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CLINICAL INVESTIGATION

Explainable Machine Learning for Coma 
Outcome Prediction Based on Structural and 
Functional Brain MRI
OBJECTIVES: Advanced MRI is recommended for the clinical evaluation of 
patients with coma. However, the implementation of these guidelines has been 
hindered by an inadequate identification of relevant markers among the vast 
amount of reported MRI-derived metrics. We developed and validated an inno-
vative and explainable machine learning (ML) analytical pipeline to fill this critical 
knowledge gap.

DESIGN: Prospective cross-sectional study.

SETTING: Three Intensive Critical Care Units affiliated to the University in 
Toulouse (France).

PATIENTS: Patients with coma (Glasgow Coma Scale score at the hospital ad-
mission ≤ 9) from either traumatic or anoxic origin. Patient’s neurologic outcome 
was assessed at 3 months by using the Coma Recovery Scale-Revised. Whole-
brain advanced structural MRI data and functional connectivity analysis of resting- 
state networks known to contribute to conscious processing. A specifically 
designed ensemble of explainable ML methods was applied and cross-validated.

INTERVENTIONS: None.

MEASUREMENT AND MAIN RESULTS: Overall, 64 patients with coma due 
to either traumatic (n = 26) or anoxic (n = 38) brain injuries were studied and com-
pared with 55 controls. The median delay between ICU admission and MRI scan 
was 9 days (interquartile range, 6–16 d). At 3 months, 50% patients (32/64) had 
an unfavorable outcome. All the models showed valuable generalization capaci-
ties: coma diagnosis (mean accuracy, 0.934%), primary brain injury discrimination 
(mean accuracy, 0.762 %), and neurologic outcome prediction (mean accuracy, 
0.824 %).

CONCLUSIONS: A new ensemble of brain MRI-derived metrics was specifically 
related to coma state, its etiology, and the patient’s potential for recovery at 3 
months. The structural and functional integrity of mesocircuit and frontoparietal 
networks appeared to carry the most relevant information.

KEYWORDS: coma; explainable artificial intelligence; machine learning; 
mesocircuit; multimodal magnetic resonance imaging; prognosis

Prediction of consciousness recovery in the acute setting of severe 
brain injury remains one of the most challenging and impactful neu-
rologic assessments (1). These determinations often guide whether  

life-sustaining treatment is continued or withdrawn; hence, they have major 
implications for patients with coma mortality, morbidity, and healthcare costs 
(2). It has been argued that available predictive markers of coma recovery, lever-
aging on clinical, electrophysiology, laboratory findings, and standard imaging 
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(3–5), might lack accuracy because they do not reliably 
assess the critical integrity of brain networks support-
ing conscious processing (6–8). Due to these failings, 
prognostication is still an uncertain art for physicians 
treating disorders of consciousness (DoC) in the ICU 
and beyond.

Over the last decades, advanced neuroimaging 
has yielded new insights into the pathophysiological 
underpinnings of coma. Hence, both structural and 
functional neuroimaging have revealed the critical role 
of specific key brain regions, such as the brainstem teg-
mentum, thalamus, posterior cingulate cortex (PCC), 
and medial prefrontal cortex (mPFC), where lesions 
correlate with the current or future state of conscious-
ness (9, 10). Actually, advanced structural MRI tech-
niques such as diffusion tensor imaging (DTI) have 
demonstrated significant added value for either trau-
matic (11, 12) or anoxic (13, 14) coma neuroprognos-
tication. On the other hand, functional MRI (fMRI) 
has been used to assess patients with coma resting-
state brain networks (15–17) to improve the accuracy 
of neuroprognostication in this setting. These prom-
ising findings, coupled with the imperfect predictive 
value of conventional predictors and the high stakes 
of these evaluations, have prompted clinical guidelines 
to endorse advanced functional and structural MRI 
for comatose and DoC patient’s neuroprognostication 
(18–21). However, there is an unresolved issue related 

to the overwhelming number and diversity of complex 
images and derived metrics.

As a paradigm shift from previous reports, which 
focused on the assessment of a limited number of iso-
lated structural or functional neuroimaging data to 
predict coma patients’ outcome, we have specifically 
designed and validated a new comprehensive machine 
learning (ML) analytical pipeline to generate “action-
able intelligence” from such high-dimensional neuro-
imaging datasets. We hypothesized that this ML-based 
strategy would allow us to identify novel multimodal 
MRI-derived metrics that are specifically associated 
with the coma state, its etiology, and the coma patient’s 
potential for recovery.

MATERIALS AND METHODS

Study Design and Participants

Cross-sectional study of traumatic and anoxic patients 
with coma and compared controls, from two previous 
prospectively collected datasets: Intrinsic Brain Activity 
in COMA (ACI-COMA) (NCT NCT03482115) (13, 
15–17) and COMA-3D (NCT 01620957) (22, 23). 
Both studies were approved by the Ethics Committee 
of the University Teaching Hospital of Toulouse, 
France (ACI-COMA, January 08, 2015; Functional, 
Structural and Neuroimmune Connectomes in 
COMA [COMA-3D], February 22, 2018). These pro-
spective studies aimed to study the predictive value 
of functional and structural MRI in coma and were 
undertaken in three ICUs affiliated with the University 
Hospital of Toulouse (Toulouse, France) between 
January 2015 and December 2017 (ACI-COMA) and 
February 2018 and February 2022 (COMA-3D). MRI 
and clinical assessment (Glasgow Coma Scale [GCS] 
and Full Outline of UnResponsiveness [FOUR]) (1) 
were performed at baseline. Patients were followed up 
at 3 months after primary brain injury, including scor-
ing with the revised version of the Coma Recovery Scale 
(CRS-R) (2). In all instances, informed and written 
consent to participate in the study was obtained from 
the subjects themselves in the case of healthy subjects 
and from legal surrogates of the patients. Written con-
sent to use previously collected data was obtained from 
patients who recovered consciousness across the study 
follow-up duration. All research procedures were fol-
lowed in accordance with the ethical standards of the 
responsible committee on human experimentation of 

 
KEY POINTS

Question: Despite recommendations for the use 
of advanced MRI in the evaluation of patients 
with coma, implementation has been constrained 
by the challenge of discerning clinically relevant 
markers within the extensive array of MRI-derived 
metrics.

Findings: The structural and functional integrity of 
mesocircuit and frontoparietal networks seemed 
most important for predicting a patient’s recovery 
potential 3 months after coma onset.

Meaning: Leveraging on these results, future 
studies could focus on the implementation in real-
world workflows of this information for clinical use 
and to improve our understanding of the funda-
mental foundations of consciousness.
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the University Teaching Hospital of Toulouse and with 
the Helsinki Declaration of 1975.

Population

Patients with either traumatic or anoxic brain injury 
were included in the study after being diagnosed as 
being in a coma (GCS score at admission to the hos-
pital ≤ 9 with motor responses < 6). Patients needed 
to maintain a GCS score less than or equal to 9 with 
motorsubscore less than 6 without sedation at the 
time of brain imaging acquisition. Patients not meet-
ing this criterion at assessment were excluded (Fig. 
1; and eTable 1, https://links.lww.com/CCM/H900). 
Additional exclusion criteria were significant neuro-
logic or psychiatric illness before coma. All patients 
were managed according to standard of care rec-
ommendations by physicians blinded to neuroim-
aging data. All patient assessments were conducted 
at least 2 days (4 ± 2 d) after complete withdrawal of 
all sedative drug therapy and were performed under 

normothermic conditions. On the day of brain im-
aging, urine benzodiazepine and barbiturate screen-
ing tests were used in patients to rule out residual 
sedation in case of prolonged utilization of these 
drugs. Additional exclusion criteria were significant 
neurologic, psychiatric illness before coma, poor 
quality of structural MRI images, and motion in fMRI 
acquisition (> 3 mm in translation, > 3° in rotation).

Over the same recruitment period, 55 controls, 
matched by age, were recruited and included if they 
had normal neurologic examination results and no 
history of neurologic or psychiatric disorder. Control 
participants were scanned in the same MRI facility 
as patients and underwent the same MRI acquisition 
protocol.

Clinical Assessment

In patients, standardized clinical examination (GCS 
and FOUR) was performed by investigators (B.S., 
S.S.), blinded to neuroimaging data on the day of 

Figure 1. Study flow chart.
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the patient’s admission to the hospital and the day of 
MRI scanning. The patient’s neurologic outcome was 
assessed 3 months after the primary brain injury by 
using the CRS-R. The CRS-R is a 23-point scale meas-
uring arousal level, motor function, visual-perception, 
auditory, language, and communication abilities (2). 
This scale enables the distinction between patients in 
an unresponsive wakefulness syndrome (UWS, also 
known as vegetative state) and patients in a minimally 
conscious state (MCS) or patients who emerged from 
MCS (EMCS) and recovered consciousness as re-
flected by functional communication or functional use 
of objects. According to this scale, the patient’s 90-day 
outcome was binarized as either favorable (MCS or 
EMCS) or unfavorable (UWS or deceased).

MRI Acquisitions and Preprocessing

In all participants, high-resolution anatomical images, 
using 3D T1-weighted sequences, were acquired on 
the same 3T magnetic resonance scanner (Philips 
Achieva; Dstream, Best, The Netherlands). Monitoring 
of vital measures was performed by a senior intensivist 
throughout the experiment.

Structural MRI comprised 3D T1-weighted, fluid-
attenuated inversion recovery (FLAIR), and DTI 
sequences were acquired. Brain extraction and nor-
malization were performed on T1-weighted and 
FLAIR images with Statistical Parametric Mapping 
(Version SPM 12; Wellcome Trust Center for 
Neuroscience, London, United Kingdom; https://
www.fil.ion.ucl.ac.uk/spm/). Before the computation 
of DTI models, images were skull-stripped and cor-
rected for eddy current using the standard FMRIB 
Software Library pipeline. Fractional anisotropy (FA) 
and mean diffusivity (MD) maps were computed from 
DTI by fitting a standard tensor model, implemented 
in Python (Version 3.8.3 and 3.10.8; Python Software 
Foundation, Wilmington, DE) via the Dipy library 
(Version 1.3.0; DIPY development team, hosted via 
GitHub, San Francisco, CA). Analyses were conducted 
using Python (Python Software Foundation), DIPY 
(Version 1.3.0; DIPY development team, hosted via 
GitHub), scikit-learn (Version 1.3.2; scikit-learn devel-
opers, hosted via GitHub), and SHAP (Version 0.43.0; 
SHAP development team, hosted via GitHub). Code 
was version-controlled using GitHub (GitHub, Inc.).

Based on previous reports (2, 15–17, 22, 24), 
functional connectivity analysis was performed on 

resting-state fMRI data using a region of interest (ROI) 
vs. whole-brain approach, with the PCC as the con-
sidered ROI. fMRI data preprocessing was performed 
with Statistical Parametric Mapping (Version SPM 12; 
https://www.fil.ion.ucl.ac.uk/spm/), comprising realign-
ment, slice-time correction, and co-registration to each 
subject’s T1-weighted native space. All images were reg-
istered in the Montreal Neurological Institute template.

Machine Learning Processing

A full overview of ML methods is provided in Figure 2.
Dataset Constitution. Residual head motion 

was corrected in the preprocessing procedure per-
formed by SPM 12 realign and unwarp procedure, co- 
registering, and resampling all scans to the first scan 
of the session using b-spline interpolation (inte-
grated within the Functional Connectivity Toolbox 
for Correlated and Anticorrelated Brain Networks 
(CONN) toolbox https://www.nitrc.org/projects/
conn). Each image acquisition modality was first aggre-
gated per area of the brain using: 1) Willard’s functional 
atlas for PCC, mPFC, and precuneus and 2) Hammer’s 
anatomical atlas (reference) for deep gray nuclei, that 
is, pallidum, putamen, and thalamus. Willard’s atlas 
has been developed by the Functional Imaging in 
Neuropsychiatric Disorders Lab (Stanford University, 
Stanford, CA), describing 14 functional brain net-
works, including the DMN, with 499 functional ROIs 
(https://pyhrf.github.io/manual/parcellation_mask.
html). Six cortical and subcortical structures, known to 
critically contribute to conscious processing (1, 8, 9), 
were considered: pallidum, putamen, thalamus, mPFC, 
PCC, and precuneus. For each patient in the study, the 
value of the voxels in a given structure was summed, 
providing one measure of the structure. This procedure 
resulted in the construction of a dataset that contains 
119 subjects (patients with coma = 64; controls = 55) 
with 30 features per patient (five acquisition techniques 
times six areas). For each subject, we considered three 
possible classification targets: clinical status (coma vs. 
controls), patient’s expected outcome (favorable vs. un-
favorable), and the etiology of the primary brain injury 
(anoxic vs. traumatic). For the last two targets, only 
patients with coma were considered. A predictive anal-
ysis was then applied to each target separately, but the 
same procedure was used. The datasets were split into 
a train set and a test set with an 80/20 ratio. Python, 
Version 3.10.8, was used to preprocess the data.
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Regarding structural MRI data, T1 and FLAIR voxel 
intensities were directly used after brain extraction and 
spatial normalization to compute the sum of these inten-
sity values for each ROI. To further assess the structural 
integrity of a region, DTI models were created to fit at 
each voxel, generating FA and MD maps, assessing fiber 
orientation and microstructural integrity, respectively. 
Each patient was described by a structural measure 
per region obtained by summing up voxel intensities 
according to the MRI modality. Concerning the fMRI 
analysis counterpart, rs-fMRI data were preprocessed 
using Statistical Parametric Mapping (Version SPM 12; 
https://www.fil.ion.ucl.ac.uk/spm/). The fMRI images 
were realigned, slice-time corrected, coregistered to 
each subject’s T1-weighted image, and normalized to 
standard stereotaxic anatomical Montreal Neurological 
Institute space (reference). Seed-based connectivity 

maps, representing Fisher-transformed correlation coef-
ficients for the regions of interest (ROI), were computed 
from the spatial maps of Pearson correlation coefficient, 
using the CONN toolbox (https://web.conn-toolbox.
org/fmri-methods/connectivity-measures/seed-based). 
The ROI chosen as the seed was the PCC, whose acti-
vations were statistically compared with all other brain 
regions (whole-brain approach thereof).

Hyperparameter Optimization. The next step of 
the ML pipeline consisted in optimizing hyperparame-
ters of five ML algorithms: K-Neighbors, Decision tree, 
Random Forest, Gaussian Naive Bayes, and Gradient 
Boosting. Grid search was employed with parameter 
ranges provided in the Supplemental Digital Content 
(eFigs. 1–18, https://links.lww.com/CCM/H900). 
A five-fold cross-validation was used during hyper-
parameter optimization to assess the generalization 

Figure 2. Methods overview. In all participants, structural and functional brain MRI was collected at the acute phase of coma. The whole 
dataset was split into a train and test sets (80/20 ratio) to build and validate independent machine learning models with the following 
classification targets: clinical status (coma vs. controls), primary brain injury mechanism (anoxic vs. traumatic), and patient’s expected 
outcome at 3 mo from coma onset (favorable vs. unfavorable). Ultimately, to understand features importance in the model, model-agnostic 
visualization tools were applied. FA = fractional anisotropy, FLAIR = fluid-attenuated inversion recovery, MD = median diffusivity, PDP = 
partial dependence plot, rs-fMRI= resting-state functional MRI, SHAP = SHapley Additive exPlanations, T1 = T1-weighed sequence.
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capacity of the models. SKLearn, Version 1.3.2, was 
used to optimize hyperparameters and train models.

Model Selection. Once the hyperparameter was 
optimized for each ML algorithm, the best algorithm 
was chosen by evaluating its stability among reruns: 
each of the five ML algorithms with the corresponding 
optimized hyperparameter set was trained 30 times on 
various train/test splits (eFigs. 1–18, https://links.lww.
com/CCM/H900). The best algorithms were chosen 
with higher accuracy, with the lower train/test differ-
ence, independently for each target.

Feature Selection. With the best ML algorithm 
and its optimal hyperparameter set, feature extraction 
was applied to identify key features from the dataset. 
Permutation importance from the SKLearn pack-
age was applied. The selected algorithm was then fit-
ted 100 times with an increasing number of features, 
adding them one at a time in decreasing importance 
(eFigs. 1–18, https://links.lww.com/CCM/H900). For 
each target, the final number of features was manually 
chosen, choosing the highest accuracy with the lowest 

train/test difference. The corresponding most impor-
tant features were kept for the next steps.

Model Explanation. With the selected model and 
feature, confusion matrices were generated and expla-
nation using SHapley Additive exPlanations (SHAP) 
(25) and partial dependence plots (PDPs) (26). 
Summary plots were generated using SHAP library, 
Version 0.43.0 and Individual Conditional Expectation 
plots taken from the inspection package of SKLearn.

RESULTS

Neuroimaging Signatures of Coma

In the first classification task, we aimed to distinguish 
patients with coma from controls using the proposed 
automatic ML pipeline for structural and functional 
brain MRI data. In Figure 3A, we present the classifier 
with the best performance, that is, random forest, after 
feature selection, showing a mean accuracy of 0.934% 
on the training set and 0.890% on the test set, show-
ing the good generalization capacity of the generated 

Figure 3. Neuroimaging signatures of coma. Model classification of clinical status (coma vs. controls) at the MRI scan time. A, Best 
machine learning model (Random Forest) with selected features. B, Confusion matrix from the test dataset. Model explainability 
investigation using SHapley Additive exPlanations (SHAP, C) and partial dependence plots (D). FA = fractional anisotropy, fMRI = 
functional MRI, MD = median diffusivity, PCC = posterior cingulate cortex, PreCu = precuneus.
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models. The confusion matrix in Figure 3B of the test 
set (eFig. 4, https://links.lww.com/CCM/H900) reports 
that almost all samples were correctly classified, except 
for one control mistaken for patients with coma. With 
this model validated in terms of diagnosis capacity, 
we analyzed what were the most impactful features. 
First, of the 30 original features, only six were suffi-
cient to reach the maximal accuracy score: fMRI-PCC, 
fMRI-thalamus, FA-thalamus, MD-PCC, FA-PCC, and 
FA-precuneus. Regarding the model’s interpretability, 
the SHAP analysis allowed for the comparison be-
tween the selected features (Fig. 3C). We found that the  
resting-state fMRI index from two ROIs, that is, PCC 
and thalamus, respectively, ranked as first and second 
in order of importance. The third place was occupied by 
the FA index of the thalamus, followed by MD in PCC 
in fourth position, and the FA-PCC and precuneus in 
the fifth and sixth positions. Interestingly, the lower the 
value of the fMRI-PCC, the more the prediction shifted 
toward the coma state. A similar trend was observed for 
the fMRI-thalamus, FA-thalamus, and MD-PCC, but 
was opposite for structural features, such as FA-PCC 
and FA-precuneus. The value of fMRI-PCC and the 

FA-thalamus to disentangle coma from conscious states 
was confirmed and expanded by PDP analysis (Fig. 3D).

Multimodal Features Related to Primary Brain 
Injury

For the second classification task, we analyzed coma eti-
ology by discriminating the causes of coma in the con-
sidered set of patients, namely, either anoxic or traumatic 
brain injuries. In this case, the best selected model was 
Gaussian Naive Bayes, achieving 0.762 as average accu-
racy on the training set and 0.733 on the test set, once 
again showing good generalization capacity of the gener-
ated models (Fig. 4A). Confusion matrices also showed 
the classification capacity of the selected model; however, 
it mainly misclassifies traumatic brain injuries (Fig. 4B). 
SHAP analysis was used to identify the brain MRI features 
that relate most with the primary brain injury mechanism 
responsible for coma. fMRI-PCC and FA-pallidum were 
isolated as the most relevant markers allowing distinction 
between traumatic and anoxic brain injuries (Fig. 4C). It 
is worth noting that PDP analysis substantiates this re-
sult and permits to isolate a linear relationship between 

Figure 4. Multimodal features related to primary brain injury. Model classification of coma etiology (traumatic vs. anoxic [ANOX]). A, Best 
machine learning model (Gaussian Naive Bayes) with selected features. B, Confusion matrix from the test dataset. Model explainability 
investigation using SHapley Additive exPlanations (SHAP, C) and partial dependence plots (D). FA = fractional anisotropy, fMRI = 
functional MRI, PCC = parietal cingulate cortex, TBI = traumatic brain injury.
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fMRI-PCC and primary brain injury classification, with 
lower fMRI-PCC values related to brain trauma condi-
tions (Fig. 4D). Additional analyses concerning features 
related to etiological heterogeneity and data preprocess-
ing are available in the Supplemental Digital Content 
(eFigs. 28–30, https://links.lww.com/CCM/H900).

MRI-Derived Markers of Neurologic Outcome

The last classification task comprised the distinction 
between patients having either favorable or unfavor-
able outcomes at 3 months from coma onset. Among 
the five features leading to the best results, structural 
indexes (T1 and FLAIR) seemed to carry the most rele-
vant predictive information. Gaussian Naive Bayes was 
the best classifier, although test performance presented 
a great variability and was significantly lower than the 
test set (accuracy of 0.694) in comparison to the train-
ing set (accuracy of 0.824) (Fig. 5, A and B). Taking 
that into account in the following analysis, SHAP 
analysis (Fig. 5C), corroborated with PDPs (Fig. 5D), 

shows that higher values of T1 in PCC and precuneus 
are of better prognostic in terms of outcome. Further 
analysis examining neurological outcome classifica-
tion are presented in Supplementary Material (eFigs. 
19–24, https://links.lww.com/CCM/H900).

Data Availability

Anonymized data may be shared on request to the cor-
responding author from a qualified investigator for 
noncommercial use, subject to restrictions according 
to participant consent and data protection legislation.

Code Availability

Source code is available for noncommercial use on 
GitHub.

DISCUSSION

Converging evidence suggests that patients with DoC 
and preserved structural integrity within the anterior 

Figure 5. MRI-derived markers of neurologic outcome. Model classification of neurologic outcome at 3 mo (favorable vs. unfavorable). 
A, Best machine learning model (Gaussian Naive Bayes) with selected features. B, Confusion matrix from the test dataset. Model 
explainability investigation using SHapley Additive exPlanations (SHAP, C) and partial dependence plots (D). FLAIR = fluid-attenuated 
inversion recovery, fMRI = functional MRI, mPFC = median prefrontal cortex, PCC = parietal cingulate cortex, PreCu = precuneus, T1 = 
T1-weighed sequence.
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forebrain mesocircuit display more favorable neuro-
logic evolution (1). Regarding the functional coun-
terpart of reported MRI-derived predictors of DoC 
recovery, default mode network connectivity, encom-
passing both within and internetwork correlations be-
tween key functional hubs (thalamus, the PCC, and the 
mPFC), has been intensely investigated in this context, 
showing that functional disruption increases with con-
sciousness impairment, ranging from a MCS, UWS, to 
coma (1). Here, we have developed and validated an 
innovative, hypothesis-driven, and broadly explain-
able analytical pipeline, which was capable of accu-
rately identifying MRI-derived signatures of coma, its 
etiology, and potential for neurologic recovery. It is 
worth noting that selected clinical features (age, sex, 
time from coma onset and MRI scanning, GCS at hos-
pital admission) weakly contribute to classification 
models accuracy (eFigs. 25–27, https://links.lww.com/
CCM/H900) and suggest that including these MRI 
biomarkers improves classifications beyond what clin-
ical variables alone can achieve.

The generated ML model showed good accu-
racy and generalization capacity to discriminate 
coma from conscious state based on early brain 
MRI data. Interestingly, by following a without a 
priori hypothesis analytical approach, we observed 
that functional baseline dysconnection between 
the whole-brain and either the thalamus, PCC, or 
mPFC was associated with coma. These results are 
in line with current theoretical and neurobiological 
frameworks of consciousness, which posit that these 
cortical and subcortical brain structures are key in-
formation hubs for conscious processing (1, 2, 9). 
Hence, grounded on the current theoretical frame-
work for conscious processing, we deliberately focus 
on the study of MRI-derived metrics of neuronal in-
tegrity and baseline function of mesocircuit and fron-
toparietal networks’ key components. Further studies 
should explore the added value of lesions identified 
outside these chosen networks, such as the reticular 
ascending activation system, the dorsal attention, and 
salience networks (15–17). Regarding the structural 
imaging counterpart, FA anomalies—a measure of 
microstructural integrity in diffusion MRI—within 
the thalamus and the nigrostriatal system were also 
associated with coma state.

Finally, the structural integrity of PCC, the thal-
amus, and the nigrostriatal structures, assessed by 

widely available and cost-effective MRI metrics (FA, 
FLAIR), conveyed valuable information in terms of 
neurologic outcome prediction. Our findings support 
current theoretical hypotheses about the implication 
of such neocortical and subcortical brain structures in 
consciousness abolition and neurologic recovery from 
severe brain injury.

The proposed structural MRI and fMRI data anal-
ysis pipeline was developed and evaluated within a 
specific clinical workflow, involving patients with 
acute severe brain injuries (5–15 d post-injury) who 
were treated in a tertiary ICU. However, our results 
must be interpreted with caution, and a number of 
limitations should be borne in mind. First, we can-
not exclude the possibility of unmeasured confound-
ing factors in this observational study. For example, 
even though we controlled for ruling out residual 
sedation the day of the MRI scan, other essential 
medications were administered at the time of neu-
roimaging data collection, and several of them could 
affect the resting-state brain activity. Second, despite 
the promise held by advanced neuroimaging in this 
setting, performing multisequence MRI in this setting 
is logistically challenging and can be hindered by cost 
and accessibility issues that need specific workflow 
improvements. Third, despite being one of the largest 
reported to date prospective multimodal MRI cohorts 
in coma patients, the limited sample size of our study 
hinders the generalizability of our findings. Fourth, 
imaging on the same scanner raises the possibility of 
site-specific bias and hinders the generalizability of 
the reported models in external populations scanned 
using different MRI platforms. Fifth, DTI quantifies 
the 3D movement of water molecules by assuming 
Gaussian diffusion within a voxel. Main metrics de-
rived from DTI, such as FA and MD, provide valuable 
insights into brain microstructure, but can be biased 
in the case of a voxel containing crossing fibers of a 
mixture of white matter and freely extracellular water 
molecules. Alternative DTI methods, such as free-
water elimination modeling and multishell angular 
resolution diffusion imaging, have been proposed to 
accurately address these issues.

Our study addresses the crucial need for un-
derstanding how artificial intelligence-/ML-based 
approaches are taking their decisions, which is of 
central interest, in particular, in critical applications 
such as healthcare. While our approach is not yet fully 
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interpretable, we argue that proposing SHAP and PDPs 
on human-extracted features from images is a step to-
ward this direction. This allowed us to shed light on 
the most relevant features for each classification task, 
thus providing additional elements for increasing 
trust in these methods. Nevertheless, these explana-
tions are descriptive rather than causal and should not 
be interpreted as evidence of underlying mechanistic 
relationships.

In the current study, we developed a hypothesis-
driven ML-analytical pipeline that was capable of ac-
curately and comprehensibly identifying multimodal 
MRI-derived metrics that were specifically associated 
with coma per se, its etiology, and the patient’s po-
tential for recovery. The structural and functional in-
tegrity of mesocircuit and frontoparietal brain hubs 
appeared to carry the most relevant information in 
terms of the model’s classification. However, these 
results should be considered preliminary prognostic 
signatures that still require external validation.
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