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 A B S T R A C T

Disorders of consciousness following anoxic brain injury present profound clinical and scientific 
challenges, with current diagnostic methods often failing to capture underlying neuronal 
network pathophysiology. Here, we develop a novel multiscale framework combining global, 
macro-, and local-level network analyses to characterize functional connectivity alterations 
in vegetative (VS) and minimally conscious states (MCS) in patients with anoxic brain dam-
age/ after anoxic brain damage. While global network architecture remained preserved, 
macro-level analyses revealed selective disruptions in the cingulate operculum and ventral 
attention networks, with opposing centrality patterns suggesting network-specific reorganiza-
tion. Modified participation coefficients demonstrated widespread imbalances in integration–
segregation across large-scale networks, particularly affecting perception and salience systems. 
Network-based statistics identified a conserved triangular hypo-connectivity pattern (anterior 
cingulate-orbitofrontal-temporal) alongside state-specific hyperconnectivity profiles in VS and 
MCS patients compared to healthy controls. Our multigraph integration revealed asymmetric 
reorganization: VS patients exhibited extensive compensatory hyperconnectivity, while MCS 
showed predominant hypo-connectivity with partial VAN-mediated compensation. These find-
ings establish a hierarchical model of consciousness impairment, where core network disruptions 
interact with state-dependent compensatory mechanisms. The multiscale approach provides 
clinically actionable biomarkers while advancing theoretical understanding of neural correlates 
of consciousness, offering new avenues for targeted interventions.

1. Introduction

The development of objective neuroimaging-based diagnostic tools represents a crucial advancement for intensive care units 
managing patients with disorders of consciousness (DoC). Contemporary neuroscience conceptualizes consciousness as an emergent 
property of integrated brain network function [1–3], positioning advanced functional magnetic resonance imaging (fMRI) and 
diffusion tensor imaging (DTI) as particularly promising modalities for characterizing these complex conditions [4]. Traditional 
fMRI studies have focused on demonstrating preserved cortical responses to speech, visual stimuli, and cognitive tasks in minimally 
conscious state (MCS) patients, unlike vegetative state (VS) patients. However, there remains an urgent need for reliable biomarkers 
that can objectively differentiate clinical states, including chronic DoC, and predict recovery trajectories.
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Table 1
Demographic and clinical data of the patients included in this study.
 Patient id Diagnosis Age Sex CRS-R FOUR 
 1 VS 39 F 6 13  
 2 VS 49 F 5 6  
 3 VS 40 F 6 9  
 4 VS 32 M 4 7  
 5 VS 62 F 3 12  
 6 VS 44 F 1 3  
 7 VS 30 M 5 6  
 8 VS 51 M 3 9  
 9 VS 32 M 5 13  
 10 VS 39 M 5 11  
 11 VS 32 M 5 10  
 12 VS 22 F 6 9  
 13 VS 35 M 12 14  
 14 VS 34 F 4 9  
 15 VS 47 F 5 10  
 16 VS 58 M 6 10  
 17 VS 43 F 2 8  
 18 VS 39 F 9 13  
 19 MCS 40 M 7 9  
 20 MCS 47 M 11 13  
 21 MCS 37 M 8 14  
 22 MCS 32 M 9 10  
 23 MCS 64 M 11 13  
 24 MCS 39 F 12 13  
 25 MCS 39 F 10 15  

Recent paradigm shifts in consciousness research emphasize the importance of intrinsic functional network organization rather 
than isolated regional responses [5–7]. This systems-level perspective builds on evidence that consciousness depends on the 
dynamic integration of large-scale brain networks (LSNs), particularly those involved in sensory processing, attention, and self-
referential cognition [1,8]. The hierarchical organization of these networks along unimodal-transmodal gradients appears critical 
for maintaining conscious awareness [1], with disruptions to this architecture leading to characteristic impairments in DoC [4]. 
However, current network approaches often fail to capture the multiscale nature of consciousness-related network disruption, where 
global architecture may remain intact while critical subsystem interactions become impaired [3,9].

We hypothesize that chronic DoC arise from specific disruptions in LSN interactions that manifest across multiple spatial scales. 
This aligns with emerging frameworks that view consciousness impairment as a disturbance in the brain’s capacity to integrate 
information while maintaining functional diversity [2,4]. To test this, we developed a novel multiscale analytical framework that: (1) 
examines network organization at global, macro, and local levels, (2) introduces a modified participation coefficient that quantifies 
imbalances in network integration and segregation, and (3) integrates these findings through multigraph model to visualize how 
focal disruptions affect the entire system. This approach bridges an important gap between local-scale connectivity changes and 
their system-wide functional consequences.

Our work advances the field in three key dimensions. First, the methodological innovation of combining quantitative multiscale 
network metrics with qualitative multigraph modeling provides a new paradigm for studying complex neurological disorders. 
Second, the identification of specific network biomarkers of anoxic DoC offers clinically actionable targets for diagnosis and 
monitoring. Third, these findings contribute fundamental insights into the neural architecture of consciousness, revealing how 
hierarchical network disruption gives rise to different impairment states. By elucidating the network mechanisms underlying DoCs, 
this research moves us closer to precision medicine approaches for these challenging conditions.

2. Materials and methods

2.1. Subjects

The study involved 12 healthy control subjects (HC group, 8 female, age 42.1 ± 5.4) and 25 patients with anoxic (or toxic) 
brain injury in a vegetative state (VS group, 17 patients, 10 female, age 40.4 ± 7.8) or minimally conscious state (MCS group, 
8 patients, 3 female, age 42.2 ± 7.4). All patients were admitted to the Federal Research and Clinical Center for Intensive Care 
Medicine and Rehabilitology (Moscow, Russia) between 2022 and 2025. Clinical assessment of consciousness was performed using 
the FOUR (Full Outline of UnResponsiveness) score [10] and CRS-R (Coma Recovery Scale - Revised) score [11]. The lowest item 
on each subscale represents reflexive activity, while the highest item represents cognitively mediated behaviors by addressing to 
auditory, visual, motor, oromotor, communication, and arousal functions. More detailed information on demographic and clinical 
data of the patients is presented in Table  1. The groups show statistically significant difference in diagnostic scores but not in age 
(Mann–Whitney nonparametric test, 𝑢- and 𝑝-values are presented in Table  2).
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Table 2
Statistical differences between groups in age and diagnosis scores (CRS-R and FOUR).
 Groups\Measure u-value p-value u-value p-value u-value p-value 
 Age CRS-R FOUR  
 HC vs. VS 0.0212 0.9831 – – – –  
 HC vs. MCS −0.0847 0.9325 – – – –  
 VS vs. MCS −0.3654 0.7148 −3.2696 0.001 −2.2074 0.027  

The study adhered to the ethical principles established in the 1964 Helsinki Declaration and its subsequent revisions, with 
approval from the local Bioethical Committee of the Federal Research and Clinical Center for Intensive Care Medicine and 
Rehabilitology (Moscow, Russia). All healthy participants and patients’ relatives provided voluntary written informed consent, 
allowing for the publication of any potentially identifiable images or data included in this manuscript.

2.2. Data acquisition

Resting-state functional magnetic resonance imaging (fMRI) data were acquired using a 1.5 T Siemens Essenza scanner (Siemens, 
Ltd., Germany) equipped with an eight-channel head coil. Resting-state functional images were collected in 300 T2-weighted 
echoplanar imaging (EPI) volumes per run, with an in-plane resolution of 3.9 mm × 3.9 mm, 4.0-mm slice thickness, and 0.8-mm 
interslice gap. The EPI sequence had a repetition time (TR) of 3670 ms, an echo time (TE) of 70 ms, and a matrix size of 64 × 64. 
A high-resolution T1-weighted anatomical scan was also acquired for each participant, consisting of 192 slices with a voxel size of 
1 mm × 1 mm × 1 mm, a TR of 10 s, a TE of 4.76 ms, and an acquisition matrix of 256 × 256.

2.3. Preprocessing and reconstruction of brain functional network

The whole pipeline of the study is schematically represented in Fig.  1. The SPM statistical processing package [12] was utilized 
for data processing in MATLAB (version 2019b). Standard preprocessing procedures were employed to the fMRI data (Fig.  1, panel 
I), including motion correction, co-registration with the high-resolution T1 image, and normalization to the Montreal Neurological 
Institute (MNI) standard space [13–15].

Employing the AAL3 anatomical atlas [16], we parcellated the brain into 165 distinct areas. Then, the functional connectivity 
between all pairs of these areas was quantified with a connectivity matrix (Fig.  1, panel II). We obtained this matrix by averaging 
the BOLD time series within each of the 165 regions, treating each as a network node. Following detrending of these averaged time 
series, pairwise Pearson correlation coefficients were calculated across all nodes. This connectivity matrix effectively represents 
the functional brain network, illustrating the strength of coupling between different brain regions based on their BOLD signal 
correlations [17]. We then performed a p-value-based thresholding of the functional brain networks: we keep only significant 
connections that have a 𝑝-value in the Pearson correlation of less than 0.05 [18]. For the calculation of network measures, the 
values in the matrices were taken modulo.

2.4. Levels of network analysis

Our approach analyzes network interactions at three distinct levels:

• Global level: Interactions between subnetworks—large-scale networks (LSNs)—treated as single units or macronodes [19,20].
• Macro level: Interactions between subnetworks, accounting for both (i) intra-subnetwork node interactions and (ii) inter-
subnetwork node connections [21,22].

• Local level: Interactions between individual nodes within the original network.
We analyzed 12 subnetworks (see Table  3) from [23], encompassing all major LSNs. The global correlation matrix (12 × 12) 

was constructed using pairwise Pearson correlations between subnetworks, derived from their mean BOLD signals (averaged across 
constituent nodes — see Fig.  1, panels II and III).

At the macro level, correlation matrices captured node-wise interactions within and between subnetworks.

2.5. Network characteristics

2.5.1. Network measures
A number of network characteristics were calculated at the global level — for the network of subnetworks — as well as at the 

macro level — for each of the subnetworks. Specifically, the following measures were used [24].

• Clustering Coefficient: Quantifies local network cohesiveness by measuring the tendency of nodes to form tightly connected 
clusters. It reflects the density of connections among a node’s direct neighbors [25].

• Node Strength: The sum of connection weights attached to a node, indicating its total interaction magnitude within the 
network [26].
3 
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Fig. 1. Flowchart of the research.

• Global Efficiency: Represents the network’s capacity for efficient information transfer, calculated as the average inverse shortest 
path length between all node pairs. Higher values indicate greater integrative capacity [27].

• Eigenvector Centrality: Measures a node’s influence based on its connections to other highly central nodes. Computed from 
the dominant eigenvector of the adjacency matrix, it identifies key nodes in the network’s structural hierarchy [28].

Network measures were averaged over the corresponding nodes.

2.5.2. Modified participation coefficient
We employed a modified participation coefficient (PC) adapted for the case of a single network community (Fig.  1, panel V): 

𝑃𝑖 = 1 −
(

𝑤𝑖𝑠
𝑤𝑖

)2
, (1)

where 𝑃𝑖 represents the modified PC for node 𝑖, 𝑤𝑖𝑠 denotes the total connection weight between node 𝑖 and other nodes within 
its community, and 𝑤𝑖 is the node’s total strength (sum of all connection weights, both within and outside the community). 
This modified PC quantifies how peripheral a node is to its community, where values approaching 1 indicate connector nodes 
with predominantly external connections (gateway nodes), while values near 0 correspond to core nodes with primarily internal 
connections.
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Table 3
Considered large-scale networks (LSNs)/subnetworks.
Source: From [23].
 LSN Abbreviation Constituent brain regions (nodes)  
 Cingulate Operculum COper Anterior insula/Operculum, Dorsal anterior cingulate cortex, Thalamus  
 Context network Context Parahippocampal cortex, Retrosplenial cortex  
 Default Mode Network DMN Posterior cingulate cortex, Precuneus, Medial prefrontal cortex, Angular Gyrus 
 Dorsal Attention Network DAN Visual motion area, Frontal eye fields, Superior Parietal Lobule  
 Intraparietal Sulcus, Ventral premotor cortex  
 Perception Network perN Lateral Orbitofrontal, Ventromedial temporal, Temporal pole, Subgenual  
 Anterior cingulate cortices, Fusiform Gyrus, Rostral superior Temporal sulcus,  
 Ventrolateral Amygdala  
 Somatomotor Network Somatomotor S1, M1, Supplementary Motor Area (SMA), Thalamus  
 Striatum Striatum Caudate, Putamen, Ventral Striatum  
 Thalamus Thalamus Thalamic Nuclei, Subcortical regions  
 Ventral Attention Network VAN Bilateral Ventrolateral prefrontal cortex, Bilateral temporal–parietal junction  
 Visual network Visual Middle temporal visual association area at the temporal–occipital junction  
 Fronto-parietal Network FPN Intraparietal Sulcus, Ventral Inferior Temporal Lobe, Lateral prefrontal cortex  
 Salience Network SN Limbic and Prefrontal regions, Amygdala, Anterior Insula,  
 Dorsal anterior cingulate cortex, Ventral striatum  

To characterize whole communities, we computed the community-averaged PC: 

⟨𝑃 ⟩𝑘 = 1
|𝑘|

∑

𝑖∈𝑘

𝑃𝑖, (2)

where 𝑘 represents the set of nodes in community 𝑘 and |𝑘| is the community size. The averaged PC provides insights into 
community organization: low values (⟨𝑃 ⟩ → 0) indicate strongly segregated communities with predominantly internal connections, 
while high values (⟨𝑃 ⟩ → 1) suggest communities heavily dependent on external connections. A balanced community with equal 
internal and external connectivity would yield ⟨𝑃 ⟩ = 0.75.

In our macro level analysis, we treated the 12 predefined LSNs as distinct communities (𝑘 = 1,… , 12) and computed their 
averaged PCs separately. This modified approach addresses two critical limitations of the standard PC formulation [29]: (1) it 
eliminates ambiguity in defining PC for nodes shared between communities (common in LSNs), and (2) it provides a robust 
characterization of a community’s integrative (external connectivity) and segregative (internal connectivity) properties.

In the following, we will refer to the modified version of the PC as simply the participation coefficient or PC.

2.6. Statistical analysis

For local network-level comparisons, we applied the network-based statistic (NBS) method [30] to identify significantly altered 
subnetworks in the complete 165 × 165 connectivity matrix between groups (Fig.  1, panel IV). The analysis was performed with 
50,000 permutations using a primary threshold of 𝑡 = 3.5 (𝑝 = 0.05), providing robust control for multiple comparisons while 
maintaining sensitivity to detect connected patterns of altered connectivity.

At the global and macro levels, we compared network measures between groups using the Mann–Whitney U test. This 
nonparametric approach was chosen because it makes no assumptions about data normality and is robust to outliers. The test 
was applied to node-averaged values of each network metric to evaluate systematic between-group differences in network topology.

To account for multiple comparisons across subnetworks and network measures, we implemented Bonferroni correction. We 
applied the correction separately for each class of network measures (e.g., node strength, clustering coefficient) across all 12 
subnetworks, ensuring rigorous control of false positives while maintaining interpretability of results.

2.7. Multigraph representation of disrupted network interactions

We developed a multigraph model to visualize disrupted interactions between LSNs associated with consciousness disorders 
(Fig.  1, panel VI). The model was constructed by first defining macronodes as those LSNs that showed significant between-
group differences in participation coefficient values, highlighting networks with altered integration–segregation balance. We then 
incorporated significant between-group connections identified through NBS analysis of the complete 165 × 165 connectivity matrix, 
which included both inter-LSN connections (between the defined macronodes) and any additional connected LSNs needed to preserve 
network context. Intra-LSN disruptions within the defined macronodes were represented as self-referential loops to capture local 
network disturbances.

In this representation, edge thickness corresponds to the number of disrupted connections between LSN pairs, providing a 
quantitative visualization of connection alterations. The multigraph integrates information across scales by combining macroscale 
5 
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Table 4
Between-group comparisons of global-level network measures. Statistical tests were performed for the network of large-scale 
networks (LSNs), with no significant differences observed; comparisons shown for healthy controls (HC), vegetative state (VS), 
and minimally conscious state (MCS) groups.
 Measure u-value p-value u-value p-value u-value p-value 
 HC > VS HC > MCS MCS > VS  
 Global efficiency −0.3321 0.7398 −0.5015 0.6160 0.2039 0.8384  
 Eigenvector centrality 0.2879 0.7735 0.4243 0.6713 0.0001 0.9999  
 Node strength −0.5093 0.6105 0.1929 0.8471 −0.4953 0.6204  
 Clustering coefficient −0.4650 0.6419 0.2700 0.7871 −0.4953 0.6204  

Table 5
Between-group differences in eigenvector centrality at the macro level across predefined large-scale networks (LSNs) without 
Bonferroni correction. Comparisons shown for healthy controls (HC), vegetative state (VS), and minimally conscious state (MCS) 
groups.
 LSN u-value 𝑝-value u-value 𝑝-value u-value 𝑝-value 
 HC > VS HC > MCS MCS > VS  
 COper 1,794 0,073 2,276 0,023* −0,612 0,541  
 Context −0,864 0,388 −1,119 0,263 0,437 0,662  
 DMN −1,395 0,163 −1,659 0,097 0,845 0,398  
 DAN −1,174 0,241 −1,196 0,232 0,087 0,930  
 perN 0,376 0,707 0,964 0,335 −0,728 0,466  
 Somatomotor 1,749 0,080 1,890 0,059 −0,204 0,838  
 Striatum 1,041 0,298 0,887 0,375 −0,087 0,930  
 Thalamus 1,174 0,241 1,890 0,059 −0,554 0,580  
 VAN −2,148 0,032* −2,199 0,028* 0,728 0,466  
 Visual 1,351 0,177 1,504 0,132 −1,020 0,308  
 FPN −1,749 0,080 −1,119 0,263 −0,379 0,705  
 SN −1,085 0,278 −0,887 0,375 0,000 1,000  
* Significant effects.

PC changes (through node selection criteria) with mesoscale connectivity disruptions (through edge topology) and local network 
disturbances (through self-loops). This approach effectively captures how localized connection changes propagate to produce 
LSN-level alterations in integration–segregation balance, and how these changes manifest in the overall network organization. 
The resulting model provides a comprehensive framework for understanding the hierarchical nature of network disruptions in 
consciousness disorders, linking local connectivity changes to global network reorganization through identifiable intermediate 
LSN-level effects.

The multigraph representation offers several advantages for analyzing network disruptions in clinical populations. First, it 
maintains the quantitative nature of the underlying connectivity data while providing an intuitive visualization. Second, it reveals 
patterns of network disturbance that might be obscured when examining individual connections or network metrics in isolation. 
Finally, by combining results from complementary analysis approaches (PC and NBS), it provides a more complete picture of network 
dysfunction than either method could offer alone. This integrated visualization approach helps identify potential network hubs and 
pathways that may be particularly vulnerable in consciousness disorders, suggesting targets for further investigation and potential 
therapeutic intervention.

3. Results

Global-level analysis of the network organization revealed no significant differences in network measures between groups (Table 
4), indicating preserved global architecture for the network of LSNs across all subject groups.

At the macro level, eigenvector centrality showed significant (without Bonferroni correction) between-group differences in 
specific subnetworks. The cingulate operculum network demonstrated significant differences between healthy control (HC) group 
and minimally conscious state (MCS) patients and near-significant alterations between HC and vegetative state (VS) patients 
(𝑝 = 0.07), while the ventral attention network (VAN) exhibited significant differences in both HC-VS and HC-MCS comparisons 
(Table  5, Appendix). Notably, eigenvector centrality values were higher in healthy controls for the cingulate operculum network 
but lower in the VAN compared to patient groups (Fig.  2). No significant differences emerged between patient groups (VS vs. MCS). 
No significant effects were found for clustering coefficient and node strength (See Tables  7 and 8, Appendix).

These findings suggest selective alterations in intra-network connectivity patterns, particularly affecting the cingulate operculum 
and ventral attention networks, while preserving global network organization. The observed changes in eigenvector centrality 
indicate modified functional influence of key nodes within these specific subnetworks in patients with DoC.

Analysis of subnetwork-averaged participation coefficient (PC) revealed substantial between-group differences in multiple large-
scale networks (Table  6). Prior to multiple comparisons correction, we observed significant PC differences between HC group and VS 
patients in 8 of 12 subnetworks, and between HC and MCS patients in 5 subnetworks. Affected LSNs common to both comparisons 
included the context, perception, ventral attention, visual, and salience networks, with consistently higher PC values in patient 
groups relative to controls.
6 



S.A. Kurkin et al. Chaos, Solitons and Fractals: the interdisciplinary journal of Nonlinear Science, and Nonequilibrium and Complex Phenomena 200 (2025) 117008 
Fig. 2. Eigenvector centrality distributions in the ventral attention network (VAN) with boxplots across study groups (HC = healthy controls, VS = vegetative 
state, MCS = minimally conscious state).

Table 6
Between-group differences in participation coefficient at the macro level across predefined large-scale networks (LSNs); 𝑝𝐵 denotes 
the Bonferroni-corrected 𝑝-value, 𝑝𝐵 is not shown for the MCS vs. VS due to lack of significant effects.
 LSN u-value 𝑝-value 𝑝𝐵 -value u-value 𝑝-value 𝑝𝐵 -value u-value 𝑝-value 
 HC < VS HC < MCS MCS > VS  
 COper 0,191 0,849 1,000 0,000 1,000 1,000 −0,361 0,718  
 Context 3,832 0,000* 0,002** 1,967 0,049* 0,590 −1,528 0,127  
 DMN 0,910 0,363 1,000 0,193 0,847 1,000 −0,806 0,420  
 DAN 1,969 0,049* 0,588 0,579 0,563 1,000 −0,028 0,978  
 perN 3,578 0,000* 0,004** 3,279 0,001* 0,013** 0,306 0,760  
 Somatomotor 1,969 0,049* 0,588 1,659 0,097 1,000 0,306 0,760  
 Striatum 1,376 0,169 1,000 0,810 0,418 1,000 −0,139 0,890  
 Thalamus 1,080 0,280 1,000 1,042 0,298 1,000 0,361 0,718  
 VAN 2,604 0,009* 0,111 2,893 0,004* 0,046** 0,306 0,760  
 Visual 2,392 0,017* 0,201 2,199 0,028* 0,335 0,639 0,523  
 FPN 2,858 0,004* 0,050** 1,582 0,114 1,000 0,000 1,000  
 SN 2,858 0,004* 0,050** 2,585 0,010* 0,117 0,000 1,000  
* Significant effects.
** Bonferroni-corrected.
significant effects.

After applying Bonferroni correction for 12 comparisons, several networks maintained significant between-group differences. The 
HC-VS comparison showed altered PC in context, perception, fronto-parietal, and salience networks, while the HC-MCS comparison 
revealed differences in perception and ventral attention networks. Notably, the perception network exhibited consistent PC changes 
across both patient groups (Fig.  3), suggesting its potential role as a universal marker of consciousness impairment. No significant 
differences emerged between VS and MCS patient groups.

At the local level, the NBS analysis identified significant alterations in functional connectivity specific to DoC (Fig.  4). A 
particularly robust finding was the consistent pattern of reduced connectivity in patient groups (both VS and MCS) relative to HC, 
forming a triangular network involving three key regions: the anterior cingulate cortex (ACC), medial orbitofrontal/rectus regions, 
and inferior temporal cortex. This conserved hypo-connectivity pattern suggests a fundamental network disruption associated with 
impaired consciousness.

In contrast, patterns of increased connectivity (VS > HC and MCS > HC) displayed markedly different configurations with minimal 
overlap between patient groups. This directional specificity reveals that while reduced connectivity patterns are largely conserved 
across consciousness disorder states, increased connectivity patterns are state-dependent and differ substantially between VS and 
MCS. The distinct triangular ACC-orbitofrontal-temporal network emerges as a consistent marker of consciousness impairment, 
whereas hyper-connectivity patterns appear more variable and condition-specific.

These results demonstrate that DoC involve both shared network deficits and state-dependent connectivity alterations. The 
findings point to a complex reorganization of functional networks that reflects both core impairments common across consciousness 
disorders and adaptive or maladaptive changes specific to different levels of impairment severity.
7 
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Fig. 3. Participation coefficient distributions in the perception network (perN) with boxplots across study groups (HC = healthy controls, VS = vegetative state, 
MCS = minimally conscious state).

Using our established multigraph framework (Section 2.7), we constructed comprehensive models integrating both significant 
differences in large-scale network participation coefficients and altered functional connections between HC and patient groups (Fig. 
5). The models revealed several important findings regarding network disruption patterns. A consistent subnetwork involving the 
ventral attention network (VAN), salience network (SN), perception network (PerN), and striatum appeared in both comparison 
directions (HC > patients and HC < patients), with the exception of MCS > HC which only involved VAN and SN. This core network 
configuration suggests these regions play a fundamental role in consciousness disorders.

We observed notable asymmetries in network involvement between patient groups. Vegetative state patients (VS) showed more 
extensive alterations when compared to controls (8 macronodes in VS > HC versus 4 in HC > VS). The pattern reversed for minimally 
conscious patients (MCS), where controls showed greater network differences (9 macronodes in HC > MCS versus 5 in MCS > HC). 
These directional differences in network reorganization imply distinct pathological mechanisms underlying different consciousness 
impairment states.

The most prominent differences emerged in inter-network connectivity. For VS patients, the strongest hyperactivated connections 
(VS > HC) involved: (1) salience network (SN) interactions with ventral attention network (VAN), cingulate operculum (COper), 
context network, and default mode network (DMN) and (2) context-striatum pathways. In MCS patients, we observed distinct 
patterns: hyperactivated MCS > HC connections involved VAN-COper and VAN-thalamus pathways, while hypoactivated MCS <
HC connections included PerN links with striatum, visual network, and SN, plus VAN-SN and VAN-striatum connections. Notably, 
intra-network alterations appeared exclusively in the PerN (MCS < HC), suggesting specific internal disconnection in this network 
for MCS patients.

These findings demonstrate two fundamental aspects of consciousness impairment: (i) a consistently affected core network (VAN, 
SN, PerN, striatum) across all comparisons, and (ii) state-dependent patterns of network disruption that differ between vegetative 
and minimally conscious states, potentially reflecting different compensatory mechanisms or pathological processes.

Thus, the multigraph models collectively reveal:

• A hierarchical pattern of network disruption, from conserved inter-network alterations to state-specific connectivity changes.
• Potential markers distinguishing VS from MCS based on their characteristic connectivity signatures.
• Differential vulnerability of network subsystems, with perception networks showing particular sensitivity in MCS.

4. Discussion

Our multiscale network analysis revealed distinct patterns of disruption across different degrees of consciousness impairment.

4.1. Global and macro level disruptions in disorders of consciousness

At the global level, the overall architecture of LSNs interaction, characterized by averaged network measures, remained intact 
across both groups.

However, macro level analysis uncovered selective intra-network alterations in specific subnetworks, particularly showing altered 
eigenvector centrality in the cingulate operculum and ventral attention networks (VAN). These changes manifested as increased 
centrality in the HC group for the cingulate operculum but decreased centrality for the VAN compared to the patient groups, 
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Fig. 4. Connectograms displaying significantly different functional connections identified by network-based statistics (NBS) for (i) HC versus VS and (ii) HC 
versus MCS comparisons. Node color represents the degree of connectivity alterations, scaled by the number of significantly different connections per node.

indicating network-specific reorganization patterns. The increased centrality of the cingulate operculum in healthy controls suggests 
this region normally serves as a crucial hub for integrating information across networks involved in conscious awareness [31]. As 
part of the salience network [32], its reduced centrality in patients may reflect impaired ability to dynamically switch between 
network states — a process essential for conscious perception [33,34]. This finding aligns with the work highlighting the cingulate’s 
role in maintaining level of consciousness [35].

Conversely, the VAN showed the opposite pattern, with elevated centrality in patient groups. This finding may represent either:

• A maladaptive compensatory mechanism where sensory alertness systems become overactive to counterbalance reduced 
higher-order integration, or

• A pathological loss of normal inhibitory control from fronto-parietal networks, resulting in unregulated VAN activity.

The bidirectional nature of these centrality changes (increased in one network but decreased in another) underscores the 
complex, network-specific pathophysiology underlying consciousness disorders. The cingulate operculum’s reduced influence may 
impair global integration, while VAN hyper-centrality could lead to unbalanced attentional processing. Together, these alterations 
may disrupt the normal interplay between bottom-up (VAN-mediated) and top-down (cingulate-mediated) processes necessary for 
conscious awareness [34].
9 



S.A. Kurkin et al. Chaos, Solitons and Fractals: the interdisciplinary journal of Nonlinear Science, and Nonequilibrium and Complex Phenomena 200 (2025) 117008 
Fig. 5. Multigraph models of network alterations combining: significant differences in large-scale network (LSN) participation coefficients (PCs) and altered 
functional connections identified by network-based statistics (NBS). Models compare (i) HC versus VS and (ii) HC versus MCS patients. The link strength range 
corresponds to the number of significant NBS connections. Green macronodes indicate LSNs with significant between-group PC differences.  (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.)

4.2. Interpretation of participation coefficient alternations

The analysis of PC provides unique insights into network reorganization in DoC by simultaneously capturing both intra-network 
and inter-network connectivity properties. While calculated at the macro level, PC’s special value lies in this dual perspective — 
it reflects how subnetworks maintain their internal organization while interacting with the broader network architecture (see also 
Section 2.5.2).

The consistently elevated PC values in patient groups compared to HC reveal a fundamental disruption of the normal integrative-
segregative balance in a number of LSNs. Higher PC values indicate a relative shift toward greater inter-network connectivity at the 
expense of intra-network connections. This pattern suggests two concurrent pathological processes: first, a breakdown of normal 
within-network communication that may reflect LSN disintegration, and second, a compensatory over-reliance on between-network 
connections that could represent maladaptive network reorganization. The perception network’s particularly consistent alterations 
across both VS and MCS patients aligns with its known role as a primary gateway for sensory information integration [34], making 
it especially vulnerable to consciousness disturbances.

The reduced severity of PC alterations in MCS compared to VS patients likely reflects the better state of consciousness function in 
MCS patients compared to VS patients. The better preserved intra-network connectivity in MCS patients implies that some structural 
integrity remains, potentially providing a substrate for therapeutic interventions targeting network reintegration.

The VAN findings create a particularly compelling narrative when combined with the centrality results. While the centrality 
analysis showed the VAN’s increased influence within the broader network (suggesting hyperactivation), the PC results reveal this 
comes at the cost of reduced within-network cohesion. In other words, the increase in the VAN centrality is due to an increase 
in inter-network connections, while internal connections are disrupted. This paradox mirrors observations in other neurological 
conditions where networks can become hyperconnected yet functionally inefficient [36]. The VAN’s dual disruption may be 
especially detrimental given its normal role in switching between internal and external awareness [37] — a critical function for 
conscious experience.

These PC patterns have important theoretical implications. The perception network’s vulnerability supports models emphasizing 
sensory integration in consciousness generation [38], while the VAN’s dual disruption aligns with theories prioritizing attentional 
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mechanisms [39]. The gradient of abnormalities from VS to MCS provides empirical support for the hierarchical models of changes 
in consciousness [40]. Clinically, the PC’s sensitivity to both integration and segregation makes it particularly valuable for tracking 
recovery and potentially predicting treatment response, as network reintegration often precedes behavioral improvement [41].

4.3. Local network disruptions in disorders of consciousness

Local-level network-based statistics (NBS) identified a conserved triangular network of reduced connectivity in patients involving 
anterior cingulate, orbitofrontal, and inferior temporal regions, alongside state-dependent patterns of hyperconnectivity that differed 
between VS and MCS groups.

The network-based statistic (NBS) results reveal a fundamental tripartite network disruption in DoC, centered on three critical 
regions: the anterior cingulate cortex (ACC), medial orbitofrontal/rectus areas, and inferior temporal cortex. This triangular hypo-
connectivity pattern, conserved across both VS and MCS patients, likely represents a core neural signature of impaired consciousness. 
The ACC’s involvement is particularly noteworthy given its well-established role as a nexus for integrating cognitive, affective, and 
sensory information through its dense connections with both cortical and subcortical structures [31]. The consistent disruption of 
ACC-orbitofrontal connectivity aligns with models proposing that consciousness requires intact fronto-limbic integration [42], while 
the inferior temporal cortex’s involvement may reflect compromised sensory-perceptual integration pathways [43].

The differential patterns of hyper-connectivity between VS and MCS patients provide crucial insights into potential recovery 
mechanisms. While the hypo-connected triangular network appears as a common pathological substrate, the state-specific hyper-
connectivity patterns suggest distinct compensatory processes. This dissociation supports the view that consciousness disorders exist 
along a continuum of network dysfunction rather than as discrete categories.

The clinical implications of these findings are twofold. First, the conserved triangular hypo-connectivity pattern may serve as 
a diagnostic biomarker for DoC, particularly useful for differentiating true consciousness impairment from locked-in syndromes or 
other conditions [41]. Second, the state-specific hyper-connectivity patterns could guide therapeutic interventions. The persistence of 
the triangular network disruption across both patient groups suggests it may represent a minimal neural requirement for conscious 
awareness, while the variable hyper-connectivity patterns could reflect individual differences in residual plasticity and recovery 
potential.

4.4. Sensitivity of network analysis levels

Our findings demonstrate that different scales of network analysis provide complementary insights into the neural correlates of 
consciousness impairment. While global network measures showed preserved architecture across groups – consistent with studies 
showing macroscopic network resilience after brain injury [44] – macro- and local-level analyses revealed critical disruptions in 
specific subnetworks. This aligns with emerging frameworks in clinical neuroscience where focal connectivity alterations may drive 
functional deficits despite intact global topology [45]. The preserved global organization observed here may reflect compensatory 
mechanisms maintaining basic information routing, while finer-scale analyses uncover the pathological signatures of impaired 
consciousness.

Network measures like our modified PC offer valuable but generalized perspectives on segregation–integration balance. While 
effectively identifying in our analysis shifts toward increased inter-network connectivity at the expense of intra-network cohesion, a 
pattern observed in other neurological conditions [46], these metrics cannot fully capture the complex rewiring dynamics between 
subnetworks. Our PC variant proved particularly sensitive to group differences by synthesizing information about both the internal 
structure of LSNs and their external interactions.

Local-level connectivity analysis, though rich in detail, presents interpretational challenges when considered in isolation. The 
myriad of altered connections identified by NBS [13], while statistically robust, requires integration with macro-level findings to 
reveal their systemic implications. This limitation echoes debates in network neuroscience about reconciling micro-scale connectivity 
changes with their macro-scale functional consequences [47]. Our tripartite hypo-connectivity pattern (ACC-orbitofrontal-temporal) 
exemplifies how local disruptions gain meaning when contextualized within broader network architecture.

The multigraph approach addresses these limitations by unifying insights across scales. By combining PC data with intra- 
and inter-network connectivity alterations, our models reveal how local disruptions influence the entire system. This multiscale 
integration supports recent theoretical work emphasizing hierarchical network dysfunction in consciousness disorders [36].

4.5. Interpretation of multigraph model results

Our multigraph analysis reveals fundamental insights into how DoC disrupt the balance between integrative and segregative 
processes in LSNs. The significant differences in participation coefficients (green macronodes in Fig.  5) highlight specific LSNs 
where this balance is disturbed in patients, while the accompanying significant connection patterns elucidate the underlying network 
mechanisms. The directional patterns (HC > VS/MCS and VS/MCS > HC) reflect distinct hypoactive and hyperactive subnetworks, 
whose asymmetric organization suggests different compensatory strategies across patient groups.

A striking finding is the divergent reorganization between VS and MCS patients. VS patients exhibit more extensive hyperac-
tivation patterns, potentially reflecting robust but maladaptive compensation. For instance, the normal PerN-SN pathway appears 
replaced by longer alternative routes (PerN-VAN-SN and PerN-Context-SN), suggesting inefficient network rerouting. In contrast, 
MCS patients show predominant hypoactivation with limited compensatory hyperactivation, particularly involving the ventral 
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attention network (VAN). This pattern implies partial functional restoration, where the VAN may partially assume perceptual 
functions normally mediated by the hypoactive PerN—a phenomenon supported by the rerouting of PerN-associated connections to 
VAN hub in MCS patients.

The perception network (PerN) emerges as a pivotal hub across conditions, underscoring its central role in conscious processing. 
Its consistent involvement, particularly the intra-network disconnection specific to MCS patients, aligns with evidence implicating 
sensory integration deficits in consciousness impairment [43]. The salience (SN) and context networks dominate VS reorganization, 
while VAN-centered changes characterize MCS, suggesting state-dependent vulnerability gradients. These patterns resonate with 
recent work showing hierarchical network dysfunction in consciousness disorders [36].

The most prominent disruptions occur in inter-network connectivity. VS patients show widespread SN hyperconnectivity (to 
VAN, cingulate operculum, context network, and default mode network), whereas MCS patients exhibit more targeted VAN-
thalamocortical alterations. This dissociation suggests that while VS represents a state of global network dysregulation, MCS may 
reflect partial reintegration with residual VAN-mediated attention processes. The striatum’s consistent involvement across states 
highlights its underappreciated role in network coordination during impaired consciousness.

These findings advance several key concepts. First, they identify a vulnerable ‘‘core axis’’ (VAN-SN-PeN-striatum) whose 
disruption may represent a minimal neural requirement for conscious awareness. Second, they demonstrate that compensation 
mechanisms differ qualitatively between VS and MCS—where VS shows extensive but inefficient rerouting, MCS exhibits more 
focused VAN-mediated reorganization. Third, the PerN’s selective intra-network disruption in MCS.

The multigraph approach bridges an important gap between local connectivity changes and their system-wide consequences, 
demonstrating how multiscale network modeling can unravel the complexity of consciousness disorders. Clinically, this approach 
provides a powerful framework for differential diagnosis. The distinct hyper-hypoactivation signatures between VS and MCS offer 
objective markers of consciousness state, while the identified hub vulnerabilities suggest precise targets for neuromodulation. The 
systems-level perspective emphasizes that therapeutic strategies should address both hypoactive ‘‘core’’ networks and maladaptive 
hyperconnectivity patterns.

4.6. Neurophysiological implications

Our study revealed a distinct imbalance between integrative and segregative processes within large-scale brain networks in 
patients with DoC, ranging from VS to MCS, following anoxic brain injury. We identified characteristic patterns of both hyper- 
and hyposynchronized networks that differentially marked each clinical state. As demonstrated in Fig.  5 (multigraph model), the 
hypersynchronized subnetwork exhibited significantly greater spatial extent in VS patients compared to MCS cases.

Synchronization of neuronal activity in different brain structures is considered as a fundamental mechanism of information 
integration and formation of conscious perception. The coordinated activity of neuronal ensembles provides: unification of disparate 
sensory signals into a holistic subjective experience; global dissemination of information across distributed neuronal networks of 
the brain. Disruptions in this synchronized activity show strong correlations with DoC, including vegetative state/unresponsive 
wakefulness syndrome (VS/UWS) and minimally conscious state (MCS). This association underscores the critical role of large-scale 
neuronal synchronization in sustaining conscious awareness and higher-order cognitive processing.

We assume that the observed phenomenon in the VS group is related to the processes of compensation of the lost direct 
connections. Thus, in the norm (contrast HC > VS) there is a direct connection between the perception network and the salience 
network PerN-SN, which is compensated in the vegetative state (contrast VS > HC) by switching to the ventral attention network 
and the context network: PerN-VAN-SN and PerN-Context-SN. The PerN-Striatum connection is compensated again by switching 
to the PerN-Context-Striatum context network. The SN is well-established as a critical hub for processing information, including 
proprioceptive integration and maintaining wakefulness [48]. The engagement of the SN in perceptual processing under normal 
conditions, contrasted with its relative disconnection from perception networks in patients lacking signs of consciousness, supports 
the Global Workspace Theory [39,49]. This theory posits that consciousness functions as an integrative mechanism, overcoming 
functional segregation of brain structures and orchestrating their coordinated activity [50]. It should be emphasized that we cannot 
definitively state the purpose (nor the efficacy) of this compensatory mechanism. We can only hypothesize that this may represent 
the brain’s attempt to restore environmental analysis capacity. This interpretation would align with Global Workspace Theory 
framework, wherein competing cognitive modules temporarily gain priority and constitute the contents of consciousness.

Regarding our findings on striatum involvement, current evidence suggests that without striatal input, the thalamus enters an 
inhibited state. As demonstrated by Schiff [40], this mechanism may play a pivotal role in the dysfunctional processes observed 
in DoC. This part of our data provides support for the mesocircuit model, which emphasizes the critical role of central thalamic 
neurons and their frontostriatal connections in maintaining consciousness [40]. This model proposes that recovery of forebrain 
mesocircuit function is closely linked to activation of the frontoparietal network, integrated within a ‘‘mesocircuit-frontoparietal’’ 
framework to explain the graded restoration of behavioral responsiveness across DoC severity levels [51–53]. Our finding of a shift 
to ventral attention network connectivity (PerN-SN) aligns with this framework. Notably, we observed selective engagement of the 
ventral frontoparietal subsystem—a network canonically associated with detecting unattended/unexpected stimuli and triggering 
attentional reorientation [54].

The contextual processing network – comprising the parahippocampal cortex, retrosplenial cortex, and medial prefrontal cortex – 
plays a fundamental role in evaluating the contextual significance of perceived stimuli [55]. However, the substantial anatomical and 
functional overlap between this network and the DMN [56] makes it challenging to attribute our observed compensatory switching 
12 



S.A. Kurkin et al. Chaos, Solitons and Fractals: the interdisciplinary journal of Nonlinear Science, and Nonequilibrium and Complex Phenomena 200 (2025) 117008 
mechanism specifically to contextual processing. Notably, growing evidence suggests the DMN may be critically involved in this 
phenomenon, consistent with its established role in consciousness recovery across multiple studies [57–61].

In patients with MCS, we observed no significant hypersynchronization of the SN compared to healthy controls. This finding 
aligns with the results of Demertzi et al. [62], who demonstrated more pronounced SN impairment in VS/UWS patients relative to 
MCS cases.

Our data reveal the perception network (PerN) as the most critical hub, present in nearly all subnetworks. These results align with 
existing research demonstrating that reliance on phylogenetically older, low-organized networks achieves relatively high accuracy 
in discriminating consciousness levels [62,63].

In addition, our findings suggest that the hypoactive PerN-associated subnetwork in MCS patients may be functionally com-
pensated by hyperactive VAN-centered circuitry. This implies that the VAN – functioning as the brain’s ‘‘radar’’ or stimulus-driven 
reorienting system [37,54,64] – potentially upregulates its activity, possibly enhancing sensitivity to diminished sensory input in 
MCS patients.

Our investigation has (1) pinpointed the neural architecture underlying this pathological state, and (2) identified compensatory 
mediator regions that restore functional connectivity balance. These findings transcend singular theoretical frameworks, instead 
validating aspects of both the Global Workspace Theory and Mesocircuit Model in chronic disorders of consciousness.

4.7. Complexity and nonlinearity in brain function

The brain’s functional architecture is characterized by nonlinear interactions, where small perturbations can lead to dispropor-
tionately large effects—a hallmark of chaotic systems [65]. This non-linearity is evident in our results, where local disruptions 
propagate to macro-scale network imbalances. Such dynamics challenge deterministic models of brain function, as they underscore 
the stochastic nature of state transitions [66,67]. This suggests that transitions between conscious states may follow random or 
nearly random processes. This is similar to the iso-energetic brain hypothesis, which states that minimal energy barriers facilitate 
rapid and unpredictable shifts in network configurations [67].

Our findings resonate with the Global Workspace Theory [39,49], where consciousness emerges from dynamic integration 
across distributed networks, and the Mesocircuit Model [40], which emphasizes thalamocortical interactions. The nonlinear loss 
of integration–segregation balance in DoC supports the idea that consciousness is a critical transition point in a high-dimensional 
parameter space [3]. However, the stochasticity of recovery trajectories cautions against over-reliance on deterministic biomarkers, 
highlighting the need for probabilistic models in clinical prognosis [67].

4.8. Limitations and future directions

A key limitation of our study is the absence of statistically significant differences when directly comparing VS and MCS 
patient groups across all analytical levels. This null finding likely stems from two interrelated factors: the modest sample sizes 
inherent to studies of severe brain injury populations, and the substantial heterogeneity within patient groups arising from diverse 
injury characteristics, durations, and recovery trajectories. Such variability is well-documented in DoC research, where individual 
differences in structural damage and functional reorganization often outweigh group-level patterns in small cohorts. Importantly, 
our inability to detect direct between-group differences does not necessarily indicate biological equivalence, but rather highlights the 
methodological challenges of comparing complex, multidimensional network alterations across heterogeneous patient populations.

While traditional statistical comparisons between patient groups proved underpowered, our multigraph modeling approach 
provided valuable qualitative insights into differential network mechanisms. The indirect comparison of VS and MCS multigraphs 
revealed distinct reorganization patterns. These observations align with emerging theoretical frameworks that view consciousness 
disorders as dynamic states along a recovery continuum rather than discrete categories. The qualitative differences in network 
topology suggest that direct patient group comparisons might require substantially larger samples to achieve statistical significance, 
given the multidimensional nature of network alterations and individual variability in compensatory processes.

Several methodological considerations should guide future research. First, larger multicenter cohorts could help overcome current 
sample size limitations while capturing the full spectrum of clinical heterogeneity. Second, longitudinal designs tracking network 
changes during recovery could clarify whether the observed patterns represent stable pathological signatures or transitional states. 
Third, incorporating multimodal data (e.g., structural connectivity, metabolomics) might help explain individual variability in 
functional network reorganization.

These limitations notwithstanding, our findings lay important groundwork for understanding hierarchical network dysfunction 
in anoxic DoC. The demonstrated approach of combining rigorous statistical testing with qualitative, model-based comparisons 
offers a template for studying complex neurological conditions where traditional group comparisons may obscure biologically 
meaningful patterns. Future studies building on this foundation could yield clinically actionable biomarkers for differential diagnosis 
and personalized treatment strategies.

Another limitation of the study is the specificity of the group. Anoxic brain injury represents only a small (and relatively 
understudied) etiological subgroup within the cohort of DoC patients, where the primary causes of this functional deficit remain 
traumatic brain injury (TBI) and, to a lesser extent, stroke. Despite the shared neurological symptom – reduced consciousness – it 
is currently challenging to extrapolate the obtained findings with absolute certainty to the entire cohort of patients.
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Conclusions

Our multiscale network analysis provides a comprehensive framework for understanding the neural basis of disorders of 
consciousness following anoxic brain injury, revealing hierarchical disruptions that span global, macro-, and local levels of brain 
organization. While global network architecture remains preserved, reflecting structural resilience after injury, finer-scale analyses 
uncover critical disturbances in specific subnetworks – particularly in the ventral attention, salience, and perception networks – that 
underlie functional impairments. The opposing patterns of hypo- and hyperconnectivity observed in vegetative (VS) and minimally 
conscious (MCS) states suggest distinct pathophysiological mechanisms, with VS characterized by maladaptive compensatory 
hyperconnectivity and MCS by partial, VAN-mediated functional reorganization.

The clinical implications of these findings are twofold. First, the identified network signatures – such as the conserved triangular 
hypo-connectivity pattern (ACC-orbitofrontal-temporal) and state-specific hyperconnectivity profiles – offer objective biomarkers 
for differential diagnosis and prognosis. Second, the vulnerability of specific subnetworks, particularly the perception network, 
highlights promising targets for therapeutic interventions, including neuromodulation and personalized rehabilitation strategies. 
Our results advocate for a multiscale diagnostic approach that combines global screening with focused assessment of vulnerable 
subsystems to better capture the complexity of consciousness impairments.

These insights also advance theoretical understanding of consciousness as an emergent property of integrated network dynamics. 
The consistent involvement of a ‘‘core axis’’ (VAN-SN-PerN-striatum) supports models emphasizing the interplay between atten-
tion, sensory integration, and subcortical modulation in sustaining awareness. The multigraph approach, by bridging local- and 
macro-scale disruptions, provides a powerful tool for future research exploring network plasticity during recovery.

Future studies should address key unanswered questions: (1) How do these network patterns vary across injury etiologies 
(e.g., traumatic vs. anoxic)? (2) Can longitudinal tracking of multiscale connectivity predict recovery trajectories? (3) Do targeted 
interventions normalize the observed imbalances in integration–segregation? By addressing these questions, we can move closer to 
precision medicine approaches for disorders of consciousness, ultimately improving outcomes for this vulnerable patient population.

This work not only elucidates the network mechanisms of impaired consciousness but also establishes a methodological blueprint 
for studying multiscale brain dysfunction in other neurological and psychiatric conditions.
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Table 7
Between-group differences in clustering coefficient at the macro level across predefined large-scale networks (LSNs) without 
Bonferroni correction. Comparisons shown for healthy controls (HC), vegetative state (VS), and minimally conscious state (MCS) 
groups.
 LSN u-value 𝑝-value u-value 𝑝-value u-value 𝑝-value 
 HC > VS HC > MCS MCS > VS  
 COper −0,795 0,426 0,579 0,563 −1,000 0,317  
 Context −1,005 0,315 0,000 1,000 −0,722 0,470  
 DMN −1,005 0,315 −0,424 0,671 −0,389 0,697  
 DAN −1,046 0,295 −0,424 0,671 −0,500 0,617  
 perN −0,628 0,530 0,193 0,847 −0,778 0,437  
 Somatomotor −0,460 0,645 0,656 0,512 −0,722 0,470  
 Striatum −0,209 0,834 0,656 0,512 −0,667 0,505  
 Thalamus −0,586 0,558 0,501 0,616 −0,945 0,345  
 VAN −0,921 0,357 −0,347 0,728 −0,278 0,781  
 Visual −0,167 0,867 1,582 0,114 −0,889 0,374  
 FPN −0,586 0,558 0,000 1,000 −0,722 0,470  
 SN −1,172 0,241 −0,656 0,512 −0,445 0,657  

Table 8
Between-group differences in node strength at the macro level across predefined large-scale networks (LSNs) without Bonferroni 
correction. Comparisons shown for healthy controls (HC), vegetative state (VS), and minimally conscious state (MCS) groups.
 LSN u-value 𝑝-value u-value 𝑝-value u-value 𝑝-value 
 HC > VS HC > MCS MCS > VS  
 COper −0,699 0,485 0,656 0,512 −0,945 0,345  
 Context −1,291 0,197 −0,656 0,512 −0,556 0,578  
 DMN −1,164 0,244 −0,733 0,464 −0,056 0,956  
 DAN −0,910 0,363 −0,270 0,787 −0,611 0,541  
 perN −0,318 0,751 0,424 0,671 −0,889 0,374  
 Somatomotor −0,487 0,626 0,656 0,512 −0,667 0,505  
 Striatum 0,318 0,751 0,964 0,335 −0,389 0,697  
 Thalamus −0,656 0,512 0,579 0,563 −1,000 0,317  
 VAN −1,122 0,262 −1,196 0,232 −0,167 0,868  
 Visual 0,275 0,783 1,736 0,083 −0,611 0,541  
 FPN −0,953 0,341 0,000 1,000 −0,778 0,437  
 SN −1,080 0,280 −0,733 0,464 −0,333 0,739  
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