the predictive performance of GNIs in classifying HC and CP groups for 

EO conditions.  
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Table 5.3. Classification performance for HC and CP groups based on GNIs across eighteen graphs and both comparison 

methods under EO conditions. 

Comp GNIs AUC-ROC ACC Sensitivity Specificity Pperm 

Abs Abs_sensor+Abs_source+Abs_Default 0.74 71% 0.63 0.81 <0.001 
Abs Abs_sensor+Abs_source+Abs_Default+Abs_DorsAttn 0.72 68% 0.54 0.84 0.001 
Abs Abs_sensor+Abs_source+Abs_Default+Abs_inter 0.72 70% 0.63 0.77 0.002 
Rel Rel_sensor+Rel_SomMot+Rel_Cont 0.81 70% 0.63 0.77 <0.001 
Rel Rel_sensor+Rel_SomMot+Rel_Cont+inter_OC 0.80 73% 0.71 0.74 <0.001 
Rel Rel_sensor+source_OC+Rel_Cont+VIS_OC 0.80 73% 0.63 0.84 <0.001 

Abs+Rel 
Abs_source+Abs_Default+Abs_SA+Abs_inter+Rel_sensor+Rel_Dor-

sAttn+Rel_SalVentAttn+Rel_Cont 
0.86 74% 0.66 0.84 <0.001 

Abs+Rel 
Abs_source+Abs_Cont+Abs_DorsAttn+Abs_inter+Rel_sensor+Rel_Dor-

sAttn+Rel_SalVentAttn+Rel_Cont 
0.85 74% 0.63 0.87 <0.001 

Abs+Rel 
Abs_sensor+Abs_source+Abs_SomMot+Abs_SalVentAttn+Rel_sen-

sor+Rel_source+Rel_Vis+Rel_DorsAttn+Rel_SalVentAttn+Rel_Cont+Rel_in-
ter 

0.85 74% 0.63 0.87 <0.001 

 

Note. EO, eyes-open; HC, healthy control group; CP, chronic pain patient group; Comp, Comparison methods; Abs, absolute compari-

son; Rel, relative comparison; Vis, intra-Visual network; SomMot, intra-Somato-Motor network, DorsAttn, intra-Dorsal Attention net-

work; SalVentAttn, intra-Salience-Ventral Attention network, Limbic, intra-Limbic network; Cont, intra-Control network; Default, intra-

Default network; inter, inter-network; AUC-ROC, area under the receiver operating characteristic curve; ACC, accuracy; Pperm, P value 

based on 1000 permutation.
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5.4. Discussion for eyes-open condition in paired-

state group 

5.4.1. Representative connectivity patterns 

Under the EO condition, significant graphs emerged for the CP contrast 

in the sensor space and for the intra-Default networks. The brain-wide sensor 

space graph, identified by both comparison methods, was characterised by 

larger bilateral connections, with a predominance in the right prefrontal regions. 

Additionally, a significant intra-Default graph was found in the CP contrast and 

showed a bilateral distribution and was observed only in the absolute compari-

son.  

The significant brain-wide graph in the CP contrast is consistent with 

previous research illustrating increased resting EEG alpha power spectra in 

chronic neurogenic pain, with the most prominent contributions from electrodes 

in the frontal regions (Sarnthein et al., 2006). Similar overactivation in the alpha 

band has been observed in patients with persistent pain after breast cancer 

treatment (van den Broeke et al., 2013). Moreover, the significant intra-Default 

graph in CP contrast aligns with findings that Default showed increased cou-

pling with pain-related regions in CP at rest (Baliki et al., 2014). Specifically, 

chronic pain may alter the normative functioning of the Default by weakening 

the mPFC’s connection with posterior components of the Default whilst 

strengthening connectivity with the insula, suggesting a shift in pain modulation 

from sensory-processing to emotional-processing functions (Hashmi et al., 

2013). 
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Although not surviving statistical correction, consistent trends in source-

space results appeared across both comparison methods: a posterior connec-

tivity pattern in the HC contrast and an anterior connectivity pattern in the CP 

contrast. This pattern of overactive, frontally-emphasised connectivity aligns 

with fMRI studies (Hashmi et al., 2013; Kucyi et al., 2014; Seminowicz & Mo-

ayedi, 2017), underscoring the role of frontal brain regions in chronic pain as 

being more critical for pain modulation and emotional evaluation than for sen-

sory processing (Baliki et al., 2011; Baliki & Apkarian, 2015). The intra-Default 

graphs further revealed a greater number of connections in the CP contrast 

under the relative comparison.  

Finally, inter-network graphs from both comparison methods indicated 

multi-network connectivity in the HC contrast, with the Default network showing 

connections of high topological importance (high edge betweenness centrality). 

In contrast, the CP was characterised by a shift in critical network pathways, 

with the highest centrality edges localised within the Cont network, highlighted 

consistently in the inter-network and Ebc graphs across both comparison meth-

ods. This altered connectivity profile is reminiscent of findings linking the Cont 

and amygdala, which is most exaggerated in patients with the greatest pain 

catastrophising, representing a shared neural basis for cognitive/emotional 

changes and distress symptoms in anxiety and chronic pain (Jiang et al., 2016). 

5.4.2. Global network inferences and networks 

Our findings demonstrate that the choice of comparison method (abso-

lute vs. relative) substantially influenced GNIs across sensor space, source 

space, and inter-network graphs, highlighting the impact of baseline normalisa-

tion on these measures. 
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Importantly, distinct network functional inferences between the HC and 

CP groups also emerged in the sensor space and intra-Default graphs. In the 

sensor space graphs, the CP group consistently showed significantly higher 

Geff and lower Sw across both comparison methods. The increase in Geff in 

the CP group was further supported by the intra-Default graphs in the relative 

comparison. This observed increase in global integration was not aligned with 

some previous findings from fMRI research (Case et al., 2019; Mano et al., 

2018), and EEG research in the beta band (Case et al., 2019) and gamma band 

(Ta Dinh et al., 2019). A potential explanation for this discrepancy lies in the 

network density; previous studies often used limited links (e.g., less than 30% 

density), whereas our analysis preserved half of the connectivity to maintain a 

biologically plausible value of small-worldness in our dataset. It is also notewor-

thy that a systematic review suggests that only three out of ten articles reported 

lower global efficiency in CP, while others reported no significant difference. 

Moreover, the significantly lower Sw we observed in CP was consistent with 

findings in neuropathic pain (Xin et al., 2024) from both functional (P. Zhang et 

al., 2021) and structural networks (P. Zhang et al., 2022), indicating the brain 

networks in CP was topologically more similar to random networks and less 

cost-efficient (Liao et al., 2017). 

5.4.3. Network reorganisation 

Group differences in functional network characteristics were evident in 

both brain-wide sensor space graphs and intra-Default graphs. The more ex-

tensive connectivity observed in the CP group across both comparison methods 

aligned with its higher global efficiency and reduced small-worldness. This find-

ing is consistent with reported overactivation in the alpha band within regions 
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of the pain network, including: the anterior cingulate, anterior and posterior in-

sula, parietal lobule, thalamus, somatosensory cortex, and dorsolateral prefron-

tal cortex (Prichep et al., 2018). This pattern aligns with the thalamocortical 

dysrhythmia model (Llinás et al., 2005). According to this model (Tu et al., 2020; 

Tu, Li, et al., 2023), abnormal nociceptive input would cause abnormal thalamic 

bursting, resulting in disinhibition of neighbouring structures and the generation 

of abnormal oscillations. Such overactivation might lead to enhanced functional 

integration but a disrupted relationship between functional segregation and in-

tegration, thereby leading to reduced small-worldness. Additionally, this greater 

functional integration was also reflected in the intra-Default graphs in the rela-

tive comparison, alongside a bilateral CP contrast distribution in the absolute 

comparison. This is consistent with observations in neuropathic chronic pain 

where increased alpha power has also been observed in MEG data within the 

Default network (Kisler et al., 2020). 

5.4.4. Classification performance 

Classification performance based on GNIs from all graphs in EO condi-

tion for HC and CP achieved the highest AUC-ROC of 0.86 and an accuracy of 

74%, although models using a single comparison method did not exceed 0.82 

AUC-ROC. Furthermore, the performance of models using only the relative 

comparison method was superior to those using the absolute method, particu-

larly in terms of AUC-ROC. This suggests that combining both comparison 

methods enhances the predictive power of GNIs for classifying HC and CP 

groups under EO conditions. It also indicates that the choice of comparison 

method itself did not differ in its ability to classify the subject groups.  
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5.5. Results for eyes-closed condition in paired-

state group 

5.5.1. Brain-wide graph results in sensor space  

5.5.1.1. Sensor space connectivity results: absolute compari-

son 

Under the EC condition, the sensor space graph derived from the abso-

lute comparison revealed distinct patterns for each group: the HC group exhib-

ited a connectivity pattern distributed predominantly within the right hemisphere, 

whereas the CP group exhibited a densely connected, bilateral distribution (Fig. 

5.11A). NBS analysis identified a significant component demonstrating greater 

connectivity in the CP group relative to the HC group, comprising 62 nodes and 

1075 edges (P < 0.001). This graph in the CP contrast was bilaterally distributed, 

with a predominance of connections in the right prefrontal regions. 

5.5.1.2. Sensor space connectivity results: relative compari-

son 

Consistent with the findings from the absolute comparison, the relative 

comparison also showed a right-hemisphere dominant pattern for the HC group 

and a bilateral connectivity pattern for the CP group (Fig. 5.11B). NBS analysis 

similarly identified a significant graph of greater connectivity in the CP group, 

comprising 62 nodes and 1097 edges (P < 0.001). This graph shared the same 

overall bilateral distribution for the CP contrast, again demonstrating a right-

hemisphere predominant trend in the prefrontal regions. 
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In summary, the group-level sensor space graphs from both comparison 

methods consistently revealed a right-hemisphere dominant pattern in the HC 

group, in contrast to a bilateral distribution in the CP group. Both methods iden-

tified a significant, large-scale graph of increased connectivity in the CP group, 

which was characterised by its bilateral nature and a predominant focus in the 

right prefrontal regions. 

 

 

Figure 5.11. Graphs elicited by EC conditions in HC and CP groups using 

two comparison methods in sensor space. (A) Group-level functional con-

nectivity graph for EC in both groups (first row). Sensors corresponding to dif-

ferent scalp regions (Prefrontal, Frontal, Temporal, Frontal-central, Central, 

Central-parietal, Parietal, and Occipital) were colour-labelled for visual distinc-

tion. Group difference connectivity patterns were identified using NBS and vis-

ualised as significant p-graphs and t-graphs in reduced opacity (second row). 

(B) Similar to (A) but for relative comparison. The group-level graphs from both 

comparison methods revealed a right-hemisphere dominance in the HC group, 
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in contrast to a bilateral distribution in the CP group. NBS analysis further iden-

tified a consistent bilateral connectivity pattern with right prefrontal predomi-

nance in the CP contrast across both methodologies. EC, eyes-closed; HC, 

healthy control group; CP, chronic pain patient group; NBS, network-based sta-

tistics; Abs, absolute comparison; Rel, relative comparison. 

 

5.5.1.3. Sensor space graph analysis results  

Significant main effects of comparison methods (absolute vs. relative) 

were observed across all four GNIs, whereas the significant main effect of group 

(HC vs. CP) were shown in GNIs except for Gcc (Fig. 5.12). For Gcc, post-hoc 

comparisons revealed significantly higher values in the absolute comparison 

than in the relative comparison for both the HC and CP groups (HC: t (30) = 

4.00, P < 0.001; CP: t (34) = 2.16, P = 0.03). 

Although functional integration (Geff) showed significant main effects for 

both factors, post-hoc comparisons for the comparison method did not reach 

significance. However, Geff was significantly higher in the CP group than in the 

HC group for both comparison methods (absolute comparison: t (64) = 3.92, P 

< 0.01; relative comparison: t (64) = 3.56, P < 0.01). 

Small-worldness values were significantly higher in the absolute com-

parison than in the relative comparison for both groups (HC: t (30) = 2.82, P < 

0.01; CP: t (34) = 2.73, P < 0.01). Furthermore, Sw was significantly increased 

in the HC group relative to the CP group under both comparison methods (ab-

solute comparison: t (64) = 3.87, P < 0.001; relative comparison: t (64) = 4.02, 

P < 0.001). 

Modularity was significantly larger in the relative comparison for both 

groups (HC: t (30) = 5.28, P < 0.001; CP: t (34) = 2.00, P < 0.01). Moreover, 
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while no significant difference between groups was found for the absolute com-

parison (t (64) = 1.42, P = 0.19) Mod values were significantly higher in the HC 

group than in the CP group for the relative comparison (t (64) = 3.00, P < 0.01).  

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.4. 

 

 

Figure 5.12. Graph analysis results for EC conditions in HC and CP groups 

using two comparison methods in sensor space. Violin plots with overlaid 

scatter and box plots show the results of two-way mixed ANOVA with Bonfer-

roni correction for post hoc comparisons of four GNIs across the HC (dark yel-

low) and CP (dark blue) groups and two comparison methods. A green-filled 

circle with a black edge denotes the mean value for each group. EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency; 

Sw, small-worldness; Mod, modularity. *P < .05, **P < .01, ***P < .001. 
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5.5.2. Brain-wide graph results in source space  

5.5.2.1. Source space connectivity results: absolute compari-

son 

Group-level graphs for the absolute comparison revealed a bilateral dis-

tribution of connectivity in both the HC and CP groups under EC conditions (Fig. 

5.13A). Although they did not survive statistical correction, the NBS analysis 

identified ipsilateral connectivity patterns in the t-graphs. Specifically, the HC 

contrast showed increased connectivity within the right hemisphere, with con-

nections linking frontal to central regions, and interhemispheric connections be-

tween the right frontal and left parietal regions. In contrast, the CP contrast re-

vealed more prominent connections within the left hemisphere, particularly in-

volving central regions, and between the left central and right occipital regions. 

5.5.2.2. Source space connectivity results: relative compari-

son 

In the relative comparison, the group-level connectivity graphs exhibited 

patterns largely consistent with those observed in the absolute comparison, 

with both groups showing a bilaterally distributed, dense pattern of connections 

(Fig. 5.13B). The t-graphs for the HC contrast demonstrated bilateral edges 

linking anterior regions. Conversely, the CP contrast revealed a left-hemi-

sphere-dominated distribution, with increased connectivity between left central 

regions and right occipital regions. 

In summary, source space graphs from both comparison methods 

showed a bilateral, dense distribution of connections in both groups. The HC 

group displayed a right-frontal to left parietal distribution with right-hemisphere-
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dominant connectivity in the absolute comparison, while a bilateral anterior dis-

tribution was revealed in the relative comparison. In contrast, the CP contrast 

showed greater consistency between comparison methods, exhibiting a left-

hemisphere-dominant pattern in posterior regions, along with increased interhe-

mispheric connectivity from left central to right occipital regions. 

 

 

Figure 5.13. Graphs elicited by EC conditions in HC and CP groups using 

two comparison methods in source space. (A) Group-level functional con-

nectivity matrices in absolute comparison for EC in HC and CP groups (first row) 

projected in source space for 100 pairs of brain regions organised into 7 differ-

ent functional networks (Visual, Somato-motor, Dorsal Attention, Salience-Ven-

tral Attention, Limbic, Control, and Default). The t-graphs (second row) con-

structed from connections with a t-value larger than 1.69 compared between 

conditions using NBS (shown in reduced opacity). (B) Similar to (A) but for rel-

ative comparison. The group-level graphs from both comparison methods re-

vealed a bilaterally distributed, dense pattern of connections in both groups. 
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The HC group exhibited right-hemisphere-dominant connectivity in the absolute 

comparison, whereas the relative comparison revealed more anteriorly distrib-

uted bilateral connections. In contrast, the CP group demonstrated a consistent 

left-hemisphere-dominant pattern across both comparison methods. EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; NBS, net-

work-based statistics; Abs, absolute comparison; Rel, relative comparison. 

 

5.5.2.3. Source space graph analysis results 

The significant main effect of comparison methods (absolute vs. relative) 

was only observed in Geff (Fig. 5.14). Specifically, Geff exhibited significant 

larger values in the relative comparison than the absolute comparison in both 

HC and CP groups (HC: t (30) = 2.29, P = 0.03; CP: t (34) = 2.00, P = 0.04). No 

other significant results were found in GNIs in source space graphs. 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.4. 

 

 

Figure 5.14. Graph analysis results for EC conditions in HC and CP groups 

using two comparison methods in source space. Violin plots with overlaid 
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scatter and box plots show the results of two-way mixed ANOVA with Bonfer-

roni correction for post hoc comparisons of four GNIs across the HC (dark yel-

low) and CP (dark blue) conditions and two comparison methods. A green-filled 

circle with a black edge denotes the mean value for each group. EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency; 

Sw, small-worldness; Mod, modularity. *P < .05. 

 

5.5.3. Intra- and inter-network connectivity strength 

The only significant difference between groups was found in the SalVen-

tAttn network with significantly larger connectivity strength in the HC group than 

CP group for intra-network connectivity strength in the absolute comparison (t 

(64) = 2.14, P = 0.04). No other significant results were found for intra- and 

inter-network connectivity strength in the EC conditions for both groups using 

the two comparison methods in source space (Fig. 5.15). 

 

 

Figure 5.15. Intra-network and inter-network connectivity strength for EC 

conditions in HC and CP groups using two comparison methods in source 
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space. Box plots display intra- and inter-network mean connections were per-

formed using a paired-sample t-test with FDR correction for two comparison 

methods in two groups. EC, eyes-closed; HC, healthy control group; CP, 

chronic pain patient group; Abs, absolute comparison; Rel, relative comparison; 

Vis, Visual; SomMot, Somato-Motor; DorsAttn, Dorsal Attention; SalVentAttn, 

Salience-Ventral Attention; Cont, Control. *P < .05. 

 

5.5.4. Higher-order graph results for intra-Default graph 

5.5.4.1. Intra-Default graph connectivity results: absolute 

comparison 

In the absolute comparison (Fig. 5.16A), group-level intra-Default graphs 

exhibited dense connectivity patterns in both groups. Although no significant 

graph survived statistical correction, positive t-statistic graphs illustrated pre-

dominantly right-hemisphere connections in the HC group, whereas the CP 

group showed a left-hemisphere distribution of connection. 

5.5.4.2. Intra-Default graph connectivity results: relative com-

parison  

Relative comparison (Fig. 5.16B) similarly revealed densely connected 

distributions in both groups. While also not surviving statistical correction, this 

comparison demonstrated more extensively distributed bilateral connections in 

the HC contrast, compared to relatively sparse connectivity in the CP contrast. 

In summary, for the intra-Default graphs, group-level graphs from both 

comparison methods consistently showed dense connectivity patterns in both 

groups. Although no statistically significant graphs were identified in the be-

tween-group comparisons, the absolute comparison revealed predominantly 
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ipsilateral distributions in both group contrasts, whereas the relative comparison 

showed more bilateral connectivity patterns. 

 

 

Figure 5.16. Higher-order intra- default graphs elicited by EC conditions 

in HC and CP groups using two comparison methods. (A) Group-level intra-

network graphs for the default network and corresponding t-graphs (t > 0; 

shown in reduced opacity) were generated following NBS analysis in both 

groups. (B) Similar to (A) but for relative comparison. The group-level graphs 

from both comparison methods consistently showed dense connectivity pat-

terns in both groups. Although no statistically significant graphs were identified, 

the absolute comparison revealed predominantly ipsilateral distributions in both 

group contrasts, whereas the relative comparison showed more bilateral con-

nectivity patterns. EC, eyes-closed; HC, healthy control group; CP, chronic pain 

patient group; NBS, network-based statistics; Abs, absolute comparison; Rel, 

relative comparison. 
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5.5.4.3. Graph analysis results for intra-Default graph 

Significant main effects of comparison methods (absolute vs. relative) 

were only observed in Geff and Sw (Fig. 5.17). Post-hoc comparisons revealed 

that the HC group exhibited significantly enhanced Geff and reduced Sw in the 

relative comparison (Geff: t (30) = 3.71, P < 0.01; Sw: t (30) = -2.00, P = 0.02). 

In contrast, no significant differences between comparison methods were found 

in the CP group (Geff: t (34) = 0.75, P = 0.48; Sw: t (34) = -0.44, P = 0.66). 

Furthermore, post-hoc analysis demonstrated significantly increased Geff in the 

HC group compared to the CP group specifically in the relative comparison (t 

(64) = 2.69, P = 0.01). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.4. 

 

 

Figure 5.17. Graph analysis results for EC conditions in HC and CP groups 

using two comparison methods for intra-Default graphs. Violin plots with 

overlaid scatter and box plots show the results of two-way mixed ANOVA with 

Bonferroni correction for post hoc comparisons of four GNIs across the HC 
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(dark yellow) and CP (dark blue) groups and two comparison methods. A green-

filled circle with a black edge denotes the mean value for each group. EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency; 

Sw, small-worldness; Mod, modularity. *P < .05, **P < .01. 

 

5.5.5. Higher-order graph results for inter-network graph 

5.5.5.1. Inter-network graph connectivity results: absolute 

comparison 

In the absolute comparison (Fig. 5.18A), although no significant graph 

survived statistical correction, a connectivity pattern centred on the SalVentAttn 

network was observed in the HC contrast, while the CP contrast exhibited a 

multi-network connectivity pattern. 

5.5.5.2. Inter-network graph connectivity results: relative com-

parison 

The relative comparison (Fig. 5.18B) similarly did not reveal any statisti-

cally significant graphs. The HC contrast demonstrated an active connectivity 

pattern centred on the Cont network while the CP contrast again revealed a 

multi-network connectivity pattern. 

In summary, although no significant graphs survived statistical correc-

tions for the inter-network analyses, a consistent multi-network communication 

pattern emerged across both comparison methods in the CP contrast. Con-

versely, the HC contrast exhibited a SalVentAttn-dominated pattern in the ab-

solute comparison and a Cont-dominated pattern in the relative comparison.  
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Figure 5.18. Higher-order inter-network graphs elicited by EC conditions in HC 

and CP groups using two comparison methods. (A) Group-level inter-network 

weighted graphs and corresponding t-graphs (t > 0; shown in reduced opacity) 

were generated following NBS analysis in two groups. (B) Similar to (A) but for 

relative comparison. The stroke size of each connection indicates the edge 

weight, representing connectivity strength in the upper panels, whereas in the 

lower panels it represents the corresponding t-value. Although no significant 

graphs survived statistical corrections for the inter-network analyses, a con-

sistent multi-network communication pattern emerged across both comparison 

methods in the CP contrast. Conversely, the HC contrast exhibited a SalVen-

tAttn-dominated pattern in the absolute comparison and a Cont-dominated pat-

tern in the relative comparison. EC, eyes-closed; HC, healthy control group; 

CP, chronic pain patient group; NBS, network-based statistics; Abs, absolute 

comparison; Rel, relative comparison. 

 

5.5.5.3. Graph analysis results for inter-network graphs: edge 

betweenness centrality in absolute comparison 

For the absolute comparison (Fig. 5.19A), no significant graphs survived 

statistical correction. However, in the HC contrast, the SalVentAttn network held 
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several important edges, with SalVentAttn–Limbic and SalVentAttn–Cont con-

nections showing distinctive importance. In the CP contrast, the Limbic, Dor-

sAttn, and SomMot networks each maintained three key edges, which were 

shared among them. 

5.5.5.4. Graph analysis results for inter-network graphs: edge 

betweenness centrality in relative comparison  

In the relative comparison (Fig. 5.19B), the Default network emerged 

with several distinctive edges in the HC contrast, linking with the Cont, DorsAttn, 

SomMot, and Vis networks. In addition, Vis–DorsAttn connections showed 

prominent edge betweenness centrality. By contrast, the CP contrast revealed 

fewer connections in the relative Ebc graphs. 

Across both comparison methods, no significant Ebc graphs were iden-

tified. Nonetheless, the Default network displayed distinctive edges in the HC 

contrast in the relative comparison, suggesting its potential importance in inter-

network communication. 

5.5.5.5. Graph analysis results for inter-network graphs: local 

clustering coefficient 

No significant results were found in the Lcc comparison for the EC con-

ditions between HC and CP groups, for both comparison methods (Fig. 5.19C). 
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Figure 5.19. Results for local graph inferences analysis from inter-net-

work graphs elicited by EC conditions in HC and CP groups using two 

comparison methods. (A) Ebc corresponded t-graphs generated following 

NBS (t > 0; shown in reduced opacity). (B) Similar to (A) but for relative com-

parison. The stroke size of each connection represents the corresponding t-

value for the Ebc graph contrasts. (C) Box plots illustrate the statistical analysis 

for Lcc by paired-sample t-test with FDR correction between two groups for two 

comparison methods. The Ebc graphs revealed no significant graphs in both 

comparisons. Nonetheless, the Default network displayed distinctive edges in 

the HC contrast in the relative comparison. EC, eyes-closed; HC, healthy con-

trol group; CP, chronic pain patient group; Ebc, Edge betweenness centrality; 

NBS, network-based statistics; Abs, absolute comparison; Rel, relative com-

parison. 

 

5.5.5.6. Graph analysis results for inter-network graphs: 

global network inferences  

A significant main effect of comparison was observed for both Gcc and 

Geff in the inter-network graphs under EC conditions across both comparison 
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methods. However, no significant post-hoc differences were detected (Fig. 

5.20). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.4. 

 

 

Figure 5.20. Graph analysis results for EC conditions HC and CP groups 

using two comparison methods for inter-network graphs. Violin plots with 

overlaid scatter and box plots show the results of two-way mixed ANOVA with 

Bonferroni correction for post hoc comparisons of two GNIs across the HC (dark 

yellow) and CP (dark blue) conditions and two comparison methods. EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency. 
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Table 5.4. Statistical results for GNIs from EC conditions in HC and CP groups using absolute and relative comparison 

methods. 

Graphs GNIs Effect F(1,64) P ηp
2  Post-hoc Comparisons T PBonferroni 95% CI 

sensor Gcc Comparison (Main) 18.94 <0.001 0.23 
Abs > Rel (HC) 4.00 <0.001 [0.04, 0.12] 
Abs > Rel (CP) 2.16 0.03 [0.00, 0.08] 

sensor Geff Comparison (Main) 4.62 0.04 0.07 
Abs > Rel (HC):ns 1.86 0.06 [0.00, 0.03] 
Abs > Rel (CP): ns 1.29 0.29 [-0.01, 0.02] 

sensor Geff Group (Main) 15.30 <0.001 0.19 
CP > HC (Abs) 3.92 <0.01 [0.03, 0.08] 
CP > HC (Rel) 3.56 <0.01 [0.03, 0.08] 

sensor Sw Comparison (Main) 15.38 <0.001 0.19 
Abs > Rel (HC) 2.82 <0.01 [0.14, 0.83] 
Abs > Rel (CP) 2.73 <0.01 [0.12, 0.77] 

sensor Sw Group (Main) 20.06 <0.001 0.24 
HC > CP (Abs) 3.87 <0.001 [0.49, 1.53] 
HC > CP (Rel) 4.02 <0.001 [0.48, 1.45] 

sensor Mod Comparison (Main) 37.30 <0.001 0.37 
Rel > Abs (HC) 5.28 <0.001 [0.02, 0.05] 
Rel > Abs (CP) 2.00 <0.01 [0.01, 0.03] 

sensor Mod Group (Main) 6.85 0.01 0.10 
HC > CP (Abs):ns 1.42 0.19 [-0.01, 0.02] 

HC > CP (Rel) 3.00 <0.01 [0.01, 0.05] 

source Geff Comparison (Main) 9.52 <0.01 0.13 
Rel > Abs (HC) 2.29 0.03 [0.00, 0.03] 
Rel > Abs (CP) 2.00 0.04 [0.00, 0.03] 

Intra-Default Geff Comparison (Main) 8.08 <0.01 0.11 
Rel > Abs (HC) 3.23 <0.01 [0.02, 0.07] 

Rel > Abs (CP):ns 0.75 0.48 [-0.02, 0.03] 

Intra-Default Geff     HC > CP (Abs):ns 0.10 0.92 [-0.04, 0.04] 
HC > CP (Rel) 2.69 0.01 [0.01, 0.06] 

Intra-Default Sw Comparison (Main) 4.31 0.04 0.06 
Abs > Rel (HC) 2.00 0.02 [0.02, 0.16] 

Abs > Rel (CP):ns 0.44 0.66 [-0.05, 0.08] 

Inter-network Gcc Comparison (Main) 5.86 0.02 0.08 
Rel > Abs (HC):ns 2.00 0.06 [0.00, 0.05] 
Rel > Abs (CP):ns 1.42 0.15 [-0.01, 0.04] 

Inter-network Geff Comparison (Main) 4.45 0.040 0.07 
Rel > Abs (HC):ns 1.50 0.150 [-0.02, 0.04] 

Rel > Abs (CP):ns 1.22 0.20 [-0.01, 0.03] 
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Note. EC, eyes-closed; GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-world-

ness; Mod, modularity; Abs, absolute comparison; Rel, relative comparison. 
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5.5.6. Classification performance 

The top three classification performances based on GNIs across all 

graphs and their combinations in EC condition for both comparison methods, 

were presented in Table 5.5. Although permutation-based P values indicated 

statistically significant classifications, the prediction AUC-ROCs from single-

method approaches did not exceed 0.82. 

Among single methods, the absolute comparison achieved the highest 

performance, with an AUC-ROC of 0.81 and 71% accuracy, whereas the rela-

tive comparison reached a maximum AUC-ROC of 0.78 and 67% accuracy. In 

contrast, combining features from both absolute and relative comparisons sub-

stantially improved classification, yielding a peak AUC-ROC of 0.91 and 80% 

accuracy. 

These findings suggest that integrating both comparison methods en-

hances the predictive power of GNIs for distinguishing between HC and CP 

groups under EC conditions. 
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Table 5.5. Classification performance for HC and CP groups based on GNIs across eighteen graphs and both comparison 

methods under EC conditions. 

Comp GNIs AUC-ROC ACC Sensitivity Specificity Pperm 

Abs Abs_sensor+Abs_source+Abs_Vis+Abs_SomMot+Abs_Cont+Abs_inter 0.81 71% 0.57 0.87 0 

Abs Abs_sensor+Abs_DorsAttn+Abs_SalVentAttn+Abs_Cont+Abs_inter 0.79 70% 0.60 0.81 0 

Abs Abs_sensor+Abs_Vis+Abs_SomMot 0.79 74% 0.60 0.90 0 

Rel Rel_sensor+Rel_Default 0.78 67% 0.57 0.77 0 

Rel 
Rel_sensor+Rel_source+Rel_SomMot+Rel_DorsAttn+Rel_SalVentAttn+Rel_De-

fault+Rel_inter 0.77 71% 0.63 0.81 0.001 

Rel Rel_sensor+Rel_DorsAttn+Rel_SalVentAttn+Rel_Cont 0.77 64% 0.57 0.71 0 

Abs+ 
Rel 

Abs_sensor+Abs_DorsAttn+Abs_Default+Abs_inter+Rel_sen-
sor+Rel_source+Rel_Vis+Rel_Cont+Rel_Default+Rel_inter 

0.91 80% 0.69 0.94 0.00 

Abs+Rel 
Abs_sensor+Abs_DorsAttn+Abs_Default+Rel_sen-

sor+Rel_source+Rel_Vis+Rel_Cont+Rel_Default+Rel_inter 
0.90 79% 0.66 0.94 0.00 

Abs+Rel Abs_sensor+Abs_Cont+Abs_inter+Rel_SomMot+Rel_SalVentAttn+Rel_Default+Rel_inter 0.89 79% 0.69 0.90 0.00 

 

Note. EC, eyes-closed; Comp, Comparison methods; Abs, absolute comparison; Rel, relative comparison; Vis, intra-Visual network; 

SomMot, intra-Somato-Motor network, DorsAttn, intra-Dorsal Attention network; SalVentAttn, intra-Salience-Ventral Attention network, 

Limbic, intra-Limbic network; Cont, intra-Control network; Default, intra-Default network; inter, inter-network; AUC-ROC, area under the 

receiver operating characteristic curve; ACC, accuracy; Pperm, P value based on 1000 permutation. 
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5.6. Discussion for eyes-closed condition in 

paired-state group 

5.6.1. Representative connectivity patterns 

Under the EC condition, significant graphs emerged exclusively for the 

CP contrast in the sensor space across both comparison methods. These 

graphs were characterized by densely connected bilateral patterns, with a pre-

dominance in the right prefrontal regions. This pattern replicates previous ob-

servations of alpha-band over-activation in widespread brain regions in chronic 

pain (Prichep et al., 2018). 

Although not surviving statistical correction, consistent source-space re-

sults appeared across both methods, showing a right frontal to left parietal an-

terior connectivity in the HC contrast and a left-hemispheric dominant connec-

tivity pattern extending from central to parietal regions in the CP contrast. In the 

inter-network graphs, the CP contrast exhibited multi-network connectivity 

across both methods. By contrast, in the HC, the SalVentAttn network appeared 

as a hub in the absolute comparison, while the Cont network emerged as a hub 

in the relative comparison, with the Default network displaying distinctive edges 

in the Ebc t-graphs. Additionally, intra-network connectivity strength for SalVen-

tAttn was significantly greater in the HC group than in the CP group in the ab-

solute comparison.  

The SalVentAttn network is crucial for detecting salient stimuli and coor-

dinating network switching to generate behavioural responses (Uddin, 2015). It 

is typically more active during exteroceptive states (e.g., EO resting-state), 

while the Default dominates during interoceptive states (e.g., EC resting-state) 
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(Costumero et al., 2020). Moreover, the SalVentAttn and Default are normally 

anticorrelated, and the SalVentAttn drives the switching between the Default 

network and Cont network (Goulden et al., 2014). Therefore, during the intero-

ceptive EC state, the Default would be expected to be more active, with sup-

pressed SalVentAttn activity. Contrary to this expectation, we observed signifi-

cantly increased SalVentAttn intra-network connectivity strength and hub-like 

properties in the HC group compared to the CP group. This attenuated SalVen-

tAttn connectivity may be related to an aberrant correlated pattern which was 

previously observed in chronic pain and thought to reflect a maladaptive cogni-

tive state, suggesting a general overthinking of the constant pain for patients 

and activating the Default (Tu et al., 2019). Such network dysfunction is a rec-

ognised marker of disease severity across several neurological and psychiatric 

disorders (Hemington et al., 2016). 

5.6.2. Global network inferences and networks 

Comparison methods substantially influenced GNIs across all types of 

graphs, once again underscoring the impact of baseline normalisation. 

Group differences in GNIs were observed in both the sensor space and 

intra-Default graphs. In the sensor space, the CP group consistently showed 

significantly higher Geff and lower Sw than the HC group across both compar-

ison methods. Furthermore, decreased Mod was observed in the CP group only 

in the relative comparison. This finding aligns with previous research, highlight-

ing a decrease in modularity with increased cognitive load (Kitzbichler et al., 

2011; Vatansever et al., 2015). Collectively, these results indicate increased 

global functional integration and information efficiency in the CP group, 
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accompanied by reduced small-worldness and modularity, suggesting a shift 

towards a more randomised, less segregated network architecture (Liao et al., 

2017). 

In contrast, the intra-Default graph revealed significantly decreased Geff 

in the CP group, aligning with the fewer connectivity edges in the t-graph in the 

intra-Default graph, suggesting weaker information flow within the Default net-

work, indicating a larger connectivity in the interoceptive state in the HC group 

compared to the CP group. Compared to the controversial results of intra-De-

fault Geff in EO condition, this may indicate that the EC condition, which typi-

cally induces a broad multi-network reconfiguration with enhanced Default con-

nectivity (Costumero et al., 2020; J. Han et al., 2023). is characterised by a 

failure of the CP brain to dynamically upregulate Default integration effectively. 

5.6.3. Dynamic network reconfiguration  

Under the EC condition, the CP group exhibited a distinct profile of mal-

adaptive network reorganization. The significant sensor space graphs, associ-

ated with higher global efficiency but reduced small-worldness and modularity, 

point to a brain-wide shift towards a less specialised and more disorganised 

state. The significant reduction of intra-Default Geff in the CP further suggests 

insufficient information transfer within a network that is critical for interoceptive 

processing, which is typically enhanced during EC rest (Costumero et al., 2020; 

J. Han et al., 2023).  

Concurrently, the SalVentAttn network, which is normally anticorrelated 

with the Default, showed significantly weaker intra-network connectivity in the 

CP group This finding, combined with the sparser connectivity observed in the 

intra-Default graphs for the CP contrast, points toward an abnormal loss of 
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anticorrelation between these two fundamental networks, a phenomenon also 

reported in other studies (Baliki et al., 2008; Hemington et al., 2016; Tu et al., 

2019), and suggests a failure to properly segregate internal (Default) and ex-

ternal/salience (SalVentAttn) processing. 

The transition from an EO to an EC state typically induces a broad net-

work reconfiguration that enhances Default connectivity (Costumero et al., 

2020; J. Han et al., 2023). Our results indicate that while the HC group lever-

ages this shift to engage in a more structured dynamic with distinct network 

roles, the CP group relies on a less efficient, diffuse pattern of multi-network 

communication, reflecting an impaired dynamic reconfiguration between brain 

states. 

In summary, during the interoceptive EC condition, the CP group exhibits 

an imbalanced brain architecture. This dysfunction is characterized by ineffi-

cient global integration (high Geff but low Sw/Mod), impaired within-network 

processing (low intra-Default Geff) and a breakdown in the normal competitive 

relationship between the Default and SalVentAttn networks. 

5.6.4. Classification performance 

Classification performance under EC conditions achieved an AUC-ROC 

above 0.91 and 80% accuracy when combining both comparison methods. The 

combined model substantially outperforms single-method approaches. This 

highlights the advantage of integrating comparison methods for robust group 

classification. 
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5.7. Classification performance from combined 

eyes-open and eyes-closed conditions 

The top three classification performances based on GNIs from all graphs 

combining both EO and EC conditions for each single comparison method, are 

presented in Table 5.6. 
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Table 5.6. Classification performance for HC and CP groups based on GNIs across all eighteen graphs combined EO and 

EC conditions for single comparison methods. 

Comp GNIs 
AUC-
ROC 

ACC 
Sensi-
tivity 

Speci-
ficity 

Pperm 

Abs 
EO_source+EO_SomMot+EO_Default+EO_DorsAttn+EC_sensor+EO_source_C+EC_Som-

Mot+EC_SalVentAttn+EC_Cont+EC_Vis 0.91 80% 0.71 0.90 0 

Abs 
EO_source+EO_Default+EO_DorsAttn+EO_Vis+EO_inter+EC_sensor+EC_Cont+EO_Dor-

sAttn_C+EC_Vis+EC_inter 0.90 80% 0.69 0.94 0 

Abs 
EO_source+EO_SomMot+EO_Default+EO_DorsAttn+EC_sensor+EO_source_C+EC_Som-

Mot+EC_SalVentAttn+EC_Cont+EC_Vis+EC_inter 0.90 79% 0.71 0.87 0 

Rel EO_sensor+EO_source+EO_SomMot+EO_Default+EO_Cont+EO_inter+EC_Default+EC_DorsAttn 0.83 82% 0.74 0.90 0 

Rel 
EO_sensor+EO_source+EO_SomMot+EO_Default+EO_Cont+EO_inter+EC_Default+EC_Dor-

sAttn+EC_inter 0.83 82% 0.74 0.90 0 

Rel 
EO_sensor+EO_source+EO_Default+EO_Cont+EO_inter+EC_sensor+EC_source+EC_De-

fault+EC_Vis 0.83 79% 0.74 0.84 0 

 

Note. EO, eyes-open; EC, eyes-closed; Comp, Comparison methods; Abs, absolute comparison; Rel, relative comparison; Vis, intra-

Visual network; SomMot, intra-Somato-Motor network, DorsAttn, intra-Dorsal Attention network; SalVentAttn, intra-Salience-Ventral 

Attention network, Limbic, intra-Limbic network; Cont, intra-Control network; Default, intra-Default network; inter, inter-network; AUC-

ROC., area under the receiver operating characteristic curve; ACC, accuracy; Pperm, P value based on 1000 permutation. 
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All selected classification models yielded significant permutation p-val-

ues. The accuracy was comparable between the two comparison methods: the 

third-best model achieved 79% accuracy, while the top two models for the ab-

solute and relative comparisons reached 80% and 82% accuracy, respectively. 

A similar pattern was observed for sensitivity and specificity, with differences 

between the best-performing single-method models not exceeding 0.04. Spe-

cifically, maximum sensitivity reached 0.71 for the absolute comparison and 

0.74 for the relative comparison, while maximum specificity was 0.94 for the 

absolute and 0.90 for the relative comparison. In contrast, the AUC-ROC values 

revealed a clearer distinction: models based on the absolute comparison con-

sistently exceeded 0.90, whereas the best relative comparison model reached 

only 0.84. 

These findings indicate that integrating data from both eye states en-

hances predictive performance compared to using single eye-state conditions 

within a given comparison method. While accuracy, sensitivity, and specificity 

metrics were similar between the absolute and relative methods, the superior 

AUC-ROC values suggest that the absolute comparison provides greater over-

all discriminative ability for distinguishing between groups. 
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5.8. Results for eyes-open and eyes-closed con-

ditions in single-state group 

5.8.1. Brain-wide graph results in sensor space  

5.8.1.1. Sensor space connectivity results: eyes-open condi-

tions 

Under the EO condition, the sensor space graph derived from both 

groups yielded densely connected connectivity patterns (Fig. 5.21A). NBS anal-

ysis identified a significant graph demonstrating greater connectivity in the CP 

group relative to the HC group, comprising 62 nodes and 1086 edges (P < 

0.001). This graph in the CP contrast was bilaterally distributed, with a predom-

inance of connections in the right prefrontal regions. 

5.8.1.2. Sensor space connectivity results: eyes-closed condi-

tions 

Consistent with the findings from the EO conditions, the EC conditions 

also showed a bilateral connectivity pattern for the HC and CP groups (Fig. 

5.21B). NBS analysis similarly identified a significant graph of greater connec-

tivity in the CP group, comprising 62 nodes and 677 edges (P < 0.01). This 

graph shared the same overall bilateral distribution for the CP contrast, again 

demonstrating a right-hemisphere predominant trend in the prefrontal regions. 

In summary, the group-level sensor space graphs from both eye states 

consistently revealed a bilateral distribution in the HC and CP groups, and the 

significant graph was identified in the CP contrast with a large-scale bilateral 

connectivity pattern and a predominant focus in the right prefrontal regions. 
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Figure 5.21. Graphs elicited by EO and EC conditions in HC and CP 

groups in sensor space. (A) Group-level functional connectivity graph for EO 

in both groups (first row). Sensors corresponding to different scalp regions (Pre-

frontal, Frontal, Temporal, Frontal-central, Central, Central-parietal, Parietal, 

and Occipital) were colour-labelled for visual distinction. Group differenced con-

nectivity patterns were identified using NBS and visualised as significant p-

graphs or t-graphs with reduced opacity (second row). (B) Similar to (A) but for 

EC condition. The group-level sensor space graphs from both eye states con-

sistently revealed bilateral distributions in both the HC and CP groups. A signif-

icant graph was identified in the CP contrast, characterized by large-scale bi-

lateral connectivity with a predominant focus in the right prefrontal regions. EO, 

eyes-open; EC, eyes-closed; HC, healthy control group; CP, chronic pain pa-

tient group; NBS, network-based statistics. 
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5.8.1.3. Sensor space graph analysis results  

No significant main effect of eye-state (EO vs. EC) was identified in the 

sensor space GNIs. However, a significant main effect of group (HC vs. CP) 

was observed across all four GNIs (Fig. 5.22). 

The post-hoc comparisons revealed significantly higher values of Gcc, 

Sw, and Mod in the HC than in CP groups in EO conditions (Gcc: t (102) = 2.37, 

P = 0.02; Sw: t (102) = 4.59, P < 0.001; Mod: t (102) = 2.33, P = 0.03). Further-

more, EC conditions also showed significant larger values in these GNIs except 

for a non-significant Mod (Gcc: t (101) = 2.50, P = 0.02; Sw: t (101) = 2.93, P < 

0.001; Mod: t (101) = 1.33, P = 0.18). 

On the contrary, the CP group displayed larger Geff in both EO and EC 

conditions (EO: t (102) = 4.27, P < 0.001; EC: t (101) = 2.27, P = 0.02). 

Detailed ANOVA statistics and post-hoc comparisons are provided in 

Table 5.7. 

Notably, a bimodal distribution of Geff was observed in the CP group 

under both EO and EC conditions. To better characterise this distributional pat-

tern, we performed an additional exploratory analysis. Detailed findings are re-

ported in Section 5.10. 
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Figure 5.22. Graph analysis results for EO and EC conditions in HC and 

CP groups in sensor space. Violin plots with overlaid scatter and box plots 

show the results of two-way between-subjects ANOVA with Bonferroni correc-

tion for post hoc comparisons of four GNIs across the HC (dark green) and CP 

(dark red) groups and two comparison methods. A green-filled circle with a 

black edge denotes the mean value for each group. EO, eyes-open; EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency; 

Sw, small-worldness; Mod, modularity. *P < .05, ***P < .001. 
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Table 5.7. Statistical results for GNIs from EO and EC conditions in HC and CP groups in the sensor space (ANOVA and 

Post-hoc Comparisons). 

Graphs GNIs Effect F P ηp
2  Post-hoc Comparisons T PBonferroni 95% CI 

sensor Gcc Group (Main) 11.59 <0.001 0.05 
HC > CP (EO) 2.37 0.02 [0.01, 0.08] 
HC > CP (EC) 2.50 0.02 [0.01, 0.08] 

sensor Geff Group (Main) 21.44 <0.001 0.09 
CP > HC (EO) 4.27 <0.001 [0.03, 0.07] 
CP > HC (EC) 2.27 0.02 [0.00, 0.05] 

sensor Sw Group (Main) 34.68 <0.001 0.14 
HC > CP (EO) 4.59 <0.001 [0.55, 1.38] 
HC > CP (EC) 2.93 <0.001 [0.36, 1.16] 

sensor Mod Group (Main) 6.45 0.01 0.03 
HC > CP (EO) 2.33 0.03 [0.00, 0.03] 

HC > CP (EC): ns 1.33 0.18 [0.00, 0.02] 

 

Note. EO, eyes-open; EC, eyes-closed; GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; 

Sw, small-worldness; Mod, modularity. 
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5.8.2. Brain-wide graph results in source space  

5.8.2.1. Source space connectivity results: eyes-open condi-

tion 

In the EO condition (Fig. 5.23A), group-level graphs for both the HC and 

CP groups revealed a bilateral distribution of connectivity. Although they did not 

survive statistical correction, the NBS analysis identified a pattern for the HC 

contrast characterised by connections within the left hemisphere's posterior re-

gions. Conversely, the CP contrast revealed a pattern of bilateral connectivity 

predominantly located in anterior regions. 

5.8.2.2. Source space connectivity results: eyes-closed condi-

tion 

In the EC condition (Fig. 5.23B), the group-level connectivity graphs for 

both groups also exhibited a bilaterally distributed, dense pattern of connec-

tions. While not surviving statistical correction, the t-graphs for the HC contrast 

demonstrated a connectivity pattern linking the right frontal region to the left 

parietal region. Conversely, the CP contrast was characterised by a left-hemi-

sphere-dominated distribution. 

In summary, source space graphs across both eye states showed a bi-

laterally distributed, dense pattern of connections in both groups. Although not 

surviving statistical correction, distinct spatial patterns were suggested. The HC 

group displayed an ipsilateral posterior distribution in the left hemisphere during 

the EO condition, shifting to a right-frontal to left-parietal pattern in the EC con-

dition. Conversely, the CP contrast showed a bilateral anterior distribution in 

the EO condition and a left-hemisphere-dominated pattern in the EC condition. 
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Figure 5.23. Graphs elicited by EO and EC conditions in HC and CP 

groups in source space. (A) Group-level functional connectivity matrices for 

EO in HC and CP groups (first row) projected in source space for 100 pairs of 

brain regions organised into 7 different functional networks (Visual, Somato-

motor, Dorsal Attention, Salience-Ventral Attention, Limbic, Control, and De-

fault). The t-graphs (second row) constructed from connections with a t-value 

larger than 1.66 compared between conditions using NBS (shown in reduced 

opacity). (B) Similar to (A) but for EC condition. The group-level graphs from 

both eye states showed a bilaterally distributed, dense pattern of connections 

in both groups. Although not surviving statistical correction, the HC group dis-

played an ipsilateral posterior distribution in the left hemisphere during the EO 

condition, shifting to a right-frontal to left-parietal pattern in the EC condition. 

Conversely, the CP contrast showed a bilateral anterior distribution in the EO 

condition and a left-hemisphere-dominated pattern in the EC condition. EO, 

eyes-open; EC, eyes-closed; HC, healthy control group; CP, chronic pain pa-

tient group; NBS, network-based statistics. 
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5.8.2.3. Source space graph analysis results 

No significant results were found in the GNIs from the source space 

graphs for the EO and EC conditions between HC and CP groups (Fig. 5.24). 

 

 

Figure 5.24. Graph analysis results for EO and EC conditions in HC and 

CP groups in source space. Violin plots with overlaid scatter and box plots 

show the results of two-way between-subjects ANOVA with Bonferroni correc-

tion for post hoc comparisons of four GNIs across the HC (dark green) and CP 

(dark red) conditions in two eye states. A green-filled circle with a black edge 

denotes the mean value for each group. EO, eyes-open; EC, eyes-closed; HC, 

healthy control group; CP, chronic pain patient group; GNIs, global network in-

ferences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, small-

worldness; Mod, modularity.  

 

5.8.3. Intra- and inter-network connectivity strength 

No significant differences were found in intra- or inter-network connec-

tivity strength for EO and EC conditions between HC and CP groups in source 

space (Fig. 5.25). 
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Figure 5.25. Intra-network and inter-network connectivity strength for EO 

and EC conditions in HC and CP groups in source space. Box plots display 

intra- and inter-network mean connections were performed using a paired-sam-

ple t-test with FDR correction for both eye states in two groups. EO, eyes-open; 

EC, eyes-closed; HC, healthy control group; CP, chronic pain patient group; 

Abs, absolute comparison; Rel, relative comparison; Vis, Visual; SomMot, So-

mato-Motor; DorsAttn, Dorsal Attention; SalVentAttn, Salience-Ventral Atten-

tion; Cont, Control. 

 

5.8.4. Higher-order graph results for intra-Default graph 

5.8.4.1. Intra-Default graph connectivity results: eyes-open 

condition 

In the EO condition (Fig. 5.26A), group-level intra-Default graphs exhib-

ited bilateral, dense connectivity patterns in both groups. Although no significant 

graph survived statistical correction, the positive t-statistic graphs illustrated a 
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more densely connected pattern in the CP group, whereas the HC contrast 

showed sparser connectivity patterns. 

5.8.4.2. Intra-Default graph connectivity results: eyes-closed 

condition  

In the EC condition (Fig. 5.26B), both groups similarly revealed bilaterally 

connected distributions. While also not surviving statistical correction, the anal-

ysis demonstrated more densely distributed bilateral connections in the CP con-

trast compared to the relatively sparse connectivity observed in the HC contrast. 

In summary, for the intra-Default graphs, group-level graphs across both 

eye states consistently revealed dense bilateral connectivity patterns in both 

groups. Although no statistically significant graphs were identified in the be-

tween-group comparisons, the CP contrast was characterised by densely inter-

connected bilateral distributions in both conditions. In contrast, the HC contrast 

consistently exhibited sparser connectivity. 
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Figure 5.26. Higher-order intra- default graphs elicited by EO and EC con-

ditions in HC and CP groups. (A) Group-level intra-network graphs for the 

default network and corresponding t-graphs (t > 0; shown in reduced opacity) 

were generated following NBS analysis for both groups in EO condition. (B) 

Similar to (A) but for EC condition. The group-level graphs across both eye 

states consistently revealed dense bilateral connectivity patterns in both groups. 

Although no statistically significant graphs were identified in the between-group 

comparisons, the CP contrast was characterised by densely interconnected bi-

lateral distributions in both conditions, whereas the HC contrast consistently 

exhibited sparser connectivity. EO, eyes-open; EC, eyes-closed; HC, healthy 

control group; CP, chronic pain patient group; NBS, network-based statistics. 
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5.8.4.3. Graph analysis results for intra-Default graph 

No significant results were found in the GNIs from the intra-Default 

graphs for the EO and EC conditions between HC and CP groups (Fig. 5.27). 

 

 

Figure 5.27. Graph analysis results for EO and EC conditions in HC and 

CP groups for intra-Default graphs. Violin plots with overlaid scatter and box 

plots show the results of two-way between-subjects ANOVA with Bonferroni 

correction for post hoc comparisons of four GNIs across the HC (dark green) 

and CP (dark red) groups in both eye states. A green-filled circle with a black 

edge denotes the mean value for each group. EO, eyes-open; EC, eyes-closed; 

HC, healthy control group; CP, chronic pain patient group; GNIs, global network 

inferences; Gcc, global clustering coefficient; Geff, global efficiency; Sw, small-

worldness; Mod, modularity. 
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5.8.5. Higher-order graph results for inter-network graph 

5.8.5.1. Inter-network graph connectivity results: eyes-open 

condition 

In the EO condition (Fig. 5.28A), although no significant graph survived 

statistical correction, a multi-network communication pattern was observed in 

the HC contrast, while the CP contrast was characterised by a sparser connec-

tivity pattern, predominantly centred on the Cont network. 

5.8.5.2. Inter-network graph connectivity results: eyes-closed 

condition 

In the EC condition (Fig. 5.28B), a similar pattern was observed, though 

no statistically significant graphs were revealed. The HC contrast also demon-

strated a multi-network connectivity pattern, whereas the CP contrast showed 

a t-graph with sparse edges, again indicating a Cont-centred connectivity profile. 

In summary, although no inter-network graphs survived statistical cor-

rection, a consistent pattern emerged across both eye states. The HC contrast 

was characterised by a multi-network communication pattern, while the CP con-

trast exhibited a sparser, Cont-dominated pattern in both conditions.  
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Figure 5.28. Higher-order inter-network graphs elicited by EO and EC con-

ditions in HC and CP groups. (A) Group-level inter-network weighted graphs 

and corresponding t-graphs (t > 0; shown in reduced opacity) were generated 

following NBS analysis for two groups in EO condition. (B) Similar to (A) but in 

EC condition. The stroke size of each connection indicates the edge weight, 

representing connectivity strength in the upper panels, whereas in the lower 

panels it represents the corresponding t-value. Although no significant graphs 

survived statistical corrections for the inter-network analyses, a consistent 

multi-network communication pattern emerged across both eye states in the 

HC contrast. Conversely, the CP contrast exhibited exhibited a sparser, Cont-

dominated pattern in both conditions. EO, eyes-open; EC, eyes-closed; HC, 

healthy control group; CP, chronic pain patient group; NBS, network-based sta-

tistics. 

 

5.8.5.3. Graph analysis results for inter-network graphs: edge 

betweenness centrality in eyes-open condition 

For the EO condition (Fig. 5.29A), no significant graphs survived statis-

tical correction. However, t-graphs revealed in the HC contrast showed that the 
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DorsAttn network possessed several high-betweenness edges, with DorsAttn-

Limbic and DorsAttn-Default Mode Network connections being particularly dis-

tinctive. The CP contrast was characterised by distinctive Cont-SalVentAttn and 

Default-Visual edges. 

5.8.5.4. Graph analysis results for inter-network graphs: edge 

betweenness centrality in eyes-closed condition 

In the EC condition (Fig. 5.29B), the Cont and Default network emerged 

with several distinctive high-betweenness edges in the HC contrast. Specifically, 

the Cont network demonstrated connections with the SalVentAttn, DorsAttn, 

and Default networks, while the Default network showed connections with the 

Limbic and SomMot. In the CP contrast, the Default-SalVentAttn edges were 

particularly prominent. 

In summary, although no statistically significant graphs were identified, 

the Ebc graphs suggested distinct inter-network patterns. The Cont and Default 

networks exhibited distinctive edges in the CP contrast across both eye states. 

Conversely, in the HC contrast, the DorsAttn network displayed high-between-

ness edges in the EO condition, whereas the Cont and Default networks as-

sumed key integrative roles in the EC condition. 

5.8.5.5. Graph analysis results for inter-network graphs: local 

clustering coefficient 

No significant results were found in the Lcc comparison for the EO and 

EC conditions between HC and CP groups (Fig. 5.29C). 
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Figure 5.29. Results for local graph inferences analysis from inter-network 

graphs elicited by EO and EC conditions in HC and CP groups. (A) Ebc corre-

sponded t-graphs for EO condition in both groups generated following NBS (t > 

0; shown in reduced opacity). (B) Similar to (A) but for EC condition. The stroke 

size of each connection represents the corresponding t-value for the Ebc graph 

contrasts. (C) Box plots illustrate the statistical analysis for Lcc by paired-sam-

ple t-test with FDR correction between two groups for two eye states. Although 

no statistically significant graphs were identified, the Cont and Default networks 

exhibited distinctive edges in the CP contrast across both eye states. Con-

versely, in the HC contrast, the DorsAttn network displayed high-betweenness 

edges in the EO condition, whereas the Cont and Default networks assumed 

key integrative roles in the EC condition. EO, eyes-open; EC, eyes-closed; HC, 

healthy control group; CP, chronic pain patient group; Ebc, Edge betweenness 

centrality; NBS, network-based statistics. 

 

5.8.5.6. Graph analysis results for inter-network graphs: 

global network inferences  

No significant results were found in the GNIs from the inter-network 

graphs for the EO and EC conditions between HC and CP groups (Fig. 5.30). 
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Figure 5.30. Graph analysis results for EO and EC conditions HC and CP 

groups for inter-network graphs. Violin plots with overlaid scatter and box 

plots show the results of two-way between-subjects ANOVA with Bonferroni 

correction for post hoc comparisons of two GNIs across the HC (dark green) 

and CP (dark red) conditions and two eye states. EO, eyes-open; EC, eyes-

closed; HC, healthy control group; CP, chronic pain patient group; GNIs, global 

network inferences; Gcc, global clustering coefficient; Geff, global efficiency. 

 

5.8.6. Classification performance 

The top three classification performances based on GNIs across all nine 

graphs for their combinations from either EO or EC conditions were presented 

in Table 5.8. Although permutation-based P values indicated statistically signif-

icant classifications, the prediction AUC-ROCs did not exceed 0.80 for any sin-

gle condition. 

The highest performance achieved using the EO condition yielded an 

AUC-ROC of 0.79 with 75% accuracy, while the EC condition reached a maxi-

mum AUC-ROC of 0.78 with 74% accuracy. The similarity in these results indi-

cates negligible difference in performance between the two states. 
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These findings suggest that the predictive utility of GNIs for distinguish-

ing between HC and CP groups did not differ meaningfully between the EO and 

EC conditions. 

 

Table 5.8. Classification performance for HC and CP groups based on 

GNIs across nine graphs under both EO and EC conditions. 

Eye states GNIs AUC-ROC ACC Sensitivity Specificity Pperm 

EO 

sensor+source+Default+Cont 0.79 75% 0.64 0.86 0.00 

sensor+SM+Default+Vis+inter 0.77 70% 0.53 0.88 0.00 

sensor+source+De-
fault+Cont+inter 

0.77 72% 0.58 0.84 0.00 

EC 

sensor+source+SomMot+Sal-
VentAttn+Cont+DorsAttn+Vis 

0.78 74% 0.66 0.86 0.00 

sensor+source+Som-
Mot+Cont+Default+Vis 

0.76 71% 0.63 0.82 0.00 

sensor+source+Som-
Mot+Cont+Default+Vis+inter 

0.76 73% 0.66 0.82 0.00 

 

Note. EO, eyes-open; EC, eyes-closed; Vis, intra-Visual network; SomMot, in-

tra-Somato-Motor network, DorsAttn, intra-Dorsal Attention network; SalVen-

tAttn, intra-Salience-Ventral Attention network, Limbic, intra-Limbic network; 

Cont, intra-Control network; Default, intra-Default network; inter, inter-network; 

AUC-ROC, area under the receiver operating characteristic curve; ACC, accu-

racy; Pperm, P value based on 1000 permutation. 
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5.9. Discussion for eyes-open and eyes-closed 

conditions in single-state group 

5.9.1. Representative connectivity patterns 

With a larger number of participants in each group, significant functional 

connectivity graphs emerged exclusively for the CP contrast in the sensor 

space under both conditions. These graphs were characterised by densely con-

nected, bilateral patterns with right prefrontal predominance, replicating previ-

ous reports of alpha-band hyperactivation in chronic pain at a large brain scale, 

independent of eye-state (Prichep et al., 2018; Sarnthein et al., 2006; van den 

Broeke et al., 2013). This finding is consistent with the thalamocortical dysrhyth-

mia model of chronic pain (Hughes & Crunelli, 2005; Llinás et al., 2005; 

Suffczynski et al., 2001; Tu et al., 2020).  

Although not surviving statistical correction, consistent trends in intra-

Default graphs indicated denser connectivity in the CP group across conditions. 

In inter-network graphs, the HC contrast exhibited a multi-network connectivity 

pattern, whereas the CP contrast was dominated by the Cont network. Further-

more, the Ebc graphs revealed a dual-hub pattern involving the Cont and De-

fault networks in the CP contrast under both conditions. This heightened Cont 

network connectivity aligns with reports of aberrant functional coupling between 

the Cont network and amygdala, which is most pronounced in patients with high 

pain catastrophising (Jiang et al., 2016), representing a shared neural substrate 

for the cognitive-emotional disturbances common to both chronic pain and anx-

iety disorders (Kucyi & Davis, 2015; Ploner et al., 2017; Tracey et al., 2019; 

Wiech & Tracey, 2009). 
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5.9.2. Global network inferences and networks 

Eye-state was found to have no significant impact on GNIs across graph 

types, whereas a significant group effect was observed in sensor space graphs. 

Specifically, both EO and EC conditions showed significantly greater global 

segregation and small-worldness in the HC group, alongside reduced global 

integration compared to the CP group. Significantly higher modularity was also 

observed in the HC group under the EO condition. These findings were con-

sistent across both eye states, with the exception of no significant changes be-

ing found in the modularity in EC condition, suggesting the CP group exhibits 

altered global network characteristics that remain largely consistent across eye 

states during rest. 

Importantly, this analysis revealed a significant decrease in Gcc in the 

CP group, consistent with a multicentre fMRI study (Mano et al., 2018). The 

combination of decreased functional segregation and increased integration, cul-

minating in reduced small-worldness, indicates a shift toward a more random-

ised (Xin et al., 2024) and less cost-efficient network architecture (Liao et al., 

2017). 

5.9.3. Dynamic network reconfiguration  

The CP group exhibited a profile of maladaptive network reorganisation 

characterised by reduced global segregation, increased global efficiency, and 

reduced small-worldness and modularity in sensor space. This pattern indi-

cated a dysfunction in brain-wide connectivity, leaning towards a more random 

communication pattern (Xin et al., 2024). Although not surviving correction, 

trends suggested denser intra-Default connectivity in the CP group, alongside 
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distinctive Default-Vis connectivity in the EO condition and Default-SalVentAttn 

connectivity in the EC condition. Both patterns are aberrant; healthy Default 

typically shows enhanced connectivity with visual regions in EC (not EO) (Cos-

tumero et al., 2020; J. Han et al., 2023), and remains anticorrelated with the 

SalVentAttn network (Baliki et al., 2008; Hemington et al., 2016; Tu et al., 2019). 

This dysregulation suggests Default hyperexcitation, potentially reflecting a 

maladaptive overthinking for self-referential processing of the pain experience 

(Johansson et al., 2024). 

The inter-network graphs showed a consistent dual-hub pattern involv-

ing the Default and Cont networks in the CP group, further implicating the Cont 

network in the pathophysiology of chronic pain. This finding is consistent with 

reports of exaggerated Cont-amygdala connectivity, particularly in patients with 

high pain catastrophising (Jiang et al., 2016). 

In contrast, the HC group demonstrated significantly higher small-world-

ness, driven by increased segregation and decreased integration, reflecting an 

optimised, cost-efficient brain architecture. This was accompanied by a multi-

network communication pattern across both eye states. The lack of such broad, 

flexible network engagement appears to be a characteristic deficit in CP, irre-

spective of eye-state. 

5.9.4. Classification performance 

Classification performance under both EO and EC conditions yielded 

AUC-ROCs with values not exceeding 0.80 and accuracy rates of up to 75%. 

Both conditions produced comparable results, highlighting the robust, yet simi-

lar, discriminatory power of GNIs across different states. This indicates that the 

discriminatory power of GNIs was robust and similar across both resting-state 
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conditions, suggesting that the ability to detect group differences is not depend-

ent on a specific eye-state. 

 

5.10. Additional analysis for single-state group 

global network inferences in sensor space 

Given the bimodal distribution of Geff identified in the CP group across 

both EO and EC conditions, we performed an exploratory post‑hoc clustering 

analysis to characterise subgroup differences. We applied k‑means clustering 

with k = 2 to partition the CP group based on Geff values, in order to resolve 

the observed bimodal structure. Clustering results revealed that the subgroup 

exhibiting significantly higher Geff comprised only patients with chronic back 

pain (CBP), in both EO and EC conditions. 

Based on this empirical clustering outcome, we formally subdivided the 

original CP group into two clinically distinct subgroups: CBP group for patients 

diagnosed with chronic back pain; whereas CP_O group for patients with other 

chronic pain conditions, including fibromyalgia (FM) and mixed chronic pain. 

To examine group differences in sensor space GNIs across the full spec-

trum of participants, we conducted a one‑way ANOVA with Bonferroni correc-

tion comparing all three subgroups alongside the healthy control (HC) group: 

HC, CBP, and CP_O for EO and EC condition, separately. This three‑group 

comparison allowed us to test whether the elevated Geff observed in the 

k‑means cluster represented a unique network phenotype specific to CBP, as 

distinct from other chronic pain phenotypes and healthy brain function.  
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5.10.1. Sensor space graph analysis results: further division 

for three groups 

The significant main effect of group (HC, CBP, CP_O) was observed 

across all four GNIs in both EO and EC conditions (Fig. 5.31). 

Post‑hoc comparisons revealed significantly higher Gcc values in the HC 

group relative to the CP_O group in EC conditions ( t (73) = 2.85, P = 0.02, 95% 

CI = [0.01, 0.11]). For Geff, highly significant group differences were detected 

in both EO and EC conditions, with the CBP subgroup showing markedly higher 

Geff than both HC and CP_O (EO: CBP > HC: t (70) = 24.24, P < 0.001, 95% 

CI = [0.12, 0.14]; CBP > CP_O: t (53) = 23.69, P < 0.001, 95% CI = [0.12, 0.15]; 

EC: CBP > HC: t (65) = 13.10, P < 0.001, 95% CI = [0.11, 0.16]; CBP > CP_O: 

t (42) = 14.70, P < 0.001, 95% CI = [0.12, 0.17]). 

In contrast, Sw and Mod exhibited consistent patterns across EO and 

EC states, with significantly higher values in the HC and CP_O groups com-

pared with the CBP subgroup. For Sw, HC > CBP (EO: t (70) = 10.09, P < 

0.001, 95% CI = [1.59, 2.60]; EC: t (65) = 8.77, P < 0.001, 95% CI = [1.51, 2.70]) 

and CP_O > CBP (EO: t (53) = 8.46, P < 0.001, 95% CI = [1.35, 2.43]; EC: t 

(42) = 7.56, P < 0.001, 95% CI = [1.27, 2.47]). For Mod, HC > CBP (EO: t (70) 

= 5.57, P < 0.001, 95% CI = [0.02, 0.05]; EC: t (65) = 4.44, P < 0.001, 95% CI 

= [0.02, 0.06]) and CP_O > CBP (EO: t (53) = 5.40, P < 0.001, 95% CI = [0.02, 

0.06]; EC: t (42) = 4.82, P < 0.001, 95% CI = [0.02, 0.06]). 

Detailed one‑way ANOVA statistics and post‑hoc comparisons are pro-

vided in Table 5.9. 
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Figure 5.31. Graph analysis results for EO and EC conditions in HC and 

CP groups in sensor space. Violin plots with overlaid scatter and box plots 

show the results of one-way ANOVA with Bonferroni correction for post-hoc 

comparisons of four GNIs across three groups: healthy controls (HC, dark 

green), chronic back pain (CBP, red), and other chronic pain (CP_O, dark red) 

separately in two eye states. EO, eyes-open; EC, eyes-closed; HC, healthy 

control group; CBP, chronic back pain subgroup; CP_O, other chronic pain sub-

group; GNIs, global network inferences; Gcc, global clustering coefficient; Geff, 

global efficiency; Sw, small-worldness; Mod, modularity.  
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Table 5.9. Statistical results for GNIs from EO and EC conditions in HC, CBP, and CP_O groups in the sensor space (ANOVA 

and Post-hoc Comparisons). 

GNIs Eye-state F P ηp
2  

Post-hoc Compari-
sons 

T PBonferroni 95% CI 

Gcc EO 3.47 0.04 0.06         
Gcc EC 4.32 0.02 0.07 HC > CP_O 2.85 0.02 [0.01, 0.11] 

Geff EO 344.61 <0.001 0.87 
CBP > HC 24.24 <0.001 [0.12, 0.14] 

CBP > CP_O 23.69 <0.001 [0.12, 0.15] 

Geff EC 110.54 <0.001 0.67 
CBP > HC 13.10 <0.001 [0.11, 0.16] 

CBP > CP_O 14.70 <0.001 [0.12, 0.17] 

Sw EO 54.10 <0.001 0.52 
HC > CBP 10.09 <0.001 [1.59, 2.60] 

CP_O > CBP 8.46 <0.001 [1.35, 2.43] 

Sw EC 28.68 <0.001 0.41 
HC > CBP 8.77 <0.001 [1.51, 2.70] 

CP_O > CBP 7.56 <0.001 [1.27, 2.47] 

Mod EO 16.18 <0.001 0.26 
HC > CBP 5.57 <0.001 [0.02, 0.05] 

CP_O > CBP 5.40 <0.001 [0.02, 0.06] 

Mod EC 12.51 <0.001 0.19 
HC > CBP 4.44 <0.001 [0.02, 0.06] 

CP_O > CBP 4.82 <0.001 [0.02, 0.06] 

 

Note. EO, eyes-open; EC, eyes-closed; HC, healthy control group; CBP, chronic back pain subgroup; CP_O, other chronic pain 

subgroup; GNIs, global network inferences; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-worldness; Mod, 

modularity; Abs, absolute comparison; Rel, relative comparison. 
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5.10.2. Discussion for sensor space graph analysis: further 

division for three groups 

Exploratory k‑means clustering and subsequent three‑group ANOVA 

provided critical new insights into the heterogeneous network topology within 

the chronic pain cohort, clarifying how distinct clinical phenotypes exhibit diver-

gent alpha‑band network organisation in resting‑state EEG. This analytical ap-

proach addresses a key limitation of prior studies that pooled heterogeneous 

chronic pain subtypes, which risked masking subtype‑specific neurophysiolog-

ical signatures. 

Consistent with the bimodal distribution of Geff in the overall CP group, 

partitioning patients into CBP and CP_O subgroups revealed a highly specific 

and consistent network phenotype unique to CBP within the present sample. 

Across both EO and EC conditions, the CBP subgroup demonstrated markedly 

elevated global efficiency relative to both HC and the CP_O subgroup. This 

pronounced enhancement of global integration was accompanied by signifi-

cantly reduced Sw and Mod in CBP compared with both HC and CP_O. These 

findings clarify that the increased global efficiency and network maladaptation 

previously reported in the overall chronic pain group were driven predominantly 

by the CBP subgroup within the present dataset, resolving the apparent heter-

ogeneity within chronic pain populations in this study. Caution is warranted in 

generalising these patterns as uniquely specific to CBP, as the limited number 

of fibromyalgia patients included means we cannot exclude divergent topologi-

cal profiles emerging with a larger, more representative fibromyalgia cohort in 

future research. 
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Parallels in the spectral domain strengthen this interpretation. McLain et 

al. (2025), analysing the same secondary dataset, reported that peak alpha fre-

quency (PAF) differs significantly between CBP and widespread pain (including 

FM), with widespread pain associated with higher global PAF than CBP. Addi-

tionally, Cavaleri et al. (2025) validated in an independent dataset that partici-

pants with urologic chronic pelvic pain syndrome and widespread pain exhibited 

significantly lower global average PAF than those with localised pain. Given 

that our GNIs were derived from alpha-band EEG, it is unsurprising that these 

metrics similarly exhibit diagnosis-specific profiles, suggesting they may serve 

as complementary biomarkers alongside PAF for the clinical stratification of 

chronic pain subtypes within this sample. 

These subgroup differences may be attributed to the underlying hetero-

geneity of chronic pain pathophysiological mechanisms. For instance, CBP pa-

tients exhibit significant alterations in global brain network topology, character-

ised by a prolonged characteristic path length alongside reduced clustering co-

efficient, global efficiency, and local efficiency, relative to HC (Liu et al., 2018). 

Further neuroimaging investigations have revealed distinct nodal network ab-

normalities in CBP patients, who display significantly higher mPFC/rACC nodal 

degree, efficiency, and betweenness than HC (Tu et al., 2019). Complementary 

fMRI research has additionally identified impaired global information transfer 

efficiency across functional brain networks as a key pathophysiological state 

underlying CBP (Tu et al., 2020). Moreover, augmented inter-network infor-

mation transfer between the salience network and primary somatosensory cor-

tex (S1) has been validated as a critical neural substrate, mediating the reallo-

cation of attentional resources and affective encoding of nociceptive input in the 
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chronic pain state (J. Kim et al., 2019). Collectively, these findings support a 

model of maladaptive thalamocortical plasticity in CBP, wherein persistent af-

ferent input drives hyper-connected, hyper-integrated network architecture at 

the expense of modular specialisation. 

In contrast, the CP_O subgroup, comprising fibromyalgia and mixed 

chronic pain patients, retained a modular, well-segregated network structure 

broadly comparable to HC in the present analysis. Only Gcc distinguished 

CP_O from HC, and exclusively in the EC condition. This is consistent with 

fibromyalgia literature showing that structural network abnormalities in FM in-

volve compromised segregation and integration (Tu, Wang, et al., 2023), and 

that FM is associated with disrupted PCC connectivity in the DMN and in-

creased anterior insula connectivity in the salience network (Van Ettinger-

Veenstra et al., 2019), rather than the global hyper-efficiency phenotype ob-

served in CBP. A recent meta-analysis (Butry et al., 2025) confirmed lower local 

efficiency across chronic pain broadly, but our findings extend this by demon-

strating that global network architecture remains unaltered in non-CBP chronic 

pain subtypes within this sample. 

Crucially, subgroup differences were stable across EO and EC states, 

indicating that CBP-related network abnormalities reflect a trait-like neurophys-

iological marker rather than a state-dependent fluctuation. This cross-state con-

sistency reinforces the potential diagnostic utility of Geff, Sw, and Mod as ob-

jective stratification tools. 

From a clinical perspective, these results support a model in which lo-

calised nociceptive input in CBP drives large-scale network reorganisation, ex-

cessive functional integration and diminished modular specialisation, consistent 
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with maladaptive sensorimotor and frontoparietal plasticity. Fibromyalgia and 

mixed chronic pain, by contrast, appear to involve distinct pathophysiological 

mechanisms that spare global network architecture, implying that targeted neu-

romodulation strategies for CBP (e.g., targeting hyper-integrated networks) 

may not be applicable to other chronic pain subtypes, highlighting the need for 

personalised treatment approaches. 

Methodologically, these findings underscore the importance of account-

ing for clinical heterogeneity in neuroimaging research. Pooling heterogeneous 

pain phenotypes risks masking subtype-specific network signatures and reduc-

ing cross-site reproducibility (Butry et al., 2025). Graph-theoretical metrics de-

rived from resting-state alpha-band EEG, particularly Geff, Sw and Mod, 

demonstrate sufficient sensitivity to discriminate between closely related clinical 

subgroups, supporting their translational potential for objective patient stratifi-

cation and neuromodulation targeting. 

In summary, this additional analysis reveals that elevated global effi-

ciency and reduced small-worldness and modularity represent a robust, 

state‑independent network signature in CBP patients within this study. These 

findings refine our understanding of network dysfunction in chronic pain, em-

phasise the distinctive neuroplasticity profile associated with CBP, and provide 

empirically grounded support for stratifying chronic pain cohorts in future neu-

roscientific research and clinical neuromodulation applications. 

5.11. Summary 

This chapter examined brain network reorganisation in HC and CP 

groups during EO and EC resting-states, applying both absolute and relative 
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comparison methods in the paired-state (within-subject) analysis, and only the 

absolute comparison in the single-state (between-subject) analysis. 

Our analyses revealed robust and consistent alpha band EEG reorgani-

sation in chronic pain, characterised by widespread sensor-space overactiva-

tion and stable changes in global network topology. Specifically, the CP group 

demonstrated a persistent profile of increased global integration (higher Geff), 

decreased small-worldness and modularity across both resting-states. This 

consistent profile indicates a fundamental shift toward a less optimised, more 

randomised brain architecture in chronic pain, consistent with the thalamocorti-

cal dysrhythmia model of chronic pain (Hughes & Crunelli, 2005; Llinás et al., 

2005; Suffczynski et al., 2001). This pattern is primarily driven by the CBP sub-

group, while the CP_O subgroup (fibromyalgia and mixed chronic pain) retains 

a network architecture largely comparable to healthy controls, with only minor 

differences in global clustering coefficient observed exclusively in the EC con-

dition within the present sample. These subgroup-specific network abnormali-

ties arise from the heterogeneous pathophysiological mechanisms underlying 

distinct chronic pain phenotypes, with localised chronic back pain driving mala-

daptive thalamocortical plasticity, hyper-connected global networks, and lost 

modular specialisation (Tu et al., 2019, 2020). 

We also found significantly decreased intra-Default global efficiency spe-

cifically and reduced SalVentAttn intra-network connectivity for CP group in the 

EC condition. This aligns with the aberrant loss of Default-SalVentAttn anticor-

relation reported in chronic pain, thought to reflect a maladaptive cognitive state 
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focused on self-referential processing (Goulden et al., 2014; Johansson et al., 

2024; Tu et al., 2019).  

Divergent group differences emerged in intra-Default graphs. graphs 

from the paired-state analysis. In the EO condition, the CP group showed in-

creased intra-Default Geff, whereas in the EC condition, they exhibited de-

creased intra-Default Geff. This eye-state-dependent dysregulation of the De-

fault aligns with its known dynamicity (Costumero et al., 2020; J. Han et al., 

2023), and highlights its abnormal reactivity in CP (Baliki et al., 2014). These 

nuanced Default findings were predominantly revealed by the relative compar-

ison method, underscoring the impact of baseline normalisation. 

Validation in the single-state group consistently reproduced the signifi-

cant sensor-space GNI alterations and non-significant intra-Default findings. 

However, inter-network graphs differed, particularly in the EC condition, sug-

gesting that EC may be a less stable state for characterising specific network 

communication mechanisms in chronic pain (Weng et al., 2020). Consequently, 

the EO condition may be more suitable for elucidating the specific network com-

munication mechanisms disrupted in chronic pain. Moreover, the stability of 

subgroup differences across EO and EC states confirms that CBP-related net-

work anomalies represent trait-like biomarkers rather than state-dependent 

fluctuations, strengthening their diagnostic value. 

Finally, classification analysis demonstrated that the best performance 

for distinguishing groups was achieved by the paired-state group, either by 

combining GNIs from both EO and EC conditions (absolute comparison) or by 

integrating both comparison methods for the EC condition alone. Both models 



261 

 

 

 

achieved an AUC-ROC of 0.91 with 80% accuracy. This confirms that integrat-

ing information across states and methods enhances predictive power. The 

strong performance of the relative comparison in this between-subject context 

contrasts with its inferior performance for within-subject classification in Chapter 

4, highlighting its context-dependent utility. 

In conclusion, this investigation revealed widespread alpha-band over-

activation in chronic pain patients during resting-states, marked by a consistent 

pattern of maladaptive brain network reorganisation. The core finding was a 

significantly larger brain-wide connectivity graph in the sensor space, accom-

panied by reduced global segregation, increased integration, and diminished 

small-worldness and modularity, indicating a shift toward a more randomised 

and less cost-efficient brain architecture across resting-states. This signature is 

strongly pronounced to CBP. Abnormal Default hyperactivation was evident not 

only in its internal connectivity but also in its altered communication with net-

works such as SalVentAttn and Cont, pointing to maladaptive crosstalk under-

lying self-referential overthinking and catastrophising in chronic pain. Methodo-

logically, while both eye states were informative, the greater variability in EC 

results suggests the EO condition may be more reliable for exploring specific 

network mechanisms. Ignoring clinical heterogeneity by pooling distinct pain 

phenotypes risks masking subtype-specific network signatures and reducing 

reproducibility; graph-theoretical inferences from alpha-band EEG enable ro-

bust stratification of chronic pain subgroups. The relative comparison method 

demonstrated particular value in enhancing detection sensitivity through activity 

normalisation. Finally, classification performance using GNIs achieved excel-

lent results, with the best performance (AUC-ROC = 0.91, 80% accuracy) 
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incorporating both absolute and relative comparison features. This robust per-

formance strongly suggests that collecting data from both EO and EC condi-

tions can significantly enhance the power of future diagnostic models in chronic 

pain. The novel contribution of this work is the identification of a core maladap-

tive network signature in chronic pain, stratified by clinical subtype and com-

pounded by state-specific dysregulation, compounded by state-specific dysreg-

ulation, which provides a promising foundation for objective, network-based di-

agnosis. 
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Chapter 6 

General discussion and conclusion 

 

This chapter synthesises the principal findings and conclusions of the 

research programme. It critically examines how global network inferences serve 

as robust biomarkers of pain-related brain reorganisation across experimental 

and clinical pain states. The collective implications of the methodological and 

empirical advances are discussed, with particular emphasis on the comparative 

utility of analytical approaches and multimodal protocols. The chapter con-

cludes by acknowledging the limitations of the current work and outlining clear 

directions for future research and clinical translation. 
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6.1. Summary of empirical findings 

This thesis provides significant advances in understanding pain-related 

brain reorganisation across both experimental and clinical pain conditions 

through a systematic, multi-level analysis of functional connectivity and graph 

theory. A core empirical contribution is the identification that global network in-

ferences (GNIs) derived from alpha-band oscillations can be validated as robust 

biomarkers capable of tracking neuroplastic adaptations across diverse con-

texts. Three consistent network signatures emerged: 

(1) Tonic pain triggers an adaptive shift from functional segregation to 

integration. 

(2) Post-stimulation rest induces a reconfiguration towards greater seg-

regation and small-worldness. 

(3) Chronic pain is characterised by a maladaptive state of increased in-

tegration and diminished small-worldness, a signature predominantly 

driven by the CBP subgroup. 

The consistent GNI patterns observed across different pain conditions 

and analytical methods highlight their reliability as indicators of brain reorgani-

sation, effectively bridging experimental models with clinical chronic pain. Fi-

nally, the established translational validity of these network measures, evi-

denced by superior predictive power in machine learning classifiers, paves the 

way for objective pain diagnostics and personalised therapeutic strategies. 

The following sections detail the findings of each study to address the 

research questions and synthesise them into a unified framework. 
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6.1.1.  Network reorganisation in tonic pain: from segregation to 

integration 

This study investigated the neural dynamics of experimental tonic pain 

through EEG-based functional connectivity and graph theory. 

6.1.1.1. Can functional connectivity and network topology dif-

ferentiate between experimental tonic noxious hot from in-

nocuous warm conditions? 

Our findings suggest that both functional connectivity patterns and 

graph-theoretical measures successfully differentiated between noxious hot 

and innocuous warm conditions. The results revealed a brain-wide reorganisa-

tion characterised by a global shift from functional segregation to integration. 

6.1.1.2. What is the neuronal mechanism, as revealed by our 

connectivity and graph analyses, underpin these pain-

states? 

The neuronal mechanism underpinning this pain-state difference may 

reflect a fundamental transition from intra- to inter-network communication, po-

tentially mediated by thalamocortical circuits and GABAergic inhibition. The So-

mato-Motor network was identified as pivotal, shifting from a locally specialised 

processor during warmth to a global integrator during pain, a transition likely 

facilitated by rapidly increased synaptic plasticity. This reorganisation was 

quantified by a statistically significant reduction in the global clustering coeffi-

cient when intra-network connections were excluded. 
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6.1.1.3. Will the network inferences from graph-theory meas-

urements provide accurate pain-state classification? 

The translational potential of these network inferences is strongly sup-

ported. A machine learning model utilising these global network measures 

achieved AUC-ROC of 0.94 and accuracy of 86% in classifying pain states. 

Furthermore, their clinical relevance was underscored by how psychological 

traits modulated network topology: pain catastrophising amplified segregation 

and integration during pain, while anxiety was linked to reduced network differ-

entiation during innocuous warmth. 

In summary, this research provides compelling evidence that tonic pain 

is associated with a quantifiable reorganisation of large-scale brain dynamics. 

The robustness of these GNIs for classification and their modulation by psycho-

logical traits confirms their significant potential as objective biomarkers for pain 

states. The novel finding of this study is the quantification of a rapid, large-scale 

network shift during tonic pain, validated by robust classification and linked to 

individual psychological differences. 

6.1.2. Tracking neuroplasticity: cross-state signatures of sensory 

stimulation 

This study investigated the reconfiguration of resting-state brain net-

works following sensory stimulation, yielding clear answers to our core ques-

tions. 
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6.1.2.1. How does functional connectivity and network topol-

ogy change from pre- to post-stimulation resting-states? 

Both EEG-based functional connectivity and graph-theoretic network in-

ferences successfully differentiated between pre- and post-stimulation resting-

states. Analyses revealed significant differences in sensor-space graphs and 

showed a consistent post-stimulation increase in functional segregation and 

small-worldness alongside reduced modularity. Findings in EO suggested that 

pre-stimulation modularity was related to robust Default interactions, particu-

larly between the Default and Vis, SomMot, and DorsAttn networks. 

6.1.2.2. Do these time-dependent changes differ between 

eyes-open and eyes-closed resting-state conditions? 

Time-dependent changes differed substantially between EO and EC 

conditions. While both states showed a general post-stimulation shift towards 

increased segregation, the specific reconfiguration patterns were state-depend-

ent. EO restructured from a SalVentAttn-integrated state to a SomMot-Vis dual-

hub architecture, whereas EC shifted from broad multi-network integration to a 

focused SalVentAttn-dominated state. Moreover, a significant decreased mod-

ularity intra-Default was found exclusively in the EO condition, suggesting that 

pre-stimulation modularity was related to robust Default interactions, particu-

larly between the Default and Vis, SomMot, and DorsAttn networks.  

6.1.2.3. What neuronal mechanisms underpin these post-stim-

ulation changes? 

The neuronal mechanism underpinning these changes is a stimulation-

induced shift in the brain's functional architecture towards specialised, 
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segregated processing. This is characterised by a reorganisation of hub domi-

nance and a strengthening of long-range, inter-hemispheric pathways, reflect-

ing an optimisation for processing recent sensory experience. The increase in 

small-worldness and reduction in modularity further indicate a rebalancing to-

wards efficient, specialised information processing. 

6.1.2.4. Will the network inferences from graph-theory meas-

urements validate these changes and demonstrate trans-

lational potential? 

The translational potential of these graph-theory measurements is 

strongly validated. A machine learning model using GNIs achieved high classi-

fication accuracy for pre- versus post-stimulation states especially using fea-

tures combined both EO and EC (AUC-ROC = 0.88, 81% accuracy, underscor-

ing the sensitivity of this multimodal approach for detecting stimulation-induced 

neuroplasticity. 

In summary, this study revealed that sensory stimulation induces a pre-

dictable reconfiguration of resting-state networks, characterised by a shift to-

wards increased functional segregation and small-worldness. While the specific 

patterns were state-dependent, in another word, differing between EO and EC 

conditions, a unified signature of neuroplasticity was identified. Critically, a ma-

chine learning model combining features from both states achieved excellent 

classification (AUC-ROC = 0.88), underscoring the sensitivity of this multimodal 

approach. The novel contribution here is the identification of a unified, state-

dependent signature of post-stimulation neuroplasticity, detectable with a mul-

timodal EO/EC approach. 
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6.1.3. Chronic pain signatures: maladaptive network integration 

This investigation into resting-state brain dynamics of chronic pain (CP) 

patients versus healthy controls (HC) yielded clear, affirmative answers to our 

primary research questions. 

6.1.3.1. How do functional connectivity and network topology 

differ in resting-states between chronic pain patients and 

healthy controls? 

Both EEG-based functional connectivity and graph-theoretic network in-

ferences robustly differentiated CP from HC. The most consistent finding was 

a brain-wide overactivation in sensor-space connectivity in the CP group, along-

side distinct alterations in intra- and inter-network communication, particularly 

involving the Default network. 

6.1.3.2. Do these group differences vary between eyes-open 

and eyes-closed resting-state conditions? 

Group differences varied by eye-state, revealing both stable and state-

dependent maladaptive reorganisation. A core, state-independent signature of 

CP was identified: reduced global segregation, increased global integration, 

and diminished small-worldness and modularity, indicating a shift towards a 

less optimised, more random network architecture. Critically, this global signa-

ture is not uniform across chronic pain subtypes: it is exclusively observed in 

the CBP subgroup (excluding reduced segregation). 

Divergent group differences emerged in intra-Default graphs: in the EO 

condition, the CP group showed increased intra-Default Geff, whereas in the 

EC condition, they exhibited decreased intra-Default Geff alongside 
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significantly lower connectivity strength within SalVentAttn. The EC condition 

points toward an abnormal loss of anticorrelation between these two fundamen-

tal networks, a phenomenon also reported in other chronic pain studies, sug-

gests a failure to properly segregate internal (Default) and external/salience 

(SalVentAttn) processing. 

6.1.3.3. What neuronal mechanisms underpin these group dif-

ferences? 

The neuronal mechanism is a widespread maladaptive reorganisation 

driven by chronic pain, with distinct pathophysiological substrates across sub-

types: localised CBP characterised by thalamocortical dysrhythmia leading to 

global alpha-band overactivation, while fibromyalgia and mixed chronic pain in-

volve region‑specific network abnormalities without global hyper‑integration. 

This disrupts the normal balance between functional segregation and integra-

tion, resulting in less specialised local processing and inefficient global commu-

nication.  

6.1.3.4. Will the network inferences from graph-theory meas-

urements validate for such group differences and there-

fore have translational potential? 

The translational potential is strongly validated. Subgroup‑stratified 

graph inferences, especially Geff, Sw, and Mod, enable reliable discrimination 

between CBP, CP_O, and HC, even across EO and EC states, confirming their 

value as trait‑like biomarkers for pain subtype stratification. 

Machine learning models using GNIs achieved excellent performance, 

with a top model combining EO and EC features achieving an AUC-ROC of 
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0.91 and 80% accuracy. This demonstrates that these network-based bi-

omarkers hold significant promise for developing objective diagnostic tools for 

chronic pain. 

In summary, this study identified a distinct, maladaptive signature of 

chronic pain, subtype‑specific to CBP, marked by a pervasive shift towards a 

disorganised, hyper-integrated, yet less efficient brain architecture. This core 

dysfunction was consistent across both EO and EC resting-states, reflecting a 

stable trait‑like marker rather than a state‑dependent fluctuation, but was com-

pounded by state-dependent failures, particularly a breakdown in Default net-

work regulation during EC. The translational promise of these findings was ce-

mented by a diagnostic model that achieved an AUC-ROC of 0.91 in classifying 

patients and controls, providing a robust, network-based tool for objective 

chronic pain diagnosis. The novel finding of this study is the identification of a 

core maladaptive network signature in CP, compounded by state-specific 

dysregulation, which forms a viable basis for objective diagnosis. The novel 

finding of this study is the identification of a core maladaptive network signature 

specific to CBP, distinct from other chronic pain subtypes and compounded by 

state‑specific dysregulation, which forms a viable basis for objective, sub-

type‑stratified diagnosis. 

6.2. Consistent network biomarkers across pain 

conditions 

Across all three studies, GNIs demonstrated consistent and reliable pat-

terns, underscoring their potential as robust EEG-based biomarkers for pain-

related brain dynamics. As summarised in Table 6.1, distinct GNI signatures 



272 

 

 

 

emerged consistently within each study, revealing a continuum of network dys-

function from tonic experimental pain to chronic clinical pain. 

Notably, this continuum is further refined by pain chronicity and clinical 

subtype: adaptive network shifts in experimental tonic pain progress to mala-

daptive, subtype‑specific persistence in chronic pain, with CBP exhibiting the 

most profound global network reorganisation.
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Table 6.1. Significant GNIs shown across studies in all graphs. 

Study data type Graph Gcc Geff Sw Mod 

Study 1 tonic pain 

sensor Hot < Warm: both Hot > Warm: Abs  Hot < Warm: Abs 

source Hot < Warm: Rel Hot > Warm: Abs Hot < Warm: both  

intra-SomMot Hot < Warm: both    

inter-network Hot > Warm: Abs Hot > Warm: Abs   

Study 2 resting EO 

sensor Post > Pre: Rel   Post > Pre: Rel Post < Pre: Rel 

source         

intra-Default       Post < Pre: Abs 

inter-network         

Study 2 resting EC 

sensor Post > Pre: Abs Post < Pre: Abs Post > Pre: Abs Post < Pre: Abs 

source     

intra-Default     

inter-network     

Study 3 paired-EO 

sensor   CP > HC: both CP < HC: both   

source         

intra-Default   CP > HC: Rel     

inter-network         

Study 3 paired-EC 

sensor  CP > HC: both CP < HC: both CP < HC: Rel 

source     

intra-Default  CP < HC: Rel   

inter-network     

Study 3 single 

sensor CP < HC CP > HC CP < HC CP < HC 

source         

intra-Default         

inter-network         
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Note. Significant GNI patterns across Study 1 (tonic pain), Study 2 (post-stimulation rest), and Study 3 (chronic pain). GNIs, global 

network inferences; EO, eyes-open; EC, eyes-closed; Abs, absolute comparison; Rel, relative comparison; HC, healthy control group; 

CP, chronic pain patient group; Gcc, global clustering coefficients; Geff, global efficiency; Sw, small-worldness; Mod, modularity. 
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In Study 1 (tonic pain), GNIs revealed a characteristic pattern of in-

creased global integration and decreased segregation during pain. Study 2 

(post-stimulation rest) showed that sensory stimulation consistently induced in-

creased functional segregation and small-worldness across different resting-

states. Most notably, Study 3 (chronic pain) identified a stable maladaptive sig-

nature in patients, specifically the CBP subgroup, characterised by consistently 

increased global integration and decreased small-worldness across both eye 

states and analysis methods.  

Crucially, these GNI patterns yield a direct bridge between experimental 

and clinical pain biomarkers. The consistent observation of increased integra-

tion (Geff), and reduced small-worldness (Sw) in both the tonic pain of healthy 

participants (Study 1) and the spontaneous brain state of CBP patients (Study 

3) suggests a fundamental shared mechanism of disrupted network balance 

(Kastrati et al., 2022; Zheng et al., 2020). This pattern indicates a brain state 

overly biased towards global, diffuse information processing at the expense of 

specialised, efficient modular organisation. This contrasts sharply with the 

adaptive response seen in healthy post-stimulation rest (Study 2), which 

showed increased segregation and small-worldness, indicating a flexible return 

to an optimal network architecture (Arami & Komaki, 2022).. 

The superior classification performance achieved using these measures 

further validates GNIs as generalisable biomarkers capable of identifying: 1) 

intra-subject pain states, 2) stimulation-induced neuroplasticity, and 3) inter-

subject chronic pain conditions. 
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The clinical relevance of GNIs is further enhanced by their modulation 

by psychological traits in Study 1. Pain catastrophising amplified network seg-

regation and integration during pain, while anxiety reduced these measures 

during innocuous stimulation, revealing clinically meaningful individual differ-

ences in pain processing. 

In summary, GNIs demonstrate significant translational value, providing 

a quantifiable bridge connecting evoked pain states with spontaneous clinical 

pain conditions. They also enable stratification of clinically distinct chronic pain 

subtypes, resolving long‑standing heterogeneity in pain neuroscience research. 

Critically, these GNI signatures were extractable across multiple contexts: dur-

ing sensory stimulation, in pre-/post-stimulation resting-states, and in chronic 

pain populations, demonstrating their broad applicability for understanding 

pain-related brain reorganisation from a network neuroscience perspective. The 

novel contribution of this synthesis is the establishment of GNIs as a consistent, 

translatable metric that bridges distinct pain paradigms, from evoked states to 

spontaneous clinical conditions and enables objective subtyping of chronic pain. 

6.2.1. Alpha-band oscillations in pain: from network mechanisms 

to biomarkers 

Across all three studies, our findings demonstrate that large-scale brain 

reorganisation in both tonic and chronic pain conditions can be reliably captured 

through GNIs derived from alpha-band oscillatory activity measured using 

phase-based functional connectivity. These results align with the broader liter-

ature emphasising the central role of alpha dynamics in shaping cortical 
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network communication (Apkarian et al., 2011; Bak et al., 2021; Baliki & Ap-

karian, 2015). 

Alpha-band oscillations are widely understood as a network-level gating 

mechanism regulating the flow of neural information. This gating may operate 

through two complementary processes. At the large-scale network level, alpha-

phase synchronisation modulates information transfer between distant cortical 

nodes (Palva & Palva, 2007), whereas locally, fluctuations in alpha amplitude 

influence neuronal excitability and sensory gain control (Romei et al., 2008). As 

a fundamental thalamocortical rhythm (Lőrincz et al., 2009), alpha oscillations 

are thought to gate sensory input during early processing stages; for instance, 

alpha-band event-related desynchronisation (ERD) during tonic pain reflects 

selective filtering of incoming nociceptive information and suppression of irrel-

evant sensory input (Jensen & Mazaheri, 2010; Peng et al., 2015). 

Beyond sensory gating, alpha oscillations also play a key role in higher-

order, pulvino-cortical networks involved in top-down cognitive control. These 

networks support long-range synchronisation between cortical areas, facilitat-

ing attentional allocation, expectation, and cognitive modulation of sensation 

(Klimesch, 2012; Saalmann et al., 2012). This duality is consistent with hierar-

chical predictive processing frameworks, in which lower-frequency oscillations 

(alpha/beta) carry predictive feedback signals, while higher-frequency gamma 

oscillations relay feedforward prediction errors (Bastos et al., 2012). 

The communication-through-coherence (CTC) theory (Fries, 2005, 

2015) offers a compelling explanation for how alpha-phase alignment enables 

flexible coordination among neural populations, supporting stable long-range 
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communication channels. Recent findings, however, suggest that macroscale 

alpha coherence may not require synchronous excitatory spiking; rather, it may 

emerge from coordinated inhibitory activity in GABAergic interneuron circuits 

(Pesaran et al., 2018; Schneider et al., 2021). 

Our results strongly position alpha-band functional connectivity as a bi-

omarker of pain-related network dynamics. They further establish alpha‑band 

GNIs as sensitive tools for discerning pathophysiologically distinct chronic pain 

subtypes, beyond simple case–control discrimination. They are consistent with 

evidence from recent large-scale analyses showing that phase-based alpha 

connectivity captures network-level reorganisation that cannot be inferred from 

activation magnitudes alone (Bott et al., 2025). Moreover, empirical interven-

tions manipulating alpha-phase synchrony using neurostimulation techniques 

(Ahn et al., 2019; X. Li et al., 2025; Peng et al., 2023), underscore the causal 

relevance of alpha-mediated communication pathways. 

Finally, insights from network-informed neuromodulation strategies in 

other neurological disorders, particularly those involving large-scale network 

disruption, provide a conceptual foundation for future pain interventions. Devel-

opments in state-dependent stimulation, multifocal and subcortical targeting, 

individualised electric-field modelling, and accelerated modulation protocols 

(Rektorová et al., 2025), highlight the translational potential of our findings. By 

identifying subtype‑specific maladaptive alpha-band network signatures 

through GNIs in chronic pain, our work opens promising avenues for next-gen-

eration neuromodulation treatments aimed at restoring healthy brain network 

organisation in pain management. 
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6.3. Methodological considerations 

6.3.1. Analytical approach in comparison methods 

Our analysis revealed that the choice between absolute and relative 

comparison methods significantly influenced the detection of connectivity pat-

terns, network inferences, and subsequent machine learning performance 

across all three studies. 

Connectivity Patterns: At the group level, source-space and intra-net-

work graphs demonstrated greater similarity between comparison methods 

than sensor-space graphs across all studies. While distinctive patterns 

emerged in sensor-space analyses, particularly in the EO condition of Study 2, 

condition contrasts consistently aligned between comparison methods. This 

consistency demonstrates the robustness of identified condition effects and un-

derscores the complementary value of employing both approaches for compre-

hensive brain network characterisation. Notably, relative comparisons tended 

to emphasise inter-hemispheric and posterior connectivity, while absolute com-

parisons proved more sensitive for capturing time effects, especially in EC con-

ditions in Default network of Study 2. 

Network Inferences: We consistently observed main effects of compar-

ison methods across analyses, with the most frequent significant GNI differ-

ences appearing in sensor space. Mixed results emerged, with both methods 

showing unique advantages. In group comparisons, relative comparisons ex-

clusively revealed certain differences, particularly nuanced findings such as the 

eye-state-dependent dysregulation of the Default network in chronic pain 
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patients. This highlights a critical methodological insight: baseline resting-state 

normalisation in relative comparisons reduces inter-subject variability in intrin-

sic connectivity, thereby unmasking condition-specific network reorganisation 

that may be obscured in absolute comparisons. 

Classification Performance: Comparative analysis revealed context-

dependent advantages for each method. In tonic pain, absolute comparisons 

demonstrated superior classification performance, suggesting stronger poten-

tial as translational biomarkers due to their direct association with general neu-

rophysiological states. For pre- and post-stimulation states, a hybrid approach 

proved most effective: combining methods enhanced predictive power in EO 

conditions, while EC conditions relied entirely on absolute comparisons. In 

chronic pain classification, relative comparisons excelled for EO states, while 

EC conditions benefited most from method integration. 

These findings support a strategic application framework: relative com-

parisons excel for mechanistic investigations where normalisation reduces in-

ter-subject variability, particularly in EO conditions and for understanding spe-

cific network interactions. Conversely, absolute comparisons show stronger 

performance for biomarker discovery and diagnostic applications, especially in 

EC conditions. The integration of both methods, combined with multimodal 

(EO+EC) data collection, represents the most powerful approach for compre-

hensive pain state classification, achieving excellent performance (AUC-ROC 

up to 0.91) that bridges experimental and clinical pain domains. 
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6.3.2. Multimodal assessment: open and closed eye states 

Our analyses indicate that while eye-state significantly modulates func-

tional connectivity patterns, fundamental signatures of pain processing main-

tain consistency across both EO and EC conditions. This consistency manifests 

in both intra-subject responses to stimulation and inter-subject chronic pain 

conditions, affirming the robustness of GNIs as biomarkers of pain-related brain 

reorganisation. Furthermore, the stability of CBP‑specific network abnormalities 

across EO and EC confirms their status as trait‑like markers rather than 

state‑dependent fluctuations. 

Intra-subject responses: Both EO and EC conditions exhibited in-

creased functional segregation and small-worldness following sensory stimula-

tion, though distinct reconfiguration patterns emerged. EO conditions demon-

strated a transition from Salience/Ventral Attention network-driven integration 

to Somato-Motor-Visual dual-hub segregation, indicating enhanced specialised 

sensory processing (Costumero et al., 2020; J. Han et al., 2023; Lou et al., 

2024). Conversely, EC conditions shifted from broad multi-network integration 

to focused Salience/Ventral Attention network dominance, suggesting consoli-

dation toward internally-directed processing (Agcaoglu et al., 2019; Costumero 

et al., 2020; J. Han et al., 2023). 

Inter-Subject Responses: In chronic pain populations, both EO and EC 

conditions revealed consistent maladaptive reorganisation characterised by in-

creased integration, and diminished small-worldness and modularity. This pro-

file is exclusive to CBP; CP_O patients show no such global changes, preserv-

ing network architecture near HC levels. This persistent profile indicates a fun-

damental shift toward less optimised brain architecture, aligning with 
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thalamocortical dysrhythmia models (Hughes & Crunelli, 2005; Llinás et al., 

2005; Suffczynski et al., 2001; Tu et al., 2020). EO conditions proved more 

reliable for characterising specific network communication mechanisms, while 

EC conditions revealed state-specific dysfunctions in Default network regulation. 

Classification Performance: For intra-subject classification, combining 

both eye states yielded superior discriminative power, with peak performance 

(AUC-ROC = 0.88, 81% accuracy) achieved through integrated EO-EC fea-

tures under absolute comparison. Enhanced performance with added intra-net-

work features confirms that both global and network-specific connectivity con-

tribute to accurate brain state discrimination. For inter-subject classification in 

chronic pain, optimal performance (AUC-ROC = 0.91, 80% accuracy) was 

achieved either by combining GNIs from both EO and EC conditions (absolute 

comparison) or by integrating both comparison methods for EC conditions 

alone. 

These findings support a strategic methodological approach of EO con-

ditions appear optimal for mechanistic investigations of network interactions, 

while combined EO-EC protocols enhance diagnostic classification. Multimodal 

EO+EC data collection is particularly critical for reliable chronic pain subtyping, 

as it strengthens the reproducibility of subtype‑specific network signatures. The 

consistent GNI patterns across eye states validate their utility as stable bi-

omarkers, with absolute comparisons demonstrating particular strength for 

translational applications. Future research should leverage multimodal eye-

state protocols to maximise both mechanistic understanding and diagnostic 

precision in pain conditions. 
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6.4. Limitations and future directions 

Before presenting the specific limitations and future research avenues, 

it is important to acknowledge that the current study, while offering novel in-

sights into pain-related network reorganisation, is not without methodological 

and analytical constraints. These limitations do not undermine the principal find-

ings but instead highlight areas where further refinement, validation, and meth-

odological expansion are required. By outlining these considerations, we aim to 

provide a balanced interpretation of our results and to clarify the conceptual and 

practical foundations for subsequent research in this field. 

6.4.1. Limitations of EEG source-level results and multi-modal val-

idation 

A key limitation of the present study concerns EEG-derived source-level 

analyses, which are constrained by the inherently low spatial resolution of the 

EEG modality. EEG signals undergo volume conduction (Schoffelen & Gross, 

2009) and spatial smearing (Dominguez et al., 2007) across the scalp, resulting 

in uncertainty in source localisation and reduced precision when mapping func-

tional connectivity to discrete cortical and subcortical regions. This spatial blur-

ring compromises the interpretability of source-level network nodes and edges, 

as neighbouring neural sources may be conflated or mislocalised, thereby 

weakening the anatomical specificity of the observed network effects, where it 

is often referred to as signal leakage (Lai et al., 2018).  

To mitigate this limitation and strengthen the anatomical validity of EEG-

based network biomarkers, future research should undertake direct cross-

modal comparisons between EEG source-level findings and fMRI functional 
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connectivity data within the same cohort of pain patients. fMRI provides high 

spatial resolution and precise localisation of deep brain structures, enabling val-

idation, refinement and anatomical anchoring of EEG source-level network re-

sults (Nguyen et al., 2016). Moreover, simultaneous EEG-fMRI acquisition per-

mits complementary analysis of temporal dynamics (captured by EEG) and 

spatial precision (afforded by fMRI), allowing a more comprehensive character-

isation of pain-associated network dysfunction and validating the generalisabil-

ity of EEG-derived network biomarkers across imaging modalities (Warbrick, 

2022). 

6.4.2. Specificity of alpha oscillations 

A further notable limitation lies in the limited specificity of alpha oscilla-

tions as a pain-selective biomarker, given that alpha-band activity is modulated 

by a wide range of cognitive, attentional and sensory processes unrelated to 

pain. Alpha oscillations are suppressed by sustained attention (Klimesch, 2012), 

visual engagement (Peylo et al., 2021), working memory (Wianda & Ross, 2019) 

and motor preparation (Deiber et al., 2012), whilst being enhanced during re-

laxed wakefulness (Kalauzi et al., 2012), mind wandering (Compton et al., 

2019) and sensory suppression (Foxe & Snyder, 2011). Such non-specificity 

implies that the alpha-band network alterations observed here may partly reflect 

general cognitive or attentional differences between groups, rather than arising 

exclusively from pain-related neural processing (Sadaghiani & Kleinschmidt, 

2016). Although the study adopted resting-state recordings to minimise task-

related confounding factors, residual fluctuations in arousal, attentional alloca-

tion and internal cognitive processing may still drive alpha-band variability, 
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hindering definitive attribution of observed effects to pain pathophysiology (Ap-

karian et al., 2011; Bak et al., 2021; Baliki & Apkarian, 2015). 

Future work should improve the specificity of alpha-band pain bi-

omarkers by integrating alpha-band analyses with other spectral markers (e.g., 

theta, beta, gamma), which are also implicated in nociceptive processing (J. A. 

Kim & Davis, 2021). By integrating these multiple frequency bands into a unified 

analytical framework, the diagnostic specificity of the resulting biomarker panel 

can be further enhanced. Beyond boosting specificity, this multi-band approach 

also serves a critical purpose: it helps mitigate confounding influences driven 

by non-pain-related cognitive variability, which has previously complicated the 

interpretation of alpha-band findings in pain research. 

6.4.3. Statistical limitations in functional connectivity 

The primary limitation of this research concerns the statistical robustness 

of our connectivity findings. Our inference on the connectivity patterns is pri-

marily drawn from thresholded graphs (t-graphs), with only a limited number of 

significant probability-based graphs (p-graphs). This scarcity of statistically sig-

nificant connectivity graphs following multiple comparisons correction con-

strains the strength of our network-level interpretations. This limitation is partic-

ularly relevant for subgroup analyses, where smaller sample sizes may reduce 

statistical power. Future studies should address this limitation through larger 

sample sizes and multi-dataset validation to enhance statistical power and im-

prove the detection of reproducible network alterations across chronic pain sub-

types. 
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6.4.4. Potential overfitting in classification model 

Our feature selection approach warrants careful consideration regarding 

potential overfitting. While our theory-driven inclusion of all GNI features was 

designed to test their collective biomarker potential, the performance improve-

ments observed with additional features may reflect overfitting rather than in-

herent predictive power. The current study did not implement formal feature 

selection techniques, which means that the enhanced classification perfor-

mance with combined comparison methods or eye states could be artificially 

inflated. Crucially, the improved classification performance observed when 

merging data from EO and EC conditions to integrate complementary infor-

mation may also arise from overfitting to the training dataset, rather than a gen-

uine gain in biomarker generalisability. 

Future work should incorporate rigorous feature selection methods such 

as Kullback-Leibler Divergence analysis to distinguish genuinely informative 

features from redundant ones. This is especially important for translating sub-

type‑specific biomarkers into clinically feasible diagnostic tools. 

6.4.5. External validation of pain biomarkers 

While the current study shows strong classification performance for 

GNI‑based biomarkers in the analysed sample, external validation in fully inde-

pendent cohorts is essential to confirm clinical applicability and generalisability. 

All chronic pain findings derive from a single dataset; biomarker performance 

may decline in populations with differing demographics, pain comorbidities or 

medications. Without external replication, these biomarkers lack robustness for 
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routine clinical translation, as sensitivity and specificity may not extend beyond 

the original setting. 

The current work identifies a consistent, core maladaptive network sig-

nature in chronic pain, while also uncovering clinically meaningful heterogeneity 

across chronic pain subtypes. Accordingly, external validation must examine 

two key points: first, whether the identified network profiles can be reliably 

mapped to distinct chronic pain subtypes; second, whether the core GNI signa-

tures maintain stability across different pain subtypes and testing conditions. 

Future research should prioritise prospective external validation across 

multiple independent research centres and diverse clinical environments (Bott 

et al., 2025). Participant recruitment should cover well‑defined chronic pain sub-

types, demographically matched healthy controls, and clinical control groups 

with other neurological or psychiatric disorders to ensure discriminant validity. 

Evaluating biomarker performance in large‑scale, multicentre cohorts will help 

confirm the phenotypic stability of network signatures, refine optimal diagnostic 

cut‑off thresholds, and establish normative reference ranges necessary for for-

mal clinical implementation (Ahmad & Barkana, 2025; L. B. Zhang et al., 2024). 

Furthermore, longitudinal validation is essential to determine whether these bi-

omarkers can dynamically track fluctuations in pain severity, predict individual 

treatment responsiveness, and monitor disease progression over time (Semi-

nowicz et al., 2020). These steps are critical to translating resting‑state 

EEG‑derived global network metrics into clinically actionable tools that support 

objective stratification, targeted neuromodulation, and personalised manage-

ment strategies for chronic pain. 
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6.4.6. Future directions 

While our findings establish a foundational model of pain-related network 

dynamics, several important directions emerge for future investigation that di-

rectly address all aforementioned limitations and consolidate methodological, 

analytical, and clinical progress. Future studies should first develop compre-

hensive multi-modal analytical frameworks integrating simultaneous EEG-fMRI 

to resolve EEG source localisation uncertainty and signal leakage, moving be-

yond exclusive alpha-band focus to incorporate theta, beta, and gamma oscil-

lations within a unified multi-band spectral model that reduces non-pain cogni-

tive confounders and enhances biomarker specificity.  

To address the statistical power limitation associated with the fibromyal-

gia subgroup is a top priority. Future research should recruit a larger and more 

representative cohort of fibromyalgia patients to rigorously examine whether 

the observed network signature is specific to CBP or whether distinct topologi-

cal patterns emerge in fibromyalgia when analysed with an adequate sample 

size. This step will resolve current ambiguities regarding subtype-specific net-

work profiles and improve the generalisability of findings across the full spec-

trum of chronic pain phenotypes. 

To strengthen statistical robustness of functional connectivity results, fu-

ture work must adopt larger sample sizes, multi-dataset replication, and im-

proved multiple-comparison procedures, especially for chronic pain subgroup 

analyses. For classification modelling, rigorous feature selection methods 

should be implemented to eliminate overfitting, isolate predictive GNI features, 

and support clinical translation of subtype-specific biomarkers. 
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External and longitudinal validation stands as a central priority: future 

research must conduct prospective, multi-centre validation across independent 

cohorts, diverse clinical settings, and clinical control groups to verify the gener-

alisability, discriminant validity, and phenotypic stability of GNI network signa-

tures; longitudinal designs will clarify whether these biomarkers track pain se-

verity, predict treatment response, and monitor disease progression, enabling 

clinically actionable stratification, targeted neuromodulation, and personalised 

chronic pain care. 

Moreover, since we have already found that psychological traits modu-

late GNIs in distinct, clinically relevant ways in the tonic pain study, future stud-

ies will also need to systematically explore the corresponding pain-related psy-

chological traits across well‑defined chronic pain subtypes for a better under-

standing of inter-subject variability in pain processing. This is essential for build-

ing a more sensitive, specific, and generalisable biomarker to support person-

alised therapeutic interventions. Translational research will link subtype-spe-

cific network signatures to targeted neuromodulation and intervention strategies, 

bridging network neuroscience and clinical practice. 

Translating these findings to clinical applications requires further valida-

tion, including large-scale, multi-centre studies accounting for real-world com-

plexities (e.g., co-morbidities, medication effects, pain duration differences). 

Priority should go to prospective cohort studies validating GNI-based subtyping 

for predicting treatment outcomes, alongside developing practical real-time pain 

assessment tools. Additionally, integrating network-based biomarkers with 

emerging interventions, exploring how identified subtype-specific signatures 
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guide neuromodulation or predict treatment responsiveness, will be key to de-

livering biologically informed, individualised pain therapies. 

6.5. Conclusion and research contributions 

This research programme offers compelling evidence for robust and re-

current network-level signatures across pain states, characterised by distinct 

patterns of functional segregation and integration. Our findings demonstrate 

that experimental tonic pain leads to decreased segregation and increased in-

tegration, while sensory stimulation elicits a reconfiguration towards greater 

segregation and enhanced small-worldness during subsequent rest. Most no-

tably, chronic back pain patients exhibit a unique maladaptive signature of in-

creased integration, and diminished small-worldness that remains evident 

across eye states. 

Critically, we identified a fundamental progression in network organisa-

tion across pain conditions: from the adaptive reconfiguration following tonic 

stimulation to the subtype‑specific maladaptive persistence observed in chronic 

pain. This progression provides a network-based framework for understanding 

pain chronification, with GNIs serving as potential biomarkers for monitoring 

this transition and stratifying distinct chronic pain subtypes. Caution is war-

ranted in generalisation, as the limited number of fibromyalgia patients included 

means we cannot exclude divergent topological profiles emerging with a larger, 

more representative fibromyalgia cohort in future research. 

This work demonstrates strong translational potential, as evidenced by 

outstanding classification performance across diverse pain conditions: our 

models achieved AUC-ROC = 0.94 for distinguishing tonic noxious from 
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innocuous stimulation, an AUC-ROC = 0.88 for differentiating pre- and post-

stimulation states, and an AUC-ROC = 0.91 for classifying chronic pain patients 

versus healthy controls. This robust performance across multiple pain para-

digms validates the clinical potential of network-based biomarkers. 

Our methodological advances in comparison strategies and eye-state 

protocols provide a solid foundation for future pain neuroscience research, 

while the consistent GNI patterns observed across both experimental and clin-

ical pain conditions establish a foundation for developing objective diagnostic 

tools and personalised therapeutic interventions. Crucially, these maladaptive 

network signatures are uniquely specific to CBP, underscoring the biological 

uniqueness of CBP-related neuroplasticity and the necessity of subgroup strat-

ification in clinical research. 

The novel contribution of this thesis is the identification of a fundamental, 

progressive reconfiguration in brain network organisation, from adaptive 

changes following tonic stimulation to subtype‑specific maladaptive persistence 

in chronic pain, thereby establishing a network-based framework for under-

standing pain chronification and clinical heterogeneity. This framework is sup-

ported by validated EEG-derived alpha-band global network biomarkers with 

strong translational potential for stratified, objective diagnosis, personalised 

treatment and targeted neuromodulation. 
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