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Abstract 

Severe brain injury poses significant clinical challenges, including early and accurate 

prognostication of neurological outcomes. Current assessment tools are limited in their 

predictive power, leaving many patients in a "gray zone" of uncertainty. While disorders of 

consciousness (DoC) induced by brain injury are traditionally associated with structural brain 

damage, emerging evidence suggests that they are primarily driven by a withdrawal of 

excitatory synaptic activity across key cortical and subcortical regions, which can be captured 

through the dynamic analysis of resting-state brain activity. This study investigates the 

temporal dynamics of brain connectivity, shortly after severe brain injury (average of 13.9 

days from onset), hypothesizing that acute DoC are marked by a global reorganization of 

functional connectivity and a shift toward less informative brain states, with distinct patterns 

emerging based on the underlying injury mechanism. Using functional magnetic resonance 

imaging (fMRI), we identify six distinct brain states across severely brain injured patients and 

healthy controls. These states, when sorted by decreasing entropy, span a continuum from 

state 1, characterized by high entropy, widespread positive long-distance coordination, and 

high global connectivity, predominantly observed in healthy controls, to state 6, which 

exhibits low entropy and minimal functional connectivity, and is predominantly associated 

with acute DoC. We demonstrate that the probability of occurrence of the more complex 

brain state correlates with improved neurological recovery at 3 months, as assessed by the 

Coma Recovery Scale–Revised (CRS-R). Hence, we were able to train a classifier based on 

brain state dynamics that achieved an accuracy of 78.5% in predicting patients' recovery 

potential (AUC = 0.864). Overall, our findings suggest that dynamic brain connectivity, 

particularly the entropy of brain states, can be a reliable early predictor of recovery from 

severe brain injury, bridging the divide between theoretical advances and bedside medical 

decision-making. 
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Introduction 

Severe brain injury is commonly defined as an insult to the brain that results in immediate 

disruption of normal brain functioning, typically manifested as altered consciousness (1). 

Related disorder of consciousness (DoC) presents both major clinical challenges and unique 

opportunities for fundamental scientific discoveries about the nature of human 

consciousness (2). Hence, an early and accurate prediction of neurological outcome stands 

as the cornerstone of the clinical management of these patients (3,4). However, current 

predictors are only informative in a subset of acute DoC patients, leaving up to half of them 

in a ‘gray zone’ of prognostication (5,6). This unmet need in terms of neuroprognostication 

has been recently identified as a major world-wide public health issue (7). Importantly, it has 

been argued that this dismal situation is at least in part due to an incomplete understanding 

of brain injury impact over functional connectomes supporting conscious processing (8). 

According to a prevailing view, acquired DoC are the deleterious consequence of irreversible 

brain structural damage. However, a growing body of evidence, suggests that the common 

pathophysiological underpinning of acute DoC, regardless of its etiology, is a broad 

withdrawal of excitatory synaptic activity across key neocortical and subcortical brain 

structures (“mesocircuit model”) (9). Indeed, seminal studies based on spontaneous brain 

activity recording have provided converging evidence about a relationship between 

mesocircuit component's functional disconnection and potential of neurological recovery 

from acute DoC (10–14). It is worth noting that the vast majority of these reports assumed 

steady spatial-temporal fMRI signal interaction during the functional MRI (fMRI) scan period 

and therefore might have missed key brain dynamics. 

Indeed, it has been recently demonstrated that brain activity constantly fluctuates in a 

tightly correlated manner across distant brain regions forming hierarchically organized 

reproducible whole brain “states”. Crucially, such dynamical properties have been proposed 

as reliable mechanistic signatures of consciousness (15–17). Hence, experiments with fMRI 

across different sleep stages and during anesthesia, both in human (16) and animal (15) 

models, have shown that the brain spontaneously generates a dynamic series of constantly 

changing activity between distant brain regions. In the specific setting of DoC, available 

evidence collected months to years after severe brain injury, suggest that fully unresponsive 

patients in vegetative state/ unresponsive wakefulness syndrome (VS/UWS) have smaller 
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span of dynamic brain states than those in minimally conscious state (MCS) (16). 

Nevertheless, despite the promise held by the investigation of the dynamic repertoire of 

resting state brain activity early after brain injury, currently, the specific alterations in brain 

dynamics associated with acute DoC remains unknown. 

Based on current neuronal theories of consciousness (18) which suggest that the pattern of 

neuronal interactions that are relevant for consciousness must be differentiated and 

information rich (19), we sought to investigate the temporal dynamic of ongoing brain 

activity and its coordination over distant cortical regions at the very early phase of severe 

brain injury. We postulate that acute DoC are associated with the global reorganization of 

brain functional connectivity, implicating mesocircuit regions and causing a shift of brain 

states towards less informative functional configurations. Moreover, we hypothesize that the 

primary brain injury mechanisms responsible for severe brain injury have specific functional 

fingerprints that can be detected early after brain injury onset. Finally, we also expect that 

there is a relationship between the dynamic functional repertoire identified at the acute 

phase of severe brain injury and the patient's neurological outcome at 3 months. 

Methods 

Experimental design 

Cross-sectional study of traumatic and anoxic patients with severe brain injury and 

compared with matched controls from one previous prospectively collected dataset 

[COMA-3D (NCT 01620957)](12,20). This former prospective study aimed to investigate the 

predictive value of MRI and in vivo molecular imaging in acute and severe brain injury and 

was undertaken in three intensive care units affiliated with the University Hospital of 

Toulouse (Toulouse, France) between February 2018 and February 2022. Clinical assessment 

and demographic data collection (Glasgow Coma Scale, GCS; Full Outline of 

Unresponsiveness, FOUR) (21,22) were performed at baseline by certified assessors (SS and 

BS) and patients were followed up at 3 months after primary brain injury using the revised 

version of the Coma Recovery Scale (CRS-R) (23) (Table 1). MRI data was collected shortly 

after injury (mean time = 14 days, range = 2-34 days) and in all the cases, at least 2 days (4 ± 

2 days) after complete withdrawal of sedation and under normothermic conditions. The 

study was approved by the Ethics Committee of the University Teaching Hospital of 

Toulouse, France. In all instances, informed and written consent to participate in the study 
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was obtained from the subjects themselves in the case of healthy subjects and from legal 

surrogates of the patients. In case the patient recovered sufficient capacity for discernment 

during the trial, she/he was informed that the study was or has been performed, and 

consent was obtained from her/him. 

Participants 

The patient group consisted of 25 patients (16 males; mean age = 43.2 years; range = 18-79 

years) that were included in the study after they had a behavioral assessment with GCS and 

had been diagnosed as being severe brain injury (GCS score at the admission to the hospital 

≤ 9 with motor responses < 6) induced by either traumatic or anoxic mechanisms (Table 1 

and Table S1). Patients needed to maintain a GCS score ≤ 9 with motor response < 6 without 

sedation at the time of brain imaging acquisition. All patients exhibited only reflex (e.g. 

non-intentional) behaviors, including the complete absence of visual pursuit, at the time of 

MRI scanning. Patients not meeting this criterion at assessment were excluded. Additional 

exclusion criteria were significant neurological or psychiatric illness prior to acute brain 

injury. All patients were managed according to standard of care recommendations by 

physicians blinded to neuroimaging data. To avoid confounding factors, all patient 

assessments were conducted at least 2 days (4 ± 2 days) after complete withdrawal of all 

sedative drug therapy and were performed under normothermic conditions. On the day of 

brain imaging, urine benzodiazepine and barbiturate screening tests were used in patients to 

rule out residual sedation in cases of prolonged utilization of these drugs. Over the same 

recruitment period, 23 controls, matched by age and sex, were recruited (15 males; mean 

age = 44 years; range = 20-75 years). The control subjects had no history of neurological or 

psychiatric disorders and were included only if they presented a normal neurological 

examination result. 

Clinical assessment  

In patients, standardized clinical examination was performed by certified raters blinded to 

neuroimaging data on the day of the patient’s admission to the hospital and the day of MRI 

scanning. The patient’s neurological outcome was assessed 3 months after the primary brain 

injury by using the CRS-R. The CRS-R is a 23-point scale measuring arousal level, auditory, 

language, visual-perception, communication abilities and motor function. This scale enables 

the distinction between patients in VS/UWS and patients in a MCS or patients who emerged 

from MCS (EMCS) and recovered consciousness as reflected by functional communication or 
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functional use of objects. According to this scale, the patient's 90 days outcome was 

binarized as either favorable (MCS or EMCS) or unfavorable (VS/UWS or deceased). 

Imaging acquisition and preprocessing 

The fMRI data was acquired in a 3T (Intera Achieva; Philips, Best, The Netherlands) scanner 

(TR = 1.3 s; TE = 30ms, FOV = 240mm), consisting of one session of 500 scans or 650 

seconds. A T1 image was also collected (TR = 8.1 ms, TE = 3.7 ms, FOV = 220-232-170 mm, 

flip angle = 8°, resolution = 1mm3 isovoxel). Monitoring of vital measures was performed by 

a senior intensivist throughout the experiment. 

Preprocessing was conducted using the CONN toolbox (RRID:SCR_009550) version 21.a 

running in MATLAB 2016a. Standard preprocessing steps were applied: realignment and 

unwarping, slice timing correction, co-registration to the structural image, segmentation, 

normalization to MNI space and a 8 mm FWHM smoothing (11,20). We regressed out 

nuisance signals of white matter, cerebrospinal fluid, and realignment parameters by means 

of the anatomical component-based noise correction algorithm (aCompCor). Then, we 

applied a band-pass filter at 0.008-0.09 Hz. The BOLD time series of each voxel was averaged 

over the Regions of Interest (ROIs) defined by the Willard 499 atlas (24). We decided to focus 

our analyses in the DMN, given its established relevance in disorders of consciousness 

(25–27). To isolate the ROIs associated with the DMN, we cross-referenced the Willard Atlas 

with the AAL template. This process allowed us to identify and label the specific regions 

within the DMN and ultimately, a subset of 34 ROIs was used for further analysis. Aiming to 

investigate the putative implication of mesocircuit, regions of interest (ROIs) belonging to 

this empirical model were defined and further subdivided. First, we subdivided the DMN 

into its dorsal and ventral components, then we studied the connectivity of four specific 

groups of ROIs (subnetworks): Thalamus, Posterior Cingulate Cortex (PCC), Anterior 

Cingulate Cortex (ACC) and Medial Prefrontal Cortex (mPFC) (Figure S1 and Supplementary 

Material). 

Dynamic functional connectivity analysis  

To capture the dynamic functional connectivity, a sliding window approach was 

implemented with a window size of 30 scans (39 s), shifted by 16 scans (20.8 s), resulting in a 

total of 30 windows per subject. These parameters were chosen to replicate previously 

reported time windows (15,28,29). The dynamic functional connectivity was estimated by 

using the Pearson correlation between all pairs of ROIs in the DMN which results in matrices 
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of size 34x34. In order to obtain the recurring patterns of connectivity we used an 

unsupervised k-means clustering algorithm, a method that was previously used in fMRI 

(28,29) and EEG (30). This algorithm was applied to a dataset that combined both controls 

and patients, allowing the identification of a common state space shared across all 

participants. In this framework, the clustering was not used to assign individuals to a specific 

group but to define a set of recurring connectivity patterns (brain states) that can be 

expressed by any subject, patient or control, with different probabilities of occurrence. This 

joint approach ensures that comparisons between groups are performed within the same 

functional space, enabling a direct assessment of how the temporal distribution of shared 

brain states differs between healthy and injured brains. To determine the optimal number of 

clusters (k), we applied the elbow method, plotting the within-cluster sum of squares against 

increasing values of k and selecting the point at which the curve showed a clear "elbow", in 

this case at k=6, indicating a balance between model complexity and explained variance 

(Figure S2b). The upper triangular part of the connectivity matrices, comprising 561 values, 

were used as input features. To mitigate the risk of convergence to a local minimum inherent 

to the k-means algorithm, we repeated the procedure 1,000 times (also known as replicates) 

and retained the solution with the lowest total within-cluster sum of squares. Subsequently, 

each dynamic connectivity matrix was classified based on its proximity to the closest brain 

state by means of the euclidean distance. The probability of occurrence pi of brain state i 

was calculated by counting the number of times it appears divided by the total number of 

matrices. We also computed the dwell time, defined as the average time a subject is in a 

given brain state. We calculated the entropy of each brain state, denoted as Hi, by first 

extracting the connectivity values from the brain state matrix and vectorizing them into a 

one-dimensional array. We then estimated the distribution of these values by computing a 

histogram, using a number of bins determined by the square root rule (i.e., √561≈24, where 

561 is the number of unique pairwise connections in a 34 × 34 matrix, excluding the diagonal 

and redundant entries). The entropy of the resulting distribution was computed using the 

Shannon entropy formula: 

 𝐻
𝑖
 =  −

𝑗=1

24

∑ 𝑓
𝑖𝑗

𝑙𝑜𝑔(𝑓
𝑖𝑗

)

where fij is the frequency of bin j in brain state i. 
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To summarize the distribution of brain states and corresponding entropy values of a given 

subject we introduced a Weighted Entropy measure defined as: 

 𝑊𝐸 =  
𝑖=1

6

∑ 𝑝
𝑖

· 𝐻
𝑖

where  is the probability of state i and  its entropy. We selected WE as our primary 𝑝
𝑖

𝐻
𝑖

metric as it jointly captures the informational complexity of each brain state and its temporal 

prevalence, offering a compact representation of the brain’s dynamic repertoire. Unlike 

traditional entropy measures applied to univariate time series (e.g., sample or permutation 

entropy), this approach operates on time-resolved connectivity matrices and reflects both 

spatial and temporal dimensions of brain organization. This analysis was applied to two 

different groups: one where we included both controls and patients and another where we 

only used the patients. This was done in order to focus specifically on the part of the 

multidimensional space occupied by patient data and to obtain a more detailed clustering 

analysis. To better characterize the brain states we calculated the mean connectivity of the 

ROIs in a sub-network (intra-connectivity) and between sub-networks (inter-connectivity) 

comparing connectivity matrices classified as State 1 and connectivity matrices classified as 

State 6 (Figure 1). Intra-connectivity was defined as the average of all pairwise correlations 

between ROIs belonging to the same subnetwork (e.g., all ROIs within the thalamus, PCC, 

ACC, or mPFC). Inter-connectivity was defined as the average of all correlations between 

ROIs belonging to different subnetworks (e.g., thalamus–ACC, PCC–mPFC, etc.). These values 

were used to quantify the internal coherence of each subnetwork and the degree of 

functional coupling between subnetworks across the identified brain states. To further 

characterize the relationships among the identified connectivity states, we computed a 

dendrogram using Euclidean distances between the centroid matrices and Ward’s linkage 

criterion (Supplementary Figure S2c). We also included in the same figure the distribution of 

cluster occurrences across patients and controls (Supplementary Figure S2d). 

Connectivity of subnetworks 

In the present study, embedded in the anterior forebrain mesocircuit theoretical framework, 

we focused on large-scale cortical networks, to maintain consistency with previous literature 

and ensure interpretability of the dynamic connectivity measures. In order to study the 

connectivity of the DMN we subdivided it into two components: dorsal and ventral (Figure 

S1 and Supplementary Material) (31). Although our primary analyses were focused on the 
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DMN, for consistency and interpretability, we also performed a supplementary whole-brain 

control analysis using the complete Willard atlas. As shown in Supplementary Figure 6 the 

main findings, including the group differences between patients and controls and the 

prognostic value of brain-state dynamics, were preserved when considering the entire brain, 

confirming the robustness and generality of the results. The within-network was calculated 

by averaging all ROIs from each network and the between-network connectivity by 

averaging the connectivity between ROIs from the dorsal and ventral subnetworks in 

matrices that were classified as State 1 and State 6 which represent the highest and lowest 

entropy states, respectively. We selected these two extreme states, rather than including all 

intermediate states, in order to simplify the analysis and highlight the maximal contrast in 

connectivity dynamics across the entropy spectrum. Then we looked at four specific ROIs: 

Thalamus, PCC, ACC and mPFC and repeated a similar procedure, but instead of the 

within-network connectivity we calculated the connectivity between the ROI and the rest of 

the brain. This is because the Thalamus was composed of a single ROI which makes 

calculating the intra-network not possible  

Relationship with patient’s outcome 

We performed a comprehensive analysis to assess the predictive capacity of brain states for 

patient outcomes, using both weighted entropy and the probability of brain states as 

metrics. Following a three-period post–brain injury, patients underwent assessment using 

the CRS-R. We assigned a binary outcome of 0 when the patient either deceased or 

remained in VS/UWS at the end of the follow-up period, and 1 when the patient evolved to 

MCS or EMCS. This binary variable served as the target in the predictive analysis. 

To evaluate the predictive power of weighted entropy (WE), we conducted a leave-one-out 

cross-validation analysis (Figure 1). For each iteration, all patients except one were used to 

define the brain state clusters, ensuring that the subject left out did not contribute in any 

way to the estimation of the model, thus avoiding data leakage and biased performance. 

Because age differed significantly between the favorable and unfavorable outcome groups, 

we incorporated an age-stratified resampling procedure within each leave-one-out iteration 

to reduce potential confounding. Specifically, after removing the test subject, the remaining 

training set was divided into four age bins (18–35, 35–50, 50–65, 65–100 years). We 

computed the proportion of patients within each bin and generated a stratified training set 
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by sampling within each age bin (with replacement when necessary) according to these 

proportions. This ensured that each training set preserved the original age distribution while 

preventing systematic biases arising from the fact that subjects with better outcomes tended 

to be younger. 

To quantify uncertainty in these performance metrics, we applied a jackknife resampling 

procedure, in which, for each leave-one-out iteration, the metric was recomputed with the 

corresponding observation removed. From the resulting set of jackknife estimates, we 

computed the mean and standard error for accuracy, precision, recall, F1-score, and AUC 

following standard jackknife formulas. 

In order to compare demographic and clinical characteristics between the two outcome 

groups we ran a two-sample independent t-test to assess differences in age, GCS and 

follow-up CRS-R, as well as a Chi-squared test to assess differences between etiology and 

sex. A partial correlation was conducted to examine the association between WE and binary 

outcome, controlling for age, sex, GCS, and etiology. 

Statistical analysis 

In order to quantify the differences between groups we used a linear regression model 

implemented using the Python library Statsmodels version 0.14.0 (Supplementary Material). 

To examine the relationship between the subject's group and the probability of a brain state 

(as well as for the dwell time), we considered both group membership and demographic 

factors such as age and sex as covariates. The model incorporated a categorical variable for 

group (Control vs. Patient) and sex (Female vs. Male) as well as age to account for potential 

confounding variables. For the analysis of brain state differences across sub-networks, we 

used separate models for each sub-network, including both intra- and inter-network 

connections. These values were corrected for multiple comparisons using False Discovery 

Rate (FDR) at a 5% significance level. Each model incorporated brain state (State 1 or State 

6), as well as age and sex, as explanatory variables to control for individual differences in 

connectivity measures.In order to evaluate the statistical significance of our classifier we 

used Fisher’s exact test which is more suitable for small sample sizes than the classical χ2 

test. This test is used to compare the contingency table of the classifier against one obtained 

by random chance. 
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Code and Data availability 

All data was processed using custom MATLAB and Python scripts. Codes are available at 

https://github.com/dellabellagabriel/coma3d. Data used in this paper will be available upon 

reasonable request (EBRAINS). 
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Results 

Dynamic brain states at the early phase of severe brain injury 

Our analysis modeled brain activity using six recurrent brain states, as defined by K-means 

clustering with k=6 (Figure 2a and S2a). These states form a continuum, ranging from highly 

integrated to globally disconnected network configurations. State 1, which exhibited the 

highest entropy (Entropy = 4.34), was characterized by predominantly positive correlations 

within the ventral and dorsal DMN, as well as strong positive connectivity between the two 

subnetworks. In contrast, State 6, which had the lowest entropy (Entropy = 4.05), showed 

markedly weaker correlations within both the ventral and dorsal DMN. The intermediate 

states progressively transitioned between these two extremes, reflecting a gradual loss of 

integration and complexity in DMN connectivity. We also computed the dwell time for 

controls and patients, that is, the average time each subject is in a given brain state (Figure 

S3), but found no statistically significant difference between groups (β = 0.13, SE = 0.07, p = 

0.08). Looking at the connectivity matrices that were classified as State 1 and State 6 and 

averaging the values within sub-networks reveal consistently higher correlation values in 

State 1 vs. State 6 in the dorsal and ventral DMN (Figure 2b, left) (Dorsal: β = -0.19, SE = 

0.01, p = 4x10-27, Ventral: β = -0.03, SE = 0.01, p = 0.04) as well as in the connectivity 

between them (Figure 2b, right) (Dorsal-Ventral: β = -0.07, SE = 0.02, p = 0.0001). When 

looking at the connectivity within and between the selected ROIs, we found the mean 

connectivity to be consistently higher in connectivity matrices classified as State 1 compared 

to those classified as State 6 when comparing the ROI with the rest of the brain  (Figure 2c, 

left) (Thalamus: β = -0.10, SE = 0.04, p = 0.03; PCC: β = -0.31, SE = 0.04, p = 1x10-9 ACC: β = 

-0.20, SE = 0.02, p = 4x10-14 mPFC: β = -0.24, SE = 0.02, p = 4x10-14) as well as when 

comparing ROIs between them (Figure 2c, right) (Thalamus-ACC: β = -0.11, SE = 0.04, p = 

0.01; PCC-ACC: β = -0.39, SE = 0.03, p = 3x10-22; PCC-mPFC: β = -0.23, SE = 0.03, p = 4x10-12; 

ACC-mPFC: β = -0.15, SE = 0.02, p = 4x10-10). All p-values were corrected for multiple 

comparisons using FDR at a 5% significance level. 

Fingerprints of consciousness abolition 

Figure 2d illustrates the distribution of brain states across controls and patients with acute 

DoC. State 1 was mostly associated with the awake state of the controls and was less present 

in patients, while the opposite was observed in State 6. Significant differences were 
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observed in Controls vs. Patients, using a linear regression model (see Methods) with Group 

(Control or Patient), Age and Sex as predictors and the probability of a brain state as a target. 

The probability of State 1 was significantly reduced in patients compared to controls (group, 

β = -0.10, SE = 0.03, p = 0.005; sex, β = -0.01, SE = 0.04, p = 0.64; age, β = -0.0021, SE = 

0.001, p = 0.03). The likelihood of each brain state (Fig 2d) was consistently influenced by the 

subject’s condition. These results are in line with prior studies indicating that high entropy 

states are linked to conscious processing (15,28,29). Although the probability of State 2, 3, 4, 

and 5 show a trend in the expected direction (State 2 with high entropy is more frequent in 

controls and State 5 with low entropy is more frequent in patients) it did not show a 

statistically significant difference in these states. 

Neuroprognostication value 

To assess the prognostic utility of brain state dynamics, we implemented a leave-one-out 

cross-validation approach using Weighted Entropy (WE) as the predictive feature. For each 

iteration, one patient was excluded, and the WE distribution was modeled based on the 

remaining patients, stratified by clinical outcome. The excluded patient's outcome was then 

predicted by comparing their WE value to these distributions. This approach yielded robust 

classification performance, with a statistically significant association between predicted and 

actual outcomes as determined by Fisher’s exact test (χ² = 30.0, p = 0.003). The model 

achieved an accuracy of 82.6 ± 1.7 %, with an area under the ROC curve (AUC) of 0.835 ± 

0.017, a precision of 75.0 ± 2.8 %, a recall of 90.0 ± 2.1 %  and an F1-score of 81.8 ± 1.9 % 

(Figure 3). Notably, the classifier correctly identified 9 out of 12 patients with favorable 

outcomes (75.0%) and 10 out of 11 patients with unfavorable outcomes (90.9%), 

demonstrating a high sensitivity for detecting potential recovery and clinically meaningful 

discrimination at the individual level. 

Baseline demographic and clinical variables, except for age, did not significantly differ 

between patients with favorable and unfavorable outcomes. In particular, initial GCS (t(23) = 

1.27, p = 0.22), etiology (χ2(1, 25) = 2.09, p = 0.15), sex (χ2(1, 25) = 0.08, p = 0.77) did not 

differ significantly between groups. However, we did find a significant difference in age (t(23) 

= 2.65, p = 0.02). A partial correlation was conducted to examine the relationship between 

WE and binary outcome, controlling for age, sex, GCS, and primary brain injury mechanism. 

The association was not statistically significant (r-partial (23) = -0.24, 95% CI [-0.62, 0.24], p = 

0.33). To provide a clinical characterization of the observed brain-state variability, we divided 
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patients according to the median of their Weighted Entropy (high vs. low WE) and compared 

age and initial GCS as baseline measures. No significant differences were found between 

groups, indicating that the variability in brain-state dynamics is not explained by 

demographic or clinical severity factors (Supplementary Figure S4). This analysis rules out 

the possibility that the observed prognostic effects of brain-state dynamics are driven by 

baseline demographic or clinical differences between groups. 

Discussion 

We investigated the brain’s dynamic organization during severe brain injuries leading to 

acute DoC, with the aim of determining very early patterns of spontaneous signal 

coordination specifically associated with consciousness abolition, primary brain injury and 

patient’s potential of recovery. We identified six distinct brain states characterized by 

recurrent patterns of dynamic functional connectivity. Among the six identified brain states, 

two exhibited the most pronounced contrast in both network organization and frequency of 

occurrence. One state—predominantly observed in healthy controls— (State 1) was 

characterized by robust long-range positive correlations within and between the dorsal and 

ventral components of the default mode network (DMN), as well as high overall entropy. 

This configuration reflects a rich and flexible dynamic repertoire, compatible with preserved 

thalamo-cortical communication and high integrative capacity. These features are in line 

with information-theoretic accounts of consciousness and prior evidence linking 

high-entropy brain configurations with conscious processing (32–34).​  

In contrast, the state most frequently observed in patients with acute DoC (State 6) 

exhibited markedly diminished functional connectivity, particularly within key DMN regions 

such as the thalamus, anterior and posterior cingulate cortices, and medial prefrontal cortex. 

This state also showed the lowest entropy values, indicating a restricted repertoire of 

functional configurations and a shift toward rigid, low-information dynamics. These 

alterations are consistent with large-scale network fragmentation and support the 

hypothesis that structural and metabolic disruptions within the DMN contribute critically to 

impaired consciousness. 

Regarding the dynamic functional reconfiguration that was observed in brain injured 

patients, it is worth noting that we have identified a significant shift from positive toward 

negative long-distance signal coordination. This observation is in line with the prediction of 
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the Global Neuronal Workspace theory stating that different streams of information in the 

brain compete for global information dissemination (35). In terms of the spontaneous fMRI 

signal, this could manifest in the mutual inhibition of activity at different cortical regions, 

which can be unbalanced by brain injury, ultimately leading to overriding anticorrelated 

dynamics. 

Finding timely and reliable predictors of neurological outcome from DoC represents an 

outstanding open problem for science. Regardless of primary brain injury mechanisms, we 

have provided multiple and converging lines of evidence about the potential use of brain 

dynamics assessment for early neuroprognostication. To further characterize the link 

between brain dynamic organization and patient’s neurological outcome, we applied a 

leave-one-out classification where each patient’s outcome was classified based on the 

entropy of the rest of the patients. The classifier correctly categorized the outcome of 75.0% 

of patients among those with favorable outcome (9 out of 12) and 90.9% of those with 

unfavorable outcome (10 out of 11), demonstrating the high capacity of this analysis to 

predict the patients’ outcome. 

These results highlight the added prognostic value of dynamic features of brain activity that 

are not captured by static or structural imaging alone. Current clinical algorithms for 

outcome prediction at the early stage of brain injury rely heavily on a combination of 

demographic, clinical, and electrophysiological indicators, which are often imprecise or 

non-informative in borderline cases. By contrast, our dynamic connectivity-based 

metric—specifically the Weighted Entropy—provides a robust early indicator of 3-months 

neurological recovery. This is particularly relevant for patients in the so-called "gray zone," 

where decisions regarding continuation or withdrawal of life-sustaining therapy often rely on 

uncertain prognosis. The present approach may thus help refine clinical decision-making by 

offering an individualized, neurobiologically grounded marker of recovery potential. 

Our results must be interpreted with caution and a number of limitations should be borne in 

mind. The first is related to the limited sample size that limits the generalizability of our 

finding. Despite representing one of the largest prospective fMRI cohorts of patients with 

acute DoC to date, we acknowledge that the present findings require validation in larger 

samples with stricter inclusion criteria to minimize potential confounding effects. In 

addition, the parameter space of our brain state analysis was not exhaustively explored, 

which may limit the generalizability of our findings. For example, in the present study we 
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have chosen the window size (30 TRs) and step size (16 TRs) based on prior studies which 

have been shown to provide a good balance between temporal resolution and estimation 

reliability, we did not perform a formal sensitivity analysis to evaluate how alternative 

parameter choices might affect the structure of identified brain states or the performance of 

the prognostic model. Future studies could benefit from systematically exploring a broader 

parameter space or even implement other methods of connectivity estimation such as LEiDA 

(36) to further assess the robustness and generalizability of the findings. Another limitation 

of this study is the use of Pearson correlation to estimate functional connectivity, which 

captures only linear relationships between regions; future work should explore non-linear 

connectivity measures, such as mutual information or phase synchronization, to better 

capture the complex and potentially nonlinear dynamics of brain networks in patients with 

DoC. Another limitation is that we did not apply graph-theoretical measures to characterize 

the topological properties of the dynamic connectivity patterns. While such approaches 

have proven valuable for quantifying network integration, segregation, and hub structure, 

our analysis focused on state-wise connectivity and entropy measures. Future studies could 

benefit from incorporating graph-based metrics to gain deeper insights into the 

organizational principles underlying brain dynamics in disorders of consciousness.  

While the present study focused on a predefined set of cortical regions, particularly 

subdivisions of the default mode (DMN), we acknowledge that this targeted approach may 

overlook the broader contributions of other brain structures. Consciousness arises from the 

dynamic interplay between cortical and subcortical systems, including arousal-related nuclei 

such as the brainstem, thalamus, and basal forebrain (8), which were not directly addressed 

in our current analysis. Our choice to concentrate on the DMN and its midline 

components—such as the posterior cingulate cortex and medial prefrontal cortex—was 

guided by the anterior forebrain mesocircuit framework and grounded in prior evidence 

indicating the prognostic relevance of DMN connectivity in disorders of consciousness 

(10,11). These regions have consistently emerged as key hubs whose preservation or 

recovery is associated with improved neurological outcomes.  

However, the use of whole-brain analytical models could offer a more comprehensive 

understanding of the spatial and temporal scales of dysfunction and recovery following 

severe brain injury. Such approaches may reveal additional, and potentially synergistic, 

mechanisms of impairment or compensation involving subcortical and arousal-related 
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systems. Additionally, due to the limited sample size, we were not able to perform a reliable 

dissociation between different etiologies of brain injury, such as traumatic versus anoxic 

causes. Although both groups were included in the study, the number of patients in each 

subgroup was insufficient to support statistically meaningful comparisons. Future studies 

with larger and more balanced cohorts will be necessary to determine whether specific 

injury mechanisms give rise to distinct dynamic connectivity profiles. 

To further evaluate the generality of our findings, we conducted an exploratory whole-brain 

analysis using the complete Willard atlas. This analysis yielded qualitatively similar results to 

those obtained within the DMN, indicating that the overall pattern of reduced integration 

and entropy in acute DoC extends beyond default-mode regions. However, the substantially 

larger dimensionality of the full-brain connectivity space (499 × 499) introduced important 

limitations. The increased number of possible configurations led to the emergence of 

sparsely populated or unstable clusters, reflecting insufficient sampling of the full state 

space with the available data (Figure S5). Consequently, only the high- and low-entropy 

states (States 5 and 6) remained robust, while intermediate states became less reliable. 

These observations highlight both the scalability of the current approach and its sensitivity 

to data dimensionality, underscoring the need for larger datasets and longer acquisitions to 

achieve stable whole-brain dynamic characterizations in future work. 

We have observed that acute DoC is related to a critical reorganization of functional 

connectivity, which was characterized by a critical shift toward less informative DMN 

anchored brain states. This result is in line with converging evidence suggesting that 

structural and metabolic integrity of DMN is necessary, though not solely sufficient, for 

consciousness recovery from severe brain injury. Together, our results suggest that, during 

acute DoC, coordinated brain activity is largely restricted to a rigid functional configuration 

characterized by lower entropy and weaker long-distance correlations within the 

fronto-parietal mesocircuit. We suggest that our results allow for early and accurate 

neuroprognostication and hold promise of becoming a valuable new tool to assist 

decision-making in this challenging setting. Finally, it can be argued that the real-time 

detection of this pattern and its reinforcement through pharmacological or externally 

induced manipulations could represent a promising avenue for the therapeutic of 

consciousness. 
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Legends 
Table 1. Patient’s demographic and clinical data. Abbreviations. BI= Brain injury; BS= 

Brainstem; CC=Corpus callosum; DAI= Diffuse axonal injury; CRS-R= Coma Recovery Scale 

Revised at 3 month; DGN: Depp grey nucleus; F=female; Fr=Frontal; GCS= Glasgow coma 

scale (E=Eye; V=Verbal; M=Motor); M=Male; MCS: minimally conscious state; Occ= Occipital 

cortex; Pc=Parietal cortex; SAH= Sub arachnoid hematoma; SDH= Subdural hematoma; 

UWS=unresponsive wakefulness syndrome. 1 Myoclonic status epilepticus; best GCS before 

dying = 3; 2 WLST 13 says post-ICU admission; best GCS before dying = 6; 3 WLST 1-month 

post-ICU admission; best GCS before dying = 3; 4 Death at 2-month post- ICU discharge of 

respiratory failure. Best neurological state before dying: unresponsive wakefulness syndrome 

(CRS-R = 5). 

Figure 1. Analysis pipeline. A) We utilized an fMRI dataset consisting of 23 controls and 25 

patients with acute DoC. Windowed correlation matrices were computed, followed by 

clustering analysis to identify two distinct brain states. The probability of occurrence of 

these brain states was compared between controls and patients, as well as between patients 

with favorable and unfavorable outcomes. Finally, we applied a leave-one-out approach to 

evaluate the potential of this analysis for prognosis. 

Figure 2. Brain states and their relation to clinical conditions. A) Brain states obtained from 

the clustering analysis. These two brain states have different connectivity patterns: State 1 

consists mostly of positive correlation values, particularly in the DMNd. State 6, on the other 

hand, consists of lower correlation values, specifically in the DMNd compared to State 1, and 

in the correlation between DMNd and DMNv. B) Mean correlation in Dorsal and Ventral 

DMN. The dynamic connectivity matrices that were classified as State 1 presented a higher 

mean connectivity value than those classified as State 6 consistent across the two 

sub-networks. C) Mean correlation in Thalamus, PCC, ACC and mPFC sub-networks. The 

dynamic connectivity matrices that were classified as State 1 presented a higher mean 

connectivity value than those classified as State 6. This was consistent across sub-networks 

both in intra and inter connectivity. D) Probability distribution of brain states. State 1 is 

predominantly present in controls and less present in patients, and the reverse is true for 

State 6. *p < 0.05,  **p < 0.01, ***p < 0.001. All p-values were corrected for multiple 

comparisons using FDR at a 5% significance level.  
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Figure 3. Brain states and their relation to patients’ prognosis. Binary classification of 

outcome. The confusion matrix reveals a classification with high sensitivity (75.0%) and high 

specificity (90.9%) as well as a ROC with AUC = 0.830. 

Table 1. Patient’s demographic and clinical data. Abbreviations. BI= Brain injury; BS= 

Brainstem; CC=Corpus callosum; DAI= Diffuse axonal injury; CRS-R= Coma Recovery Scale 

Revised at 3 month; DGN: Depp grey nucleus; F=female;  FOUR (Full Outline of 

UnResponsiveness (E = Eye; M = Motor; B = Brainstem; R = Respiration) Fr=Frontal; GCS= 

Glasgow coma scale (E=Eye; V=Verbal; M=Motor); M=Male; MCS: minimally conscious state; 

Occ= Occipital cortex; Pc=Parietal cortex; SAH= Sub arachnoid hematoma; SDH= Subdural 

hematoma; UWS=unresponsive wakefulness syndrome. 1 Myoclonic status epilepticus; best 

GCS before dying = 3; 2 WLST 13 says post-ICU admission; best GCS before dying = 6; 3 WLST 

1-month post-ICU admission; best GCS before dying = 3; 4 Death at 2-month post- ICU 

discharge of respiratory failure. Best neurological state before dying: unresponsive 

wakefulness syndrome (CRS-R = 5). 
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Supplementary Material  

Table S1. Additional demographic and clinical data. 

Figure S1. Location of ROIs in an MNI template. (A) Color coded ROIs in the DMN in 

radiological orientation divided into Ventral (red) and Dorsal (blue) components. 

Figure S2. Optimal number of Brain states. A) Connectivity matrices representing each of 

the six brain states, sorted by entropy from State 1 (most entropy, characterized by positive 

long-distance correlations) to State 6 (least entropy, characterized by minimal correlation). 

B) Within-cluster sum of squares as a function of the number of clusters. The optimal 

number k is selected by identifying the “elbow” in the graph, which in this case corresponds 

to k=6. C) The dendrogram shows the similarity between the six recurrent brain states 

identified from the sliding-window functional connectivity analysis. Distances between 

branches reflect the Euclidean distance between the upper-triangular elements of the 

centroid connectivity matrices. State 6 is the most distinct from all other states, indicating a 

markedly different connectivity pattern. D) Probability distribution of brain states for State 1 

through 6 which includes controls as well as TBI and Anoxia patients. 

Figure S3. Dwell time across brain states in controls and acute and severe brain injury 

patients. Average dwell time is shown for each group. Each dot represents an individual 

subject. No statistically significant difference in dwell time was found between controls and 

patients (linear regression model, β = 0.13, SE = 0.07, p = 0.08). 

Figure S4. Baseline clinical comparisons between patients with high and low Weighted 

Entropy (WE). Patients were divided according to the median of their Weighted Entropy 

values into high-WE and low-WE groups. Figures show (A) age and (B) initial Glasgow Coma 

Scale (GCS) for each group. No significant differences were found between high- and low-WE 

patients. 

Figure S5. Brain state analysis applied to the whole brain. A) Visualization of the 

Willard-499 ROI atlas rendered in MRI space. Each region of interest (ROI) is shown with a 

distinct color to highlight the spatial parcellation. B) Brain states obtained by running our 

brain state analysis pipeline using the full Willard 499 atlas. These states have been sorted 

by entropy in decreasing order. C) Probability distribution of brain states. State 1, 2, and 3 
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are almost absent from the data whereas State 5 and 6 concentrate the difference between 

controls and patients.  

Supplementary text 1. Subnetwork ROI selection and statistical analysis. 
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