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Abstract 

Disorders of consciousness represent severe neurological conditions that occur following acquired brain 

injury, with highly variable outcomes ranging from full recovery to prolonged unconsciousness and death. 

Understanding the precise brain mechanisms underlying this heterogenous group of disorders remains a 

scientific and medical challenge, impeding progress in the development of treatment or actionable clinical 

plans. Here, we sought to map the precise spatiotemporal pattern of brain alterations in these patients 

by performing a multimodal meta-analysis comprising 90 electroencephalography, magnetic resonance 

imaging and positron emission tomography studies (3,535 observations from rare patients with a 

prolonged disorder of consciousness and 1,372 from healthy controls). To generate hypotheses about 

potential underlying biological mechanisms, we quantified the spatial correspondence between brain 

circuits robustly associated with disorders of consciousness and openly available atlases of normative 

features of human brain biology, including maps on neurotransmission, which could inform new receptor-

based mechanistic models of disease. By assessing 49 electrophysiological features of global brain 

integrity, we show that, in patients, neural electrical activity is consistently and globally stronger (i.e., 

spectral power and connectivity) in the delta band and weaker in the alpha band, while broadband 

entropy and alpha-SD of the participation coefficient best discriminate among patient groups. Using 

coordinate-based techniques, we identify convergent loss of structure, function and metabolism in 

specific cortical hubs of the default mode network and in subcortical “cognitive integration zones”1 of the 

mediodorsal thalamus and of the executive caudate nucleus, at the interface between default mode and 

executive, salience and ventral-attention networks2. This convergent pattern aligns with specific receptor 

distributions (mGluR5, GABA-A, μ-opioid, CB1) and with the noradrenergic transporter 

topography, identifying putative receptor-level candidates for therapeutic trials. Altogether, our findings 

provide a robust foundation for refining current mechanistic models of disorders of consciousness, 

identifying promising clinical diagnostic biomarkers within the heterogenous literature and patient 

profiles, and selecting targets for therapeutic development. 
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Introduction 

Disorders of consciousness (DoC) represent dramatic neurological conditions that occur following severe 

acquired brain injury leading to coma. While coma is a transient state typically lasting a few days3, coma 

survivors can present highly variable outcomes ranging from full recovery of consciousness to a prolonged 

reduction of consciousness (minimally conscious state, MCS) or unconsciousness (unresponsive 

wakefulness syndrome/vegetative state, UWS/VS)4.  

Despite decades of research, the neurobiological mechanisms at the basis of prolonged DoC are far from 

clearly elucidated. Notwithstanding the convergence among prevailing theories of consciousness on the 

view that consciousness depends on the spatiotemporal integration of widespread patterns of brain 

activity5, the discussion around the neuroanatomical basis of such neural dynamics has remained 

exceptionally coarse6. Recently, a neurobiological model for recovery of consciousness in DoC has been 

proposed, providing a neurobiological framework to understand the dramatic alterations in the neural 

signal’s frequency observed in these patients7. Distinguishing itself from other theories5, this mesocircuit 

model points at a well-specified subcortical circuit for the roots of the dysfunction underlying DoC. 

However, at a cortical level, it remains coarse,  indicating the involvement of unspecified regions of the 

frontal, parietal, occipital and temporal cortices7. The most recent clinical guidelines for DoC8 mirror this 

state of incomplete understanding of the neural mechanisms involved in DoC. While strongly 

recommending quantitative electroencephalography (EEG)8 for the diagnostic work-up of DoC, no 

guidance is provided on which among the >250 proposed metrics of consciousness9 provide maximal 

diagnostic or prognostic value. An analogous issue concerns neuroimaging assessments, such as 

[18F]Fluorodeoxyglucose Positron Emission Tomography ([18F]FDG-PET)  and functional magnetic 

resonance imaging (fMRI), for which the guidelines fall short of indicating which neuroanatomical signs or 

patterns are most informative8. In short, we still lack a precise, reproducible disease fingerprint 

specifying which alterations occur and where they localize in the brain of patients with DoC. Achieving 

this could allow to map these alterations onto identifiable neurobiological systems and inform actionable 

plans for therapeutic intervention. 

In establishing a disease fingerprint for DoC, relying on patients with a prolonged DoC (pDoC, ≥28 days 

post-injury) is particularly advantageous. For instance, neurophysiological readouts are less confounded 

by sedation/anesthesia, which is common in acute critical care10. Additionally, the slower clinical 

evolution11 presented by patients with a prolonged DoC facilitates behavioral and neurophysiological 

assessments under arguably stable conditions, improving brain–behavior inferences. However, pDoC is 

rare (≈0.2–6.1 per 100,000 in Europe)8, and specialized expertise and resources for high-quality 

neurophysiology are unevenly distributed12, yielding many small studies that often test only one or a few 

metrics in generally heterogeneous samples with varied etiologies (with few exceptions13,14). This 

landscape hampers replicability and synthesis, complicating the identification of a disease-specific 

fingerprint, assuming that such a unique fingerprint could indeed be identified, i.e., across patients with 

different pathophysiology and unique patterns of brain injury. 

In this paper, we aim to establish the type and the topography of brain alterations at the basis of pDoC, 

by isolating the most consistent, resting-state neurophysiological findings, with high translational 

potential. We conduct quantitative effect-size15 and coordinate-based16 meta-analyses across the past 

two decades of EEG/MEG, MRI, and PET literature, incorporating essential unreported quantitative data, 

where recoverable. We systematically appraise study demographics, methodological quality, and 
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evidential strength. We base this multimodal meta-analysis on neurophysiological tools with millisecond 

temporal resolution, like magnetoencephalography (MEG) and EEG, to answer the question of which 

features of neural activity are globally lost in pDoC. We use neurophysiological tools with millimetric 

spatial resolution, like MRI and PET, to answer the question of where cerebral integrity – i.e., loss of 

structure, neural and molecular function - is precisely lost in pDoC. We also include an emerging 

technology, i.e., functional near-infrared spectroscopy (fNIRS), as a promising, highly portable tool for DoC 

assessment17. To bridge circuits to biology, we relate the resulting cross-modal convergence map to 

independent, multi-level normative datasets, including human molecular-imaging atlases of 

neurotransmission, thereby exposing specific mechanistic hypotheses and actionable gaps to guide future 

research and clinical translation. 

Results 

Studies and population characteristics  

Screening - Literature search in MEDLINE, Scopus and EMBASE for neurophysiological studies of patients 

with pDoC resulted in identification of a total of 7,450 (883 PET/single photon emission computed 

tomography (SPECT), 2,415 MRI, 72 fNIRS and 4,080 EEG/MEG) potentially eligible studies. After screening 

abstracts and full-texts, we identified 53 EEG13,14,18-68, 19 PET18,38,50,69–84 and 26 MRI18,50,70,85–107 studies, for 

a total of n=90 (including 6 multimodal28,31,44,73,79,82) resting-state studies assessing predominantly adult 

patients with pDoC, after awakening from coma (i.e., UWS/VS and MCS), with clinical assessment based 

on a validated clinical scale (Figure 1). We identified no studies using MEG, fNIRS or SPECT fitting our 

inclusion criteria. 

Study and population characteristics – We included 90 studies published between 2003 and 2023, based 

on data obtained in 32 recruiting centers located in 12 different countries in Asia, Europe and America, 

including a median of 27 pDoC patients per study (Figure 2A). Included studies reported PET, MRI and EEG 

findings from 1,372 observations in healthy volunteers and 3562 observations in pDoC patients (n=1,817, 

51.01% UWS/VS; n=1,718, 48.23% MCS). Detailed demographical and clinical information relative to the 

specific participants undergoing the neurophysiological assessments of interest was missing in 205 

(14.94%) of healthy volunteers observations (286 (8.02%) of pDoC) for sex, 225 (15.98%) of healthy 

volunteers observations (313 (8.79%) of pDoC) for age, and 499 (14%) and 461 (12.94%) of pDoC patients 

for etiology and time since injury, respectively. Males were slightly overrepresented in both healthy 

volunteers (M: n=609, 44.38%; F: n=558, 40.61%) and pDoC patients (M: n=1,995, 56%; F: n=1,281, 

35.96%)(χ2(2, n=4934)=78.78, p<.001). The estimated average age was 42.74±13.63 (5.8-80) years in the 

healthy volunteers and 46.01±14.22 (5-90) years in pDoC, with healthy older participants slightly 

underrepresented (t(4932)=-7.32, p<.001, Hedges’ g=0.23). Etiology of the pDoC patients was 1.60 times 

more likely to be non-traumatic (n=1,884 (52.89%), including 574 (16.12%) of anoxic cases) than traumatic 

(n=1,179, 33.10%). Estimated time since injury was of 30.93±32.31 (0-423) months, with 26 (29.54%) 

studies including primarily (>95%) pDoC observations less than 12 months since injury (Figure 2B).  

Quality of evidence – Among 53 EEG, 19 PET and 26 MRI studies, 64 were cross-sectional case-control 

studies comparing DoC patients against healthy volunteers. According to a 7-item adapted version of the 

Newcastle Ottawa Scale (NOS) (Supplementary Table 1), the median quality of evidence was 3.5 (IQR: 

2.5-4; range: 2-7) (Table 1). The lowest scores were obtained for the selection of controls, with 60 (93.8%) 

studies not including or not providing adequate information on inclusion of community controls. Forty- 
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three (67.2%) studies did not include or did not report details about definition of the controls, and 43 

(67.2%) about the representativeness of the cases. While most studies did not explicitly state whether 

cases and controls were comparable by age (n=51, 79.69%) or sex (n=58, 90.66%), the majority did include 

comparable cases and controls (n=37, 57.8% for age and n=43, 67.2% for sex). All studies, per inclusion 

criteria, defined ascertainment of exposure adequately.  

A 3-item adapted version of the NOS, excluding items relative to controls, was used to assess the 

remaining 34 cross-sectional studies, comparing DoC patients between each other with a median quality 

of evidence of 3 (IQR: 2-3; range: 2-3).  

 

Figure 1. PRISMA (2020) flow diagrams for study selection 

[The high resolution figure can be visualized at: 

https://drive.google.com/file/d/11Mzd6zR9W8gqSBzsH9QFwbMTNyB3T0mQ/view?usp=sharing] 

Abbreviations: EEG, electroencephalography; fNIRS, functional near-infrared spectroscopy; MEG, 

magnetoencephalography; MRI, magnetic resonance imaging; PET, positron emission tomography; SPECT, 

single-photon emission computed tomography.  

https://drive.google.com/file/d/11Mzd6zR9W8gqSBzsH9QFwbMTNyB3T0mQ/view?usp=sharing
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Figure 2. Overview of included studies and observations. (A) Characteristics of included studies. 

Map shows the geographic locations of recruiting centers. Size of bubbles is proportional to the number 

of studies using data of a given center. Timeline shows the year of publication of included studies. Size of 

bubbles is proportional to the number of studies published in a given year. Sunburst plot shows the 

proportion of studies based on the type of neurophysiological tool included in the meta-analysis. (B) 

Characteristics of included observations. Stacked bar charts show distributions of included observations 

by clinical status, sex and etiology of brain injury, respectively. Probability density function plots show the 

estimated number of observations with a given age (in years) or time since injury (in months) across all 

studies (left y axis, continuous line) and per study (right y axis, dotted lines). [The high resolution figure 

can be visualized at: https://drive.google.com/file/d/13Ji-

foEkQ2LZXPGhfYglC75yhV0NwAh8/view?usp=sharing] 

Abbreviations: EEG, electroencephalography; HC, healthy controls; MCS, minimally conscious state; MCS*, 

minimally conscious state star; MRI, magnetic resonance imaging; nTBI, non-traumatic brain injury; pDoC, 

https://drive.google.com/file/d/13Ji-foEkQ2LZXPGhfYglC75yhV0NwAh8/view?usp=sharing
https://drive.google.com/file/d/13Ji-foEkQ2LZXPGhfYglC75yhV0NwAh8/view?usp=sharing


 7 

prolonged disorders of consciousness; PET, positron emission tomography; TBI, traumatic brain injury; 

UWS/VS, unresponsive wakefulness syndrome/vegetative state. 

Electrophysiological findings 

Random-effects meta-analyses of EEG, MEG and fNIRS findings were performed to evaluate which 

features of neural activity are globally lost in pDoC. Fifty-three EEG, 0 MEG and 0 fNIRS studies 

investigating neurophysiological changes at the global brain level were eligible for inclusion in the random-

effects meta-analyses. These studies investigated 335 distinct global (i.e., whole brain) neurophysiological 

features overall. Among all studies, 28 included 228 neurophysiological features in pDoC patients and 

healthy volunteers, and 46 included 315 neurophysiological features in UWS/VS against MCS patients. Out 

of 335 features, 221 (65.97%) could be grouped into 143 subfamilies of analogous features across 

different frequency bands (Supplementary Table 2). As the recommended threshold for random-effects 

meta-analysis is of five studies108, we hereby describe the results of 11 random-effects meta-analyses on 

subfamilies of analogous features in a total of 11 studies comparing pDoC patients against healthy 

volunteers and of 38 random-effects meta-analyses in a total of 39 studies comparing UWS/VS against 

MCS patients. In Supplementary Tables 3-6, we report results of the primary and secondary comparisons 

of interest based on at least five studies. 

Differences in pDoC neurophysiology 

Study characteristics – The n=11 EEG studies comparing global neurophysiological features in pDoC 

patients against healthy volunteers and n=39 EEG studies comparing UWS/VS against MCS, relied 

respectively on three (power spectral density (PSD), connectivity and graph theory) and six (PSD, 

connectivity, graph theory, microstates, entropy and complexity) families of EEG features over a total of 

549 and 1,474 observations. EEG features were obtained with caps of various densities (8-256 electrodes), 

with data predominantly analyzed at the scalp level (n=9 studies, 81.82% and n=35 studies, 89.74%, 

respectively). Acquisitions were carried out predominantly with eyes open (n=8, 72.72%) for studies 

comparing pDoC patients against healthy volunteers, and more variable settings (eyes open n=13, 30%, 

closed n=5, 12.82%) for studies comparing UWS/VS and MCS. Information on sedation was not reported 

in n=10, 90.91% and in n=18, 46.15% studies, respectively (Figure 3A).  

Meta-analyses (pDoC vs. healthy volunteers) – Figure 3B shows the standardized mean difference (SMD) 

and relative confidence interval (CI) for the 11 meta-analyses, based on 5 to 8 studies (Supplementary 

Table 3). Compared to healthy volunteers, pDoC patients showed (i) significantly reduced relative power 

in alpha (SMD: -2.36, 95% CI [-3.00,-1.73]) and beta (-1.31, [-1.76,-0.86]) bands and significantly increased 

relative power in the delta band (2.00, [1.60,2.39]); (ii) significantly reduced connectivity in alpha (-1.23, 

[-1.63,-0.83]) and beta (-0.44, [-0.86,-0.02]) bands and significantly increased connectivity in the delta 

(2.00, [1.60,2.39]) and theta (0.41, [-0.43,1.24]) bands. All significant effects reported were large, except 

for connectivity in beta and theta (medium). Results were confirmed in overall n=24 sensitivity analyses 

(n=0-4 sensitivity analyses per each meta-analysis), i.e., they were robust to choice of specific EEG feature, 

imputation, clinical subpopulation and outliers35,63, with the exception of the result of decreased 

connectivity in the beta band, which did not survive removal of an outlier35. Heterogeneity was significant 

across all meta-analyses, ranging from substantial to considerable (median I2: 0.74, IQR: 0.71-0.89, range: 

0.62-0.93) (Supplementary Table 3). Heterogeneity was solved by removal of an outlier35 in 4 (36.36%) 

meta-analyses. Publication bias could not be reliably assessed due to the low (N<10) number of studies. 
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Figure 3. Overview of included EEG studies and converging alterations in global features of neural 

activity in pDOC. (A) Characteristics of the n=11 and n=39 EEG studies included for the pDoC vs. healthy 

volunteers and UWS/VS vs. MCS comparisons, respectively. Bar charts show distribution of studies by 
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number of electrodes used, acquisition setting (i.e., eyes open, closed vs. not controlled for; sitting or 

lying), use of sedation (i.e., none vs. possible in some patients), and level of data analysis (scalp vs. source). 

The number of studies available per family of EEG measures, for each band and broadband, is also shown. 

(B) Converging alterations in global features of neural activity are denoted in red for pDoC patients vs. 

healthy volunteers (left) and UWS/VS patients vs. MCS patients (right), as deemed significant at p<0.05 

uncorrected for multiple comparisons. Each row shows the pooled standardized mean difference and 95% 

confidence interval for each of n=49 meta-analyses. The hashtag denotes significant effects that could not 

be replicated in at least one of the n=78 sensitivity analyses. [The high resolution figure can be visualized 

at: https://drive.google.com/file/d/1LJkDhKkZxCbTHUoS7Oupa3cF9XOuH9iN/view?usp=sharing] 

Abbreviations: BB, broadband; DoC, disorders of consciousness; EEG, electroencephalography; HC, healthy 

controls; MCS, minimally conscious state; NA, not available; NC, not controlled for; pDoC, prolonged 

disorders of consciousness; PSD, power spectral density; SMD, standardized mean difference; UWS/VS, 

unresponsive wakefulness syndrome/vegetative state.  

Meta-analyses (UWS/VS vs. MCS) - Figure 3B shows the SMD and CI for the 39 meta-analyses, based on 5 

to 16 studies (Supplementary Table 4). Compared to MCS patients, UWS/VS patients showed (i) 

significantly reduced relative power in theta (-0.34 [-0.50,-0.18]) and alpha (-0.48 [-0.80,-0.16]) bands and 

significantly increased relative power in the delta band (0.36 [0.05,0.68]); (ii) significantly reduced 

connectivity in alpha (-0.59 [-0.87,-0.31]) and beta (-0.48 [-0.92,-0.05]) bands; (iii) significantly reduced 

standard deviation of the participation coefficient (related to the presence of connectivity hubs) in the 

theta (-0.49 [-0.77,-0.21]), alpha (-1.06 [-1.82,-0.31]) and beta (-0.68 [-1.19,-0.18]) bands; (iv) significantly 

reduced broadband entropy (-1.01 [-1.53,-0.48]) and complexity (-0.61, [-1.16,-0.06]). All significant 

effects reported were medium, except for broadband entropy and standard deviation of the participation 

coefficient in the alpha band (large). Results were confirmed in overall n=54 sensitivity analyses (n=0-4 

sensitivity analyses per each meta-analysis), i.e., they were robust to the choice of EEG sub-band, specific 

EEG feature, imputation, clinical subpopulation and outliers28,33,35,51, with the exception of the result of 

decreased connectivity in the beta band, which did not survive after choice of a different beta sub-band; 

further, non-significant results for theta connectivity and absolute power became significant after 

excluding input based on imputation and one outlier, respectively. Heterogeneity was significant across 

19 (48.72%) out of all meta-analyses, ranging from not important to substantial (median I2: 0.39, IQR: 

0.00-0.70, range: 0.00-0.84) (Supplementary Table 4). Heterogeneity was solved by removal of an outlier, 

among28,33,35,51, in 9 out of 19 (47.37%) heterogeneous meta-analyses. Publication bias could be assessed 

for ten EEG metrics; no asymmetry was observed in the funnel plots of either metric, confirmed by 

Pustejovsky and Rodgers version of the Egger’s test109 indicating no significant publication bias.  

Neuroimaging findings 

Random-effects coordinate-based meta-analysis was performed to evaluate where structural, functional 

and molecular cerebral integrity is altered in pDoC. Fourteen PET, 21 MRI and five PET/MRI voxel-wise, 

whole-brain studies were eligible for inclusion in the coordinate-based meta-analysis. All studies 

investigated structural, functional and molecular differences in the gray matter, with the exception of one 

white matter study110. Among studies in the gray matter, 39 compared pDoC patients against healthy 

volunteers, with 40 experiments evaluating decreased and 17 experiments evaluating relative 

preservation of cerebral integrity in pDoC, and 10 evaluating decreased cerebral integrity in UWS/VS 

against MCS patients. As the recommended threshold for coordinate-based meta-analysis is of 20 

https://drive.google.com/file/d/1LJkDhKkZxCbTHUoS7Oupa3cF9XOuH9iN/view?usp=sharing
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experiments111, we here describe the results of coordinate-based meta-analysis of decreased cerebral 

integrity comparing pDoC patients against healthy volunteers, and evaluate the contributions of UWS/VS 

and MCS groups per cluster when available. We report results of each primary and secondary comparison 

of interest (including exploratory meta-analyses based on 10-19 experiments) in Supplementary Tables 

7-11 and in the Zenodo database. 

Decreased cerebral integrity in pDoC  

Study characteristics - Of the 39 PET and MRI studies investigating decreased cerebral integrity in pDoC 

patients, the great majority reported findings based on [18F]FDG-PET imaging of glucose metabolism 

(N=19, 48.72%) and/or functional MRI imaging of blood-oxygen level dependent (BOLD) signal (n=21, 

53.85%). Acquisitions were carried out with variable resting condition settings (eyes open n=5, 12.83%; 

closed n=9, 23.08%), with the majority (25, 64.1%) of studies not reporting or not controlling for the latter. 

Information on sedation (n=12, 30.77% no sedation; n=4, 10.26% possible) was not reported in n=23, 

58.97% of studies (Figure 4A). 

Coordinates characteristics - The majority (n=580, 72.23%) of coordinates were reported by fMRI studies, 

followed by PET (n=172, 21.42%) and sMRI (n=51, 6.35%) studies. All sMRI coordinates were derived from 

comparisons of measures of voxel-based morphometry; the majority of PET coordinates (n=166, 96.51%) 

from measures of relative glucose metabolism, with scaling to the global mean in 86.75% (n=144) of 

reported coordinates; the majority of fMRI coordinates from comparisons of various functional 

connectivity measures (n=520, 89.66%) or intensity of spontaneous fluctuations (n=46, 7.93%) (Figure 4B; 

Supplementary Table 12).  

Coordinate-based meta-analysis in pDoC - The coordinate-based meta-analysis (based on 39 studies, 40 

experiments and 1,156 subjects) indicated converging decreases in eight clusters, with findings in each 

cluster supported on median by n=12 independent experiments (range: 10-30), with a median average 

non-linear contribution per experiment of 4.46% (range: 0.09-21.30%) indicating robust meta-analytical 

findings. We found converging decreases in cerebral integrity in the subcortical regions of the thalamus, 

mainly in the mediodorsal nucleus (89.29% of this nucleus [55.28% of assigned voxels in the thalamic 

cluster]), central lateral nucleus (37.62% [15.47%]), centre median nucleus (32.77% [4.7%]) and ventral 

later posterior nucleus (21.8% [15%]), and the caudate nucleus, almost exclusively in its executive 

subdivision (13.13% [98.7%]). At cortical level, decreases in cerebral integrity converged almost 

exclusively within the boundaries of the default mode network (DMN) (7.59% [99.6%]), and specifically 

on the precuneus (mainly area 7m (39.62% [29.53%])), posterior cingulate gyrus (primarily area d23ab 

(63.98% [33.66%]), plus v23ab (31.25% [10.8%])) and angular gyri (primarily area PGi (27.5% [62.85%]), 

plus PGs (11.66% [20.82%])), bilaterally. Significant clusters were reported at the level of the medial 

prefrontal cortex (primarily area 9m (2.88% [68.73%])) and medial orbitofrontal gyrus (primarily area 10v 

(2.63% [48.25%])). Results were deemed significant at a cluster-level p<0.05 FWE-corrected statistical 

threshold and a voxel-level uncorrected p<0.001 cluster-forming threshold (Figure 4C; Supplementary 

Table 7).  

UWS/VS vs. MCS contribution analysis – Leveraging available information on specific clinical sub-

populations of pDoC, we evaluated the non-linear contribution of UWS/VS and MCS to the meta-analytical 

results in pDoC: (i) MCS contributed predominantly to subcortical alterations (median contribution of 

41.86% by MCS, 21.33% by UWS/VS); (ii) UWS/VS contributed predominantly to cortical alterations 
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(UWS/VS: 50.64%, MCS: 17.41%); (iii) UWS/VS and MCS jointly contributed to alterations in the thalamus 

(UWS/VS: 38.92%, MCS: 41.86%) and precuneus/posterior cingulate (UWS/VS: 43.57%, MCS: 30.21%) 

(Figure 4C). Results of the exploratory meta-analyses in UWS/VS and MCS are reported in Supplementary 

Results and Tables 10-11. 

Figure 4. Overview of included MRI/PET studies and converging areas of decreased cerebral integrity in 

pDOC. (A) Characteristics of the n=39 included MRI/PET studies. Bar charts show distribution of studies 

by imaging modality, acquisition setting (i.e., eyes open, closed vs. not controlled for) and use of sedation 

(i.e., none vs. possible in some patients). (B) Characteristics of the n=803 known locations of decreased 

cerebral integrity. Bar charts show distribution of coordinates by imaging modality, measure of interest 
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and study. Brain renders show spatial localization of coordinates in Montreal Neurological Institute (MNI) 

space. (C) Clusters of significant spatial convergence of the n=803 known locations of decreased cerebral 

integrity. Clusters surviving a cluster-level p<0.05 FWE-corrected statistical threshold and a voxel-level 

uncorrected p<0.001 cluster-forming threshold are shown. The number next to each cluster’s label 

indicates the amount of independent experiments directly contributing to that cluster. Bar charts show 

the average non-linear contribution of different features, i.e., imaging modality (sMRI, PET, fMRI) and 

clinical group (UWS/VS, MCS or pDoC) to each cluster. The pDoC label refers to experiments where 

UWS/VS and MCS are analyzed jointly, so that the contribution of each clinical group cannot be estimated. 

Brain renders were created using MRIcroGL (https://github.com/rordenlab/MRIcroGL). [The high 

resolution figure can be visualized at: 

https://drive.google.com/file/d/15cu0HEI3ikCLxx8QGL5vVLzWOdU9DbcM/view?usp=sharing] 

Abbreviations: ALFF, amplitude of low frequency fluctuations; FCS, functional connectivity strength; fMRI, 

functional magnetic resonance imaging; ICA, independent component analysis; ICC, intrinsic connectivity 

contrast; MCS, minimally conscious state; NA, not available; NC, not controlled for; pDoC, prolonged 

disorders of consciousness; PET, positron emission tomography; qCMRglc, quantitative measure of the 

cerebral metabolic rate of glucose; sMRI, structural magnetic resonance imaging; SUVglobal, standardized 

uptake value scaled to the global mean; SUVROI, standardized uptake value scaled to a region of interest; 

UWS/VS, unresponsive wakefulness syndrome/vegetative state; VBM, voxel-based morphometry. 

MRI vs. PET contribution analysis - The contribution analysis showed that PET and sMRI predominantly 

accounted for subcortical clusters, whereas fMRI mainly contributed to cortical clusters, except in the 

precuneus/posterior cingulate region, where both PET and fMRI contributed considerably (Figure 4C; 

Supplementary Results). Results of the exploratory meta-analyses in each imaging modality, are reported 

in Supplementary Tables 13-14.  

Spatial correlation with an independent panel of multi-level neurobiological data  

To characterize the biological mechanisms underlying decreased cerebral integrity in pDoC patients, we 

contrasted the unthresholded meta-analytical Z-score map derived from the 39 studies above (Figure 5A), 

representing the likelihood of decreased cerebral integrity associated to pDoC to occur in each voxel, 

against the spatial distribution of 65 neurobiological features of the human brain, as obtained from an 

independent sample of n=5,215 individuals. Significance of spatial correlations was set at p<0.05 after 

Bonferroni correction for multiple comparisons within each map type, as robustly estimated based on 

three methods for random null-map generation, iterations adaptively adjusted. Spatial correlation with 

cortical brain maps showed that decreased cerebral integrity in pDoC followed (i) a unimodal-transmodal 

functional and (ii) an evolutionary hierarchy, with higher-order associative areas and cortical areas that 

expanded the most in the evolution from macaque to human, most likely to be affected in pDoC (Figure 

5B). Spatial correlation with whole brain maps showed that loss of cerebral integrity in pDoC was most 

likely to occur in areas typically sustaining higher neural activity (as supported by higher perfusion, glucose 

metabolism and synaptic density) (Figure 5C). Comparison against neurotransmission systems showed 

that the likelihood of brain alterations in pDoC was significantly and reliably associated with specific post-

synaptic elements within the non-monoaminergic systems, namely expression of excitatory metabotropic 

glutamatergic 5 (mGLU5) receptors, inhibitory metabotropic mu-opioid and cannabinoid 1 (CB1) receptors 

and inhibitory ionotropic gamma-aminobutyric acid A (GABA-A) receptors. Among monoaminergic 

transmitters, we found a reliable association with the pre-synaptic noradrenaline transporter. 

https://github.com/rordenlab/MRIcroGL
https://drive.google.com/file/d/15cu0HEI3ikCLxx8QGL5vVLzWOdU9DbcM/view?usp=sharing
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Figure 5. Spatial correlation between likelihood of decreased cerebral integrity in pDoC and spatial 

distribution of neurobiological brain features. (A) Brain render of the meta-analytical map of decreased 

cerebral integrity in pDoC (unthresholded). Positive Z-score values indicate above-chance likelihood of 

finding decreased cerebral integrity for a given voxel. (B) Bar charts denote the magnitude of Pearson’s 

correlation coefficient between likelihood of pDoC-related brain alterations and a wide range of 

neurobiological, i.e., microstructural, functional, electrophysiological and organizational cortical features. 

Colored vs. gray bars denote significant vs. non-significant correlations at p<0.05 Bonferroni-corrected for 

multiple comparisons. Level of spatial expression of each cortical feature is shown in surface renders 

created with Matplotlib (https://matplotlib.org/stable/). (C) Bar charts denote the magnitude of Pearson’s 

correlation coefficient between likelihood of pDoC-related brain alterations and a wide range of 

neurobiological molecular brain features. Colored vs. gray bars denote significant vs. non-significant 

correlations at p<0.05 Bonferroni-corrected for multiple comparisons. Bars for the neurotransmission 

panel are further color-coded for transporters, excitatory/inhibitory and ionotropic/metabotropic 

receptors. Level of spatial expression of each brain feature is shown in brain renders created with 

MRIcroGL (https://github.com/rordenlab/MRIcroGL). [The high resolution figure can be visualized at: 

https://drive.google.com/file/d/1NHefjZKxthdbqjOIMImcPhgiqMyKX_Pl/view?usp=sharing] 

Abbreviations: α4β2 nAChR, alpha4beta2 nicotinic acetylcholine receptor; 5-HT_R, serotonin receptor; 5-

HTT, serotonin transporter; CB1R, cannabinoid receptor type 1; D1R, dopamine receptor D1; D2R, 

dopamine receptor D2; DoC, Disorders of Consciousness; GABAAR, gamma-aminobutyric acid a receptor; 

HCP, Human Connectome Project; KOR, kappa-opioid receptor; M1 mAChR, muscarinic acetylcholine 

receptor M1; mGluR5, metabotropic glutamate receptor 5; MOR, mu-opioid receptor; NET, norepinephrine 

transporter; NMDAR, N-methyl-D-aspartate receptor; NIH, National Institutes of Health; pDoC, prolonged 

disorders of consciousness; PNC, Philadelphia Neurodevelopmental Cohort; SA axis, somatosensory to 

associative axis; T1w/T2w, T1-weighted / T2-weighted ratio; VAChT, vesicular acetylcholine transporter. 

Discussion 

In this multimodal meta-analysis, we provide the most comprehensive quantitative synthesis of resting-

state neurophysiological alterations in patients with pDoC to date. By establishing the type of physiological 

alterations and the topography of structural, functional and molecular damage in the pDoC population, 

we isolate the most consistent findings, providing markers with high translational potential. Integrating 

reported and recovered (previously unreported) results from a total of 90 studies and 3,535 EEG, PET and 

MRI observations acquired with heterogeneous protocols and hardware, our main findings in pDoC were 

three-fold: (i) a robust global shift in neural activity toward stronger delta and weaker alpha power and 

connectivity; (ii) anatomically precise, cross-modal loss of structure, function and metabolism centered 

on subcortical “integration zones” of the mediodorsal thalamus and the executive subdivision of the 

caudate nucleus, together with specific cortical hubs of the DMN; and (iii) a preferential association of 

these alterations with non-monoaminergic neurotransmission - excitatory glutamatergic and inhibitory 

GABAergic systems - and, to our knowledge for the first time in DoC, modulatory opioid and cannabinoid 

systems. We also found that broadband entropy and alpha-standard deviation of the participation 

coefficient best discriminate among unresponsive and minimally conscious patients. Below, we discuss in 

further detail each of these findings. 

First, we found that patients with a pDoC show a consistent slowing of the global power spectrum, with 

decreased oscillatory power and connectivity in the alpha band, and increased oscillatory power and 

https://github.com/rordenlab/MRIcroGL
https://drive.google.com/file/d/1NHefjZKxthdbqjOIMImcPhgiqMyKX_Pl/view?usp=sharing
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connectivity in the delta band. The former might derive from the amplification of tonic firing of the 

thalamus by cortical neurons receiving intact thalamocortical afferents112, whereby the latter is observed 

in the cortex under pathological deafferentation113 and pharmacological or physiological114 decoupling of 

the thalamus and subsequent disfacilitation of the cortex. This electrophysiological profile aligns well with 

our robust observation (in n=24 experiments) of structural, functional and molecular loss of integrity in 

the thalamus of pDoC patients. Interestingly, while duration of alpha oscillatory events depends on 

GABAergic receptors, the frequency of the oscillations seems to be modulated by activation of 

metabotropic glutamatergic signalling115. These are receptors we find highly expressed within regions 

showing decreased cerebral integrity in pDoC (Figure 5). Notably, following reduced glutamatergic 

input116, theta oscillations can emerge as a slowing of alpha oscillations, a mechanism that might explain 

the lack of a significant decrease in theta power observed in pDoC patients (Figure 3). The global 

preservation of theta power in pDoC may result from heterogeneous and potentially widespread regions 

with preserved function, as cortical regions functioning in isolation tend to resonate around 7 Hz117. The 

observed increase in theta connectivity in pDoC is also consistent with this hypothesis, as theta 

connectivity in the healthy brain is associated with DMN function specifically, and thus spatially 

restricted118. We also observed a robust beta band decrease, which may reflect a cortical generator 

alone119 and/or extrinsic synaptic drive from basal ganglia (including striatal medium spiny neurons)120 or 

thalamus121; this dovetails with our evidence for loss of integrity in cortex and subcortex (thalamus and 

caudate; Figure 4). Subgroup analyses showed that UWS/VS patients exhibit higher delta power and lower 

alpha power/connectivity than MCS patients. By contrast, theta power (but not connectivity) was higher 

in MCS than UWS/VS, which we interpret as better capacity for local theta generation in MCS7 despite the 

absence of normal DMN theta dynamics118. This aligns with our exploratory anatomical findings of a more 

spatially restricted loss of DMN integrity in MCS relative to the broader injury seen in UWS/VS. Together, 

these results support complementary global (thalamocortical) and local (cortical) mechanisms shaping 

rhythm-specific alterations in pDoC. 

Second, we identified anatomically specific decreases in cerebral integrity that partly revise prevailing 

narratives71,122. Cortically, we confirm consistent DMN involvement - precuneus (area 7m), posterior 

cingulate (d23ab), inferior parietal lobule (PGi), and portions of medial prefrontal cortex (areas 9m/10v) -

but, strikingly, we find no cross-study-consistent loss outside the DMN. This challenges the traditional 

framing of pDoC as a conjoint disorder of “internal” (DMN) and “external” (central 

executive/frontoparietal) awareness networks71,122. Instead this is in accordance with a modern view of 

the DMN as an integrative system supporting both internally directed and stimulus-related cognition by 

sustaining an ongoing internal narrative or “frames of thought”123–125 necessary to construct and maintain 

an experience of subjective continuity126. Furthermore, the DMN subregions we identified map 

preferentially onto activation networks representing the conceptual/narrative self127,128 rather than the 

core/bodily self, for which we find no consistent alteration (anterodorsal precuneus129, middle 

cingulate127), nor in pDoC, nor in UWS/VS alone. Subcortically, we confirm thalamic involvement, 

predominantly in the mediodorsal nucleus  (≈90% of its volume)  and partially in the intralaminar nuclei 

(≈20-40% of their volumes)(see Supplementary Discussion). The mediodorsal nucleus, a calbindin-rich 

matrix nucleus of higher-order thalamus, exerts a broad excitatory influence not only on medial prefrontal 

cortex130 (including frontomedial areas like BA 32 and 9m131) but also on posterior cingulate132 and angular 

gyrus133, which are both key DMN nodes (Figure 4). Together with tract-tracing studies reporting selective 

connections of the mediodorsal thalamus with the deep layers of areas 23 of the posterior cingulate 

cortex132, this may suggest the presence of mediodorsal nucleus–DMN coupling. In parallel, we show 
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consistent caudate involvement specific to its executive subdivision, which projects to dorsolateral and 

medial frontal cortex134. Recent precision connectivity mapping135–137 places both dorsal thalamus and 

executive caudate within a subcortical “cognitive integration zone” that regulates DMN coupling to other 

large-scale networks2,  a process known to be disrupted in pDoC1. Collectively, our findings demonstrate 

that pDoC alterations localize to DMN hubs and to subcortical integration zones at the interface between 

DMN–executive/salience/ventral-attention2 networks, allowing to better specify existing 

pathophysiological models of DoC. Integrating the study of DoC with that of other global states of 

consciousness where subjective reporting is possible will allow to understand the functional significance 

of these findings for consciousness versus responsiveness, disentangling the contribution of DMN itself 

and on the other hand of the interface between DMN and other large-scale networks to either or both.  

Third, we found that the topography of decreased cortical integrity aligns to uni-to-transmodal and 

evolutionary expansion axes. The association of transmodal, evolutionary expanded areas to 

pathologically reduced consciousness/responsiveness seems to be in keeping with the tethering 

hypothesis. This posits cortical expansion as a mechanism with which transmodal brain areas can evolve 

to support complex cognitive tasks, by “untethering” from direct roles in input and output systems138,139. 

We also found that the topography of decreased cerebral integrity consistently aligns with the expression 

of several neurotransmission features. This, mostly involved receptors from the non-monoaminergic class 

that are strongly expressed along cortical midline and subcortical structures, i.e., brain regions with high 

neural activity, as indexed by high blood perfusion, glucose metabolism and synaptic density (Figure 5C). 

In more detail, our neurotransmission findings pertain three main domains: (1) arousal, (2) large-scale 

neural communication and (3) fine-tuning of excitatory-inhibitory integration. First, among monoamines, 

we observed selective, positive associations with the presynaptic noradrenaline transporter (NET), 

consistent with noradrenergic roles in arousal140, affecting the cortical signal-to-noise ratio through gain 

control141, attentional gating142, responsiveness to salient stimuli143, and recent rodent data showing that 

tonic firing of the locus coeruleus modulates frontal nodes of the DMN144. Furthermore, we found robust, 

positive associations with postsynaptic mGluR5 and GABA-A receptor maps, supporting an excitatory–

inhibitory (E/I) imbalance145 that would steepen the EEG aperiodic slope146, favoring lower-frequency 

activity (Figure 3). We also identified replicable, positive associations with μ-opioid and CB1 receptor 

distributions. To our knowledge, this is the first proposal of a direct link between DoC-related loss of brain 

integrity and opioid/cannabinoid systems (notwithstanding their putative roles in some anesthetic 

states147). Both μ-opioid and CB1 receptors interact with glutamatergic and GABAergic signaling to fine-

tune E/I integration, providing a plausible substrate for large-scale rhythm reorganization148,149. In detail, 

mu-opioid receptors inhibit the pre-synaptic release or post-synaptic effects of glutamate and GABA, 

resulting in sharp changes in neuronal excitability65,66. Cannabinoid1 receptors inhibit release of 

glutamate, GABA and other transmitters67, and form complexes with mGLU5 receptors to modulate 

plasticity68. Last, both mu-opioid and cannabinoid1 receptors co-localize post-synaptically64 suggesting an 

interactive effect on glutamate and GABA. Altogether, these convergences motivate future receptor-

informed interventions: mGluR5 modulators (e.g., mavoglurant, a drug close to phase III testing for 

treating addiction150) and agents enhancing cortical gain via noradrenaline reuptake inhibition (e.g., 

atomoxetine, used to treat ADHD151). Such approaches might, in principle, target distributed circuit 

dysfunction, potentially eliciting broader effects than traditional, focal neurostimulation strategies. 

Interpretational constraints apply: normative maps are correlational and partly collinear (e.g., transmodal 

gradient, evolutionary expansion, DMN hubness), so associations should not be taken as causal. 

Nevertheless, leveraging unthresholded convergence maps, family-wise correction within map types, 
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replication across different estimation methods for spatial nulls, and an independent population atlas, 

mitigate circularity and thresholding artefacts. Moving beyond correlative approaches based on 

normative maps of neurotransmission, ad-hoc prospective PET studies targeting these systems in pDoC 

will be indispensable to adjudicate causality and guide mechanism-based clinical trials. 

Finally, while the quality of the studies included in the current systematic review and meta-analysis was 

generally acceptable, we could identify some pressing issues with the overall literature in the field. First 

of all, most studies (in particular EEG ones) do not report statistics in a way that make them usable and 

re-usable by the scientific community, so that efforts at quantitatively summarizing or simply comparing 

existing findings require a disproportionate amount of resources, with a tangible risk that a huge (EEG: 

92.45%; PET/MRI: 42.55%) portion of the literature will remain unrepresented in further meta-analytical 

endeavors. Together with standardizing data collection via Common Data Elements152, authors should 

ensure to report as a minimum standard mean and standard deviation for EEG findings and peak 

coordinates for significant PET/MRI findings. Crucially, sharing complete, unthresholded voxel- or vertex-

wise statistical maps - also for non-significant contrasts - would markedly enhance reproducibility and 

enable image-based meta-analyses, increasing power and mitigating publication bias111. Second, most 

studies do not report or do not control for essential factors related to study design (i.e., comparability of 

healthy controls) and data acquisition (i.e., eye opening and presence of sedation). This risks systematic 

bias or confounding the results of electrophysiological153,154, functional95,155 and, to some extent, 

molecular markers of neural activity155. This information should also be systematically reported by future 

studies. Third, the literature on electrophysiological measures remains largely focused on proposing novel 

measures, with sometimes huge effect size reported (once) and very little efforts at replication. Very few 

studies test a large panel of measures in a systematic way. For this reason, almost half of the (potentially 

promising) measures reported in the literature remains technically inaccessible to meta-analytical 

endeavors. Among the 38 classes of electrophysiological features that we could test, we identified only 

two features, i.e., the standard deviation of the participation coefficient in the alpha band and entropy in 

the broadband, that presented with large standardized mean differences between UWS/VS and MCS. 

Fourth, the literature on neuroimaging measures remains largely focused on functional MRI, with less 

studies investigating molecular measures of glucose metabolism with PET and structural properties with 

sMRI. No study (fitting our inclusion criteria) could be identified for any of the dozens of molecular 

markers of neurotransmission, neuropathology and neuroinflammation that are currently available with 

PET imaging, highlighting a huge gap in current knowledge.  

Further strengths and limitations merit note. First, while systematic reviews and meta-analyses on 

neurophysiological findings in pDoC are available8,156–159, this work represents the largest effort, including 

17-83 more studies than previous endeavors. This expansion was made possible through an extensive and 

proactive process of outreach and retrieval of unpublished quantitative statistics, allowing us to 

incorporate data that were previously inaccessible for meta-analytic integration. Still, the literature fitting 

our inclusion criteria remains predominantly composed of studies from European and Asian centers (Fig. 

1), and may therefore lack full geographical representativeness and diversity, underscoring the need for 

broader inclusion of cohorts from underrepresented regions in future collaborative initiatives.  Second, 

among available coordinate-based meta-analyses156,160, this represents the first one to comply with the 

current gold standard for best practices in the field111. Unfortunately, the number of available studies does 

not make it possible to analyze the effects of specific variables of interest (e.g, etiology, presence of covert 

awareness, time since injury) on current findings, a task for future meta-analyses relying on a larger pool 
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of studies (provided future studies will test and report such information). In this regard, interpretation of 

findings in UWS/VS and MCS subgroups, specifically, should be cautious, as results might be confounded 

by different etiologies, as traumatic etiology is more common in MCS (49.82%) compared to UWS/VS 

(23.82%) patients; it is possible that a proportion of UWS/VS patients might also be covertly conscious, as 

only 8.88% of included studies employed information complementary to standardized behavioral 

assessment, e.g., neurophysiological results, for patient stratification and 0% used active paradigms for 

covert consciousness. Last, this meta-analysis relies on neurophysiological quantitative results in pDoC, 

meaning that neurophysiological alterations associated with early negative outcomes and/or non-

analyzable neurophysiological data (e.g. due to poor data quality) were not represented in the selected 

literature and hence in this work.  

In summary, this large multimodal meta-analysis delineates a robust disease fingerprint for pDoC. Across 

hundreds of existing electrophysiological features, we identify 15 replicable global-activity markers which 

are reliably altered in pDoC. These markers are robust to variability in systems, acquisition, and analysis, 

thus supporting their relevance for broad clinical translation. We refine the neurobiology of pDoC to a 

specific subcortical–cortical circuit-mediodorsal thalamus and executive caudate coupled to DMN hubs - 

with unprecedented anatomical precision, and we map this circuit onto a plausible molecular architecture 

spanning noradrenergic, glutamatergic, GABAergic, opioid and cannabinoid systems. Building on this 

finding, it will be essential to invest in in silico computational simulations of brain dynamics using detailed 

biophysical models to test whether -and how- alterations in the identified neurochemical systems could 

mechanistically lead to the patterns of altered functional connectivity and spectral activity observed in 

patients (phase 0 clinical trials). Complementarily, pharmacological probe studies with PET imaging could 

provide rapid experimental validation by assessing target engagement through single-dose interventions 

and quantifying their acute effects on brain activity and connectivity. These results pave the way to 

receptor-informed, circuit-targeted therapeutic strategies, and they underscore the need for shared 

acquisition/analysis/reporting standards in this rapidly expanding field.  

Methods 

We conducted a systematic review and meta-analysis in accordance with the Preferred Reporting Items 

for Systematic Review and Meta-Analysis (PRISMA) guideline161. The full protocol, including search 

strategy using controlled vocabulary and keyword terms, is available in the International prospective 

register of systematic reviews (PROSPERO) with reference CRD42022327151. The patient, intervention, 

comparator, outcome (PICO) approach is reported in Supplementary Table 15.  

Article Selection 

We included original peer-reviewed studies, including journal articles and conference papers, published 

in any language starting 1st January 2000, to focus on studies based on neurophysiological tools and a 

clinical taxonomy in line to the current standard (i.e., after the proposal of diagnostic criteria for both 

UWS/VS162 and MCS163). To avoid excluding a large portion of the literature12, we included studies on DoC 

patients of any etiology with a diagnosis of UWS/VS or MCS based on a validated assessment scale164, 

where more than 50% of the participants were i) adults (≥16 years old) and ii) in a pDoC (≥28 days post-

injury). We included studies of neurophysiological assessments under resting state, task-free conditions, 

based on EEG, MEG, fNIRS, [18F]FDG-, [15O]H2O- or other tracer-PET or -SPECT and structural, perfusion 
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or functional MRI. We included studies comparing patients with pDOC, UWS/VS or MCS against healthy 

volunteers and against each other. PET, SPECT and MRI studies were included if they ran voxel-based 

comparisons in the whole-brain gray or white matter, without applying partial volume correction. EEG, 

MEG and fNIRS studies were included if they ran comparison of global features of neural activity, obtained 

from electrodes placed across the entire scalp. 

Information sources and search strategy 

Studies were searched primarily based on bibliographical databases. Other sources complemented this 

approach, namely (i) expert recommendations and (ii) search in bibliography of previously published 

literature reviews and meta-analyses. The databases MEDLINE via Ovid, Scopus and EMBASE via Elsevier 

were searched on 14th January 2022. An update was run on 16th June 2023. The search strategy focuses 

on concepts and keywords for disorders of consciousness and neurophysiological tools. The search 

strategy was developed with the support of a health sciences information specialist (MB) as 

recommended by the Cochrane Handbook for Systematic Reviews of Interventions165. The complete 

search strategy used for each database is listed in Supplementary Tables 16-18. The list of studies 

selected from the database search (see Selection process) was submitted to pDoC experts (OG, AT) to get 

recommendations of additional potentially eligible studies; the same list was also compared against the 

bibliographies of previously published literature reviews and meta-analyses on disorders of consciousness 

(by BK, SA, ZW, AS) to identify additional potentially eligible studies.  

Selection process 

The screening process was carried out using the platform Covidence166. Titles and abstracts of studies 

retrieved using the search strategy were reviewed manually (screening step #1). Studies passing the 

screening step #1 were reviewed manually based on full text and supplementary materials (screening step 

#2). Screening #1 and #2 was performed by at least two independent referees, among AS, MM, NA, SA, 

DS, BK, ZW and JA. Full-texts were automatically retrieved using Covidence and Zotero 

(https://www.zotero.org/); supplementary materials were automatically retrieved using the R package 

suppdata (https://github.com/ropensci/suppdata). Full-texts in non-English language (n=29) were 

translated using DeepL and a co-author fluent in Chinese (ZW, n=18), Russian (NB, n=6), German (AS, n=2) 

or Italian (AS, n=1); one Japanese (with tables and figures in English) and one Polish full-text were 

translated using DeepL only. Missing full-texts and/or information required for the screening process were 

requested from the study authors via email, phone and/or social media, in English or in the authors’ 

mother tongue. If unrecoverable, information relative to inclusion criteria, and in particular to the 

proportion of adult (≥16 years old) or pDoC (≥28 days post-injury) patients in a given study, were 

estimated based on reported means and standard deviations, assuming a Gaussian distribution (n=3 with 

estimated proportion of pediatric DoC patients below 50% [range: 0-10%]53,63,106; n=2 studies with 

estimated proportion of acute or subacute DoC patient below 50% [range: 3-6%]26,63). Conflicts were 

resolved through discussion; a third referee (AS or JA) was brought into the discussion when necessary.  

Data items extracted  

https://github.com/ropensci/suppdata
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The extraction process was carried out using the platform Covidence. A standardized form was used to 

extract data from the full text and supplementary materials passing screening step #2. Full-texts in non-

English language (Chinese, n=4) were translated using DeepL and a co-author fluent in Chinese (ZW). 

For EEG, MEG and fNIRS studies, we extracted the mean and standard deviations of any resting-state EEG, 

MEG or fNIRS global measure for pDoC, UWS/VS, MCS and healthy volunteers. If no data were available, 

they were requested from the study authors, as detailed above (n=67 studies, of which n=36 shared usable 

data). Whereby authors shared individual and/or electrode or source level data (n=14 studies), we 

computed the mean and standard deviation of the measures of interest across subjects, after averaging 

over channels/sources when necessary. All data received from the authors were inspected by MM and 

compared to the results reported in the original studies. Discrepancies were discussed with the authors, 

and if they could not be resolved, the data were excluded (n=3 studies). In case of no response, we 

pursued several strategies: (i) in case of data available in subgroups, we computed the combined mean 

and standard deviation of the pooled group of interest based on Cochrane’s formulas165 (n=30 studies); 

(ii) in case the median, interquartile range, minimum/maximum and/or standard error were available, we 

estimated the mean and standard deviation based on the formulas by Wan and colleagues167 (n=0 

studies); (iii) in case sufficient information was available in published plots, we used PlotDigitizer 

(https://plotdigitizer.com/) (n=13 studies) to extract the mean and standard deviation of groups (n=2 

studies) and/or subgroups of interest (see strategy i, n=9 studies), or the individual values (n=2 studies), 

and/or the median, interquartile range, minimum/maximum and/or standard error (n=4 studies), from 

the high-resolution figures published in the full text or supplementary materials. The provenance of the 

statistics for each included study is detailed in Supplementary Table 19. 

For PET, SPECT and MRI studies, we extracted the MNI or Talairach x, y and z peak coordinates of 

significant voxel-wise differences in resting-state PET, SPECT or MRI measures, between pDOC, UWS/VS 

or MCS against healthy volunteers and against each other. If no coordinates were reported, they were 

requested from the study authors (n=20 studies, of which n=13 shared usable data), as detailed above. If 

authors shared data in the form of thresholded statistical maps (n=4 studies), we used the SPM12 

spm_max function to extract peak coordinates, with default settings, i.e., three coordinates at least 8 mm 

apart extracted from each significant cluster. Whereby authors shared unthresholded statistical maps 

(n=2 studies), an intensity-based and cluster-extent based threshold was applied, as per the original study. 

If no cluster-extent based threshold was explicitly reported, we applied a cluster-extent based threshold 

of 100 voxels to reduce risk of false positives and decrease the noise in the meta-analytical input. All data 

received from the authors were inspected by AS and compared to the results reported in the original 

studies. Discrepancies were discussed with the authors, and if they could not be solved, the data were 

excluded (n=0 studies). Tailarach coordinates were converted to MNI space (n=4 studies). The provenance 

of the statistics for each included study is detailed in Supplementary Table 20 and 21. 

For all studies, we extracted information on overlap with previous studies and quality of evidence. We 

also extracted information relative to participants number, demographics (age, sex), clinics (diagnostic 

procedure and diagnosis, etiology and disease duration), data acquisition (time, center, 

neurophysiological tools and participants’ set-up, including sedation), data processing and quantification, 

and statistical comparisons and thresholding. Summary descriptive statistics for demographic and clinical 

https://plotdigitizer.com/
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information were computed as cumulative frequencies for qualitative variables, and mean and standard 

deviation of the cumulative Gaussian probability density function for quantitative variables (in-house code 

will be made available on GitHub, https://github.com/GIGA-Consciousness). The Gaussian probability 

density functions were estimated based on mean, standard deviation and minimum and maximum of each 

study; if minimum and maximum were not available, they were estimated based on the study mean ± 

3*standard deviation (capped to the extreme minimum and maximum reported in the remaining studies). 

Statistical comparisons relative to qualitative variables were carried out based on Pearson’s Chi-square 

test. Statistical comparisons relative to quantitative variables were carried out based on two-sample t-

tests, after testing for equality of variances based on the F-test. Effect size was computed based on 

Hedges’ g. All descriptive statistics and statistical tests were computed using the SciPy package in Python 

3.12. 

Quality of evidence, risk of bias and heterogeneity 

Quality of evidence was evaluated based on a modified version of the NOS for case control studies, 

covering bias in selection, comparability and exposure (Supplementary Table 1).  

For EEG, MEG and fNIRS studies, we evaluated heterogeneity based on the Cochran’s Q test and the I² 

statistic. Publication bias due to missing results was evaluated whenever appropriate based on funnel 

plots and the Pustejovsky and Rodgers’ modified version of the Egger’s test109 (for comparisons based on 

at least ten studies165), using the R package meta. We ran the modified version instead of the original as 

the latter has been shown to be more prone to Type I errors168. The Trim and Fill method was applied to 

assess the influence of publication bias on the pooled effect size. 

For PET, SPECT and MRI studies, we evaluated heterogeneity in each meta-analytical cluster, based on an 

analysis of contributions, where the average non-linear contribution of each experiment is tested via a 

jack-knife approach. Risk of bias due to missing results was not evaluated, as the latter is designed for 

meta-analysis of effect sizes rather than of spatial consistency, where the research question is whether an 

effect is present, rather than where it is present.  

Meta-analysis of global electrophysiological features 

Meta-analysis of EEG, MEG and fNIRS findings was performed to evaluate the magnitude of the effect of 

neurophysiological findings in studies of pDOC, UWS/VS, MCS and/or healthy volunteers. Because 

heterogeneity was a priori expected, we used a random-effects meta-analysis via the R package meta. 

Classical inverse variance random-effects meta-analyses were applied with restricted maximum likelihood 

tau estimator, as per default settings. Effect sizes were computed using Hedges’ g, corresponding to the 

mean difference divided by the pooled and weighted standard deviation. Results were deemed significant 

at p<0.05.  

Mean and standard deviation of any EEG, MEG and fNIRS features were included in separate meta-

analyses, provided the measure of interest was computed at global level (i.e., based on signal of usable 

electrodes placed across the entire scalp). Global features were grouped together into subfamilies of 

analogous EEG features, belonging to six families (power spectral density, connectivity, graph theory, 

microstates, entropy and complexity) and six bands (delta, theta, alpha, beta, gamma or broadband). The 

power spectral density family included features describing the distribution of the signal’s frequency 
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contents; the connectivity family included features of phase and/or amplitude synchronization across 

brain locations; the graph theory family, split in different subfamilies, each including features reflecting a 

specific aspect of connectivity-derived brain network organization; the microstate family included 

features related to transient, quasi-stable topographical patterns of brain activity; the entropy family 

included features quantifying the unpredictability of the signal, and the complexity family included 

features relative to the degree of organization and amount of information necessary to describe the signal 

(Supplementary Table 2).  

The primary comparisons of interest were pDoC patients against healthy controls, and UWS/VS patients 

against MCS patients. Secondary comparisons of interest were UWS patients against healthy controls, 

MCS patients against healthy controls and MCS subgroups (MCS-/MCS+) against any other group. We ran 

a meta-analysis for each individual subfamily of global features for which at least five different studies in 

independent clinical samples were available, according to best practices108. This resulted in meta-analysis 

of at least one subfamily of interest for each primary and secondary comparison of interest, with the 

exception of comparisons with MCS subgroups, for which not enough studies were available. Known 

overlaps in clinical samples within the same studies (i.e., in case of multi-measure studies) and across 

studies (i.e., in case of repeated inclusion of the same patients) were dealt with by excluding overlapping 

studies and testing robustness of the results by means of sensitivity analyses. Sensitivity analyses were 

run to evaluate the robustness of the meta-analysis results to inclusion/exclusion of (i) specific EEG sub-

bands (when data on multiple sub-bands were reported in the same patients), (ii) specific EEG features 

(when data on multiple EEG, MEG and fNIRS features of the same family were reported in the same 

patients), (iii) markers obtained from imputation (e.g., mean obtained from the median; mean and 

standard deviation computed from extraction of data from published charts), (iv) clinical subpopulation 

with suspected covert consciousness and (v) presence of outliers (by leave-one-out sensitivity analysis), 

defined based on visual evaluation of the forest plots. 

Coordinate-based meta-analysis of functional, structural and molecular neuroimaging findings  

Coordinate-based meta-analysis of PET, SPECT and MRI findings was performed to evaluate the spatial 

consistency of neuroimaging findings in studies comparing pDOC, UWS/VS or MCS against healthy 

volunteers and against each other, using a random‐effects analysis of convergence over experiments16,169, 

i.e., comparisons of interest for which at least a coordinate is reported by a given study. Coordinate-based 

meta-analysis was performed via activation likelihood estimation, by means of in-house MATLAB code. In 

ALE, coordinates (also called foci) in 3-dimensional MNI or Talairach stereotactic space, obtained from 

different studies, are spatially normalized to a single template and smoothed with a Gaussian kernel to 

account for spatial uncertainty. The smoothing kernel dimensions are determined by the sample size of 

the experiment. The activation likelihood of each voxel is computed based on the union of the smoothed 

values, indicating the probability that at least one of ‘true’ peak activations lies within this voxel16,169. 

Results were deemed significant at a cluster-level p<0.05 FWE-corrected statistical threshold and a voxel-

level uncorrected p<0.001 cluster-forming threshold. 

Coordinates derived from comparison of any PET, SPECT and MRI measure were included in the meta-

analysis, provided the comparisons were run at whole-brain level (i.e., including the telencephalon at the 

minimum, whereby brainstem and cerebellum might not have been included). 

We considered both comparisons of decreased cerebral integrity (e.g., decreased gray matter density, 

metabolism, connectivity in patients compared to healthy volunteers) or relatively preserved cerebral 
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integrity. The primary comparisons of interest were decreases/relative preservation of cerebral integrity 

in pDoC patients against healthy controls, and UWS/VS patients against MCS patients. Secondary 

comparisons of interest were decreases/relative preservation of cerebral integrity in UWS/VS patients 

against healthy controls, MCS patients against healthy controls and in subgroups of MCS (MCS-/MCS+) 

against any other group. We ran coordinate-based meta-analysis for comparisons for which at least 20 

experiments were available, according to best practices111. This resulted in a meta-analysis for the primary 

comparison of loss of cerebral integrity in pDoC patients against healthy controls. We further report 

exploratory results of coordinate-based meta-analysis for comparisons for which at least 10 experiments 

were available170. This resulted in exploratory meta-analyses of relative preservation of cerebral integrity 

in pDoC patients against healthy controls and decreased cerebral integrity in UWS/VS against MCS 

patients (primary comparisons), and in UWS/VS and MCS patients, respectively, against healthy controls 

(secondary comparisons). An insufficient number of studies was available for running meta-analyses of 

MCS- and MCS+ subgroups. Known overlaps in clinical samples within the same studies (i.e., in case of 

multimodal studies) and across studies (i.e., in case of repeated inclusion of the same patients) were 

treated by pooling the coordinates within the same experiment. Tags were included in the ALE input to 

evaluate the contribution of specific clinical sub-populations (UWS/VS, MCS) and imaging modalities 

(PET/SPECT, sMRI, fMRI) to the results. Sensitivity analyses were performed on unpooled coordinates to 

evaluate the impact of sample overlap on the main results via contribution analysis, for coordinates of 

any imaging modality and separately for coordinates of each imaging modality. We characterize the 

topography of meta-analytical findings using the REX toolbox (https://web.mit.edu/swg/software.htm), 

and (i) the Consensual Atlas of REsting-state Networks (CAREN)171, (ii) the Human Connectome project 

multi-modal cortical parcellation 1.0 (HCP-MMPI) atlas172, (iii) the Morel histological atlas of the human 

thalamus173 and (iv) the 7-subdivision PET-MRI probabilistic atlas of the striatum134.  

Spatial correlation with an independent panel of multi-level neurobiological data  

Following a similar rationale to the one recently proposed by174, we relied on an unthresholded voxel-wise 

map of Z-statistics generated by ALE for the primary comparisons of interest and assessed their spatial 

correlation with an independent panel of multi-level neurobiological data, consisting of 65 different brain 

maps. Neurobiological brain maps were selected from the Neuromaps toolbox database 

(https://netneurolab.github.io/neuromaps). Only brain maps with data available for both hemispheres 

and generated based on data in at least n=10 observations were included; cortical surface maps were 

excluded when the same data were already available in the form of a whole-brain volume; whole-brain 

volumes were excluded when based on low-resolution imaging data (SPECT). This resulted in a final 

database of 28 cortical surfaces of microstructure, functional MRI connectivity, electrophysiology, 

developmental and evolutionary expansion and functional organization deriving from a total of 2,592 

observations, and 37 whole-brain volumes of neural activity, neurotransmission, microglia and functional 

organization deriving from a total of 2,623 observations (not counting the functional organization derived 

from the Neurosynth meta-analytical database of 14,371 studies).  

We performed spatial transformation, spatial correlation and significance testing based on comparison to 

a spatial null distribution using the Neuromaps toolbox (version 0.0.5) running on the GIGA high-

performance computing (HPC) system (https://giga-bioinfo.gitlabpages.uliege.be/docs/mass-storage-

https://netneurolab.github.io/neuromaps
https://giga-bioinfo.gitlabpages.uliege.be/docs/mass-storage-and-cluster/cluster/overview.html
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and-cluster/cluster/overview.html)175. Due to the extreme computational load of some of the algorithms 

used for computation of spatial nulls for brain volumes, we down-sampled the unthresholded ALE voxel-

wise map of Z-statistics (source map) from a spatial resolution of 2 mm to 3 mm. The procedure ensures 

computational sustainability without affecting the results of the statistical comparisons neither for surface 

nor for volume target maps, as demonstrated by the almost perfect correlation (Pearson’s R≈1) between 

p-values obtained from the source map of 2 mm vs. 3 mm (data available upon request). The source map 

was then transformed into the native space of each of the 65 multimodal brain maps (target maps), to 

which it was correlated. Significance of Pearson’s correlations was (spin-)tested against two-sided spatial 

autocorrelation-preserving null models. Results were considered significant at p<0.05, Bonferroni-

corrected for multiple comparisons within map-type. For surface target maps, we generated spatial nulls 

by means of the Alexander-Bloch method, that generates spatially-constrained null distributions by 

applying random rotations to spherical projects of the brain176. For volume target maps, we generated 

spatial nulls by means of the Burt method, that generates spatially-constrained null distributions by 

source-to-nulls variogram-matching, in order to retain the spatial autocorrelation of the original source 

map177. We used an optimized knn parameter (knn=800), determined via visual inspection of the fit 

between source and nulls variograms generated with knn parameters in the range of 500 to 16,000 using 

BrainSMASH 0.11.0177. Because of a possibly higher likelihood of false positives shown by the Burt method 

(demonstrated for parcellated surface data by Markello and colleagues178), we cross-validated our findings 

by generating spatial nulls by means of the Moran method179, that generates spatially-constrained null 

distributions by using a spatial eigenvector as an estimate of spatial autocorrelation. For each map and 

method, we generated a minimum of 1,000 null maps, which were then correlated with the source maps 

to provide a null distribution of correlation coefficients, and estimated a two-tailed p-value for the original 

correlation. The exact number of null maps generated for each map and method was defined by first 

estimating the two-tailed p-value based on 1,000 null maps and its 95% Wilson confidence interval based 

on the binomial distributions180. If the target p-value fell within this 95% confidence interval, a more 

precise estimation was performed based on >1,000 maps. The number of null maps used finally varied 

from 1,000 to 50,000, depending on map and method. This procedure allows for a flexible, efficient use 

of computational resources, while ensuring a robust assessment of statistical significance in statistical 

frameworks where null distributions are randomly generated.  

Data availability 

Data generated during the study will be made available in the Zenodo repository (https://zenodo.org/). 
Code used in the study will be made available on GitHub (https://github.com/GIGA-Consciousness). 
 
  

https://giga-bioinfo.gitlabpages.uliege.be/docs/mass-storage-and-cluster/cluster/overview.html
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Table 1. Quality appraisal of included studies based on an adapted version of the NOS.  
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Tool Study Selection 
Compara 
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Expo

sure 
Total 

PET Kassubek 2003 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

PET Juengling 2005 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

PET Bruno 2010 ★ ★ ☆ ☆ ✯ ✯ ★ ★★★✯✯ 

PET Kim 2010 ★ ★ ☆ ☆ ✯ ✯ ★ ★★★✯✯ 

PET Bruno 2012 ★ ☆ ☆ ☆ ★ ✯ ★ ★★★✯ 

PET Thibaut 2012 ★ ★ ☆ ☆ ✯ ✯ ★ ★★★✯✯ 

PET Kim 2013 ★ ★ ☆ ☆ ✯ ✯ ★ ★★★✯✯ 

PET Chatelle 2014 ★ ☆ ☆ ☆ ★ ☆ ★ ★★★ 

PET Stender 2014 ★ ★ ✯ ★ ☆ ☆ ★ ★★★★✯ 

PET Mortensen 2018 ★ ☆ ☆ ☆ ✯ ☆ ★ ★★✯ 

PET Aubinet 2020 ★ ★ ✯ ★ ☆ ✯ ★ ★★★★✯✯ 

PET Carriere 2020 ★ ★ ☆ ☆ ★ ✯ ★ ★★★★✯ 

PET Zhang 2020 ★ ★ ☆ ★ ☆ ☆ ★ ★★★★ 

PET He 2022 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

MRI Juengling 2005 ★ ☆ ☆ ★ ✯ ✯ ★ ★★★✯✯ 

MRI Zhou 2011 ★ ☆ ☆ ★ ☆ ☆ ★ ★★★ 

MRI DiPerri 2013 ★ ☆ ☆ ☆ ★ ★ ★ ★★★★ 

MRI Demertzi 2014 ★ ★ ☆ ★ ✯ ✯ ★ ★★★★✯✯ 

MRI He 2014 ★ ☆ ☆ ☆ ✯ ✯ ★ ★★✯✯ 

MRI Huang 2014 ★ ☆ ☆ ☆ ☆ ✯ ★ ★★✯ 

MRI He 2015 ★ ☆ ☆ ★ ✯ ✯ ★ ★★★✯✯ 

MRI Wu 2015 ★ ★ ☆ ★ ★ ★ ★ ★★★★★★ 

MRI Soddu 2016 ★ ☆ ☆ ☆ ✯ ✯ ★ ★★✯✯ 

MRI Kirsch 2017 ★ ☆ ☆ ☆ ✯ ☆ ★ ★★✯ 

MRI Aubinet 2018 ★ ★ ☆ ★ ✯ ☆ ★ ★★★★✯ 

MRI Zhang 2018 ★ ☆ ☆ ☆ ☆ ✯ ★ ★★✯ 

MRI Kremneva 2019 ★ ☆ ☆ ☆ ✯ ✯ ★ ★★✯✯ 

MRI Luppi 2019 ★ ★ ☆ ★ ☆ ✯ ★ ★★★★✯ 

MRI Wu 2019a ★ ★ ☆ ★ ☆ ✯ ★ ★★★★✯ 

MRI Wu 2019b ★ ☆ ☆ ★ ✯ ✯ ★ ★★★✯✯ 

MRI Aubinet 2020 ★ ☆ ★ ★ ☆ ✯ ★ ★★★★✯ 

MRI Carriere 2020 ★ ★ ☆ ★ ✯ ✯ ★ ★★★★✯✯ 
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MRI Boltzmann 2021 ★ ☆ ☆ ☆ ✯ ☆ ★ ★★✯ 

MRI Cao 2021 ★ ☆ ☆ ★ ☆ ✯ ★ ★★★✯ 

MRI Yu 2021 ★ ★ ☆ ☆ ✯ ✯ ★ ★★★✯✯ 

EEG Sarà 2010 ★ ☆ ☆ ☆ ★ ★ ★ ★★★★ 

EEG Sarà 2011 ★ ★ ★ ★ ★ ★ ★ ★★★★★★★ 

EEG Lechinger 2013 ★ ☆ ☆ ☆ ✯ ☆ ★ ★★✯ 

EEG Chennu 2014 ★ ☆ ☆ ☆ ☆ ✯ ★ ★★✯ 

EEG Marinazzo 2014 ★ ☆ ☆ ☆ ★ ✯ ★ ★★★✯ 

EEG Naro 2016 ★ ★ ☆ ★ ✯ ✯ ★ ★★★★✯✯ 

EEG Chennu 2017 ★ ★ ☆ ☆ ☆ ☆ ★ ★★★ 

EEG Naro 2017 ★ ☆ ☆ ☆ ★ ✯ ★ ★★★✯ 

EEG Naro 2018a ★ ☆ ☆ ★ ★ ★ ★ ★★★★★ 

EEG 
van den Brink 

2018 
★ ☆ ☆ ☆ ✯ ✯ ★ ★★✯✯ 

EEG Wu 2018 ★ ☆ ☆ ★ ☆ ✯ ★ ★★★✯ 

EEG Bai 2019 ★ ☆ ☆ ☆ ★ ✯ ★ ★★★✯ 

EEG Mortaheb 2019 ★ ☆ ☆ ★ ✯ ✯ ★ ★★★✯✯ 

EEG Rizkallah 2019 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

EEG Carriere 2020 ★ ★ ☆ ☆ ✯ ✯ ★ ★★★✯✯ 

EEG Gui 2020 ★ ★ ☆ ☆ ☆ ☆ ★ ★★★ 

EEG Wei 2020 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

EEG Riganello 2021 ★ ☆ ☆ ☆ ☆ ✯ ★ ★★✯ 

EEG Thibaut 2021 ★ ☆ ☆ ☆ ★ ☆ ★ ★★★ 

EEG Zilio 2021 ★ ☆ ☆ ☆ ✯ ✯ ★ ★★✯✯ 

EEG Chen 2022 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

EEG Hao 2022 ★ ☆ ☆ ☆ ★ ★ ★ ★★★★ 

EEG 
Helmstaedter 

2022 
★ ★ ☆ ☆ ☆ ✯ ★ ★★★✯ 

EEG Lee 2022 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

EEG Porcaro 2022 ★ ☆ ☆ ☆ ☆ ✯ ★ ★★✯ 

EEG Zhuang 2022 ★ ☆ ☆ ★ ☆ ✯ ★ ★★★✯ 

EEG Buccellato 2023 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

EEG Liu 2023 ★ ☆ ☆ ☆ ☆ ☆ ★ ★★ 

EEG Toplutas 2023 ★ ☆ ☆ ☆ ✯ ✯ ★ ★★✯✯ 

Studies not including healthy controls for meta-analysis 

PET Stender 2015 ★ ☆     ★ ★★ 

PET Rosazza 2016 ★ ★     ★ ★★★ 

PET Golkowski 2017 ★ ★     ★ ★★★ 

PET Sattin 2020 ★ ★     ★ ★★★ 

PET Thibaut 2021 ★ ★     ★ ★★★ 

MRI Demertzi 2015 ★ ☆     ★ ★★ 

MRI Rosazza 2016 ★ ★     ★ ★★★ 

MRI Thibaut 2021 ★ ☆     ★ ★★ 
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MRI Chen 2022 ★ ★     ★ ★★★ 

MRI Wang 2022 ★ ★     ★ ★★★ 

EEG Yuan 2009 ★ ★     ★ ★★★ 

EEG Hao 2015 ★ ★     ★ ★★★ 

EEG Golkowski 2017 ★ ★     ★ ★★★ 

EEG Xia 2017 ★ ★     ★ ★★★ 

EEG Engemann 2018 ★ ☆     ★ ★★ 

EEG Naro 2018a ★ ★     ★ ★★★ 

EEG Bai 2019 ★ ☆     ★ ★★ 

EEG Cacciola 2019 ★ ★     ★ ★★★ 

EEG Lee 2019 ★ ☆     ★ ★★ 

EEG Bareham 2020 ★ ★     ★ ★★★ 

EEG Hermann 2020 ★ ★     ★ ★★★ 

EEG Lutkenhoff 2020 ★ ☆     ★ ★★ 

EEG Martens 2020 ★ ★     ★ ★★★ 

EEG Wang 2020 ★ ☆     ★ ★★ 

EEG Zhang 2020 ★ ☆     ★ ★★ 

EEG Liu 2021 ★ ☆     ★ ★★ 

EEG Guo 2022 ★ ☆     ★ ★★ 

EEG Han 2022 ★ ★     ★ ★★★ 

EEG Han 2022 ★ ★     ★ ★★★ 

EEG Visani 2022 ★ ★     ★ ★★★ 

EEG Chen 2023 ★ ★     ★ ★★★ 

EEG Maschke 2023 ★ ☆     ★ ★★ 

EEG 
Rosenfelder 

2023 
★ ★     ★ ★★★ 

EEG Zhang 2023 ★ ★         ★ ★★★ 

Total score is on 7 points for studies including healthy controls and on 3 points for the other studies. 

 


