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Abstract
Background  A reliable outcome prognostication tool for patients in coma of various etiologies would facilitate 
ICU treatment by providing objective information to caregivers and patients' relatives. This study aimed to predict 
outcome based on supervised machine learning and magnetic resonance diffusion tensor imaging (DTI) metrics.

Methods  In this multicenter international study, a training set of 531 patients not responding to simple orders at 
day 5 after coma onset underwent diffusion-weighted MRI between day 5 and 45. A classifier was developed using 
DTI metrics, patient age, and delay between admission and MRI as features. Unfavorable outcome (UFO) was defined 
as GOSE 1–4 at one year. Three prognosis areas were defined: a “red” zone (specificity for UFO above 95%), a “green” 
zone (specificity for favorable outcome, FO, above 90%), and a “no determination zone” (NDZ) for patients classified in 
neither the red or green zone. The classifier was validated on an external test set of 211 patients.

Results  The training set included 531 patients (age 48 ± 16 years; MRI at 19 ± 8 days post-injury), with 75.9% GOSE 
1–4 and 24.1% GOSE 5–8 at one year. Normalized DTI metrics were FA 0.82 ± 0.12 and MD 1.10 ± 0.13. The external 
test set (n = 211; age 47 ± 16 years; MRI at 21 ± 12 days) showed similar outcome distribution (75.4% GOSE 1–4, 24.6% 
GOSE 5–8) and DTI values (FA 0.83 ± 0.09, MD 1.07 ± 0.12). Both sets were comparable in age, sex, initial GCS, and 
outcome ratios. In the external test set, ROC AUC was 0.89. For UFO classification, specificity was 98.1%, PPV 99.1%, 
and sensitivity 68.6%. For FO classification, specificity was 95.0%, PPV 77.8%, and NPV 86.3% whereas 30.8% of the 
patients were in the NDZ. After excluding patients for whom life sustaining therapies were withdrawn (n = 104), 
specificity was 96.6% and 82.4% for UFO and FO classification, respectively.

Conclusion  This classifier demonstrates a high specificity to predict coma outcome while patients are still in the ICU, 
irrespective of coma etiology. These results may assist practitioners in making informed decisions. 
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​Background
Coma has multiple etiologies among which the most fre-
quent, after exclusion of toxic or infectious causes, are 
cardiac arrest (CA), traumatic brain injury (TBI), aneu-
rysmal subarachnoid hemorrhage (SAH), intraparen-
chymal hemorrhage (IPH) and hypoglycemia (HYP) [1]. 
Coma recovery may be complete, result in neurological 
deficits or leave the patient with a permanent disorder 
of consciousness. Disorders of consciousness encompass 
minimally conscious state[2] as well as vegetative state 
(also coined unresponsive wakefulness syndrome) [3, 4]. 
Regardless of cultural or cost issues, improved prognos-
tication will always allow better titration of care, resource 
allocation and communication with relatives [5, 6].

The key challenge in a day-to-day practice is to develop 
tools based on personalized, reliable, and reproducible 
data, for predicting outcome with maximum specific-
ity. The related goal is on the one hand, to avoid therapy 
withdrawal decisions in patients for whom there exists 
a potential for favorable recovery and, on the other 
hand, to allow dispassionate discussion and decisions in 
patients without any potential of recovery [5]. To date 
biological, electrophysiological, and imaging tools are 
available to clinicians to predict prognosis in comatose 
patients from various etiologies in the intensive care unit 
(ICU). Some of these biomarkers have been studied for 
prognostication across different etiologies of brain injury 
like in the present study. [5, 7] However, these tools and 
algorithms, although valuable, identifies, with a specific-
ity sufficient to be clinically relevant, only a small propor-
tion of patient eventually ending up with an unfavorable 
outcome [4, 8, 9] thereby highlighting the need for a 
more reliable approach to prognostication. During the 
last decade, diffusion tensor imaging (DTI) has emerged 
as a promising prognostic tool that outperforms conven-
tional structural magnetic resonance imaging (MRI). [10, 
11] This MRI technique quantifies the diffusion of water 
molecules in brain tissues and provides unique insights 
into the pathophysiology of white matter [12, 13].

According to the so-called “global neuronal workspace 
theory” (GNWT), deep white matter is a key anatomical 
substrate of consciousness [14]. GNWT emphasizes the 
role of long-distance connectivity and the integration of 
information across different brain regions. Given that all 
pathophysiological processes of coma from “structural” 
etiologies lead to deep white matter alteration [11, 15, 
16], we thereby hypothesized that a global measurement 
of deep white matter integrity using DTI would be corre-
lated with coma prognosis independently of etiology.

The goal of the present study was thus to develop a 
robust outcome classifier based on supervised machine 
learning using DTI metrics as well as basic clinical infor-
mation as features, allowing accurate prognostication 
while the patient is still in the ICU.

Methods
Participants
All studies were approved by the local ethics commit-
tees in each participating country. The study adhered to 
the Reporting of Observational Studies in Epidemiology 
(STROBE) guidelines for cohort studies and Transpar-
ent Reporting of a multivariable prediction model for 
Individual Prognosis Or Diagnosis (TRIPOD)-AI guide-
lines for machine learning studies and was conducted in 
accordance with the Declaration of Helsinki (see Supple-
mentary Appendix, Cohorts).

Training set
Patients from MRI-COMA and CENTER-TBI cohorts 
(see Supplementary Appendix, Cohorts and eTable 1) 
were included if they did not respond to simple orders, 
unresponsiveness not explained by sedation managed 
according to the international guidelines, between day 
5 and day 45 after CA, TBI, SAH, IPH or HYP. Coma 
of toxic/inflammatory/infectious origins were excluded 
(Supplementary Appendix, eTable 2). SAH, IPH and HYP 
patients were pooled with already published patients 
with CA7 and TBI8 (Supplementary Appendix, Cohorts 
and eTable 1).

Independent external test set
Patients from COMABASE cohort (see Supplementary 
Appendix, Cohorts and eTable 1) enrolled within the 7 
ICUs of la Pitié-Salpêtrière Hospital (Paris, France) from 
2015 to 2023 were included in the test dataset with the 
same inclusion criteria as the patients of the training set.

Patient outcome
The primary study endpoint was 1-year neurological out-
come assessed by the Glasgow Outcome Scale extended 
(GOSE). GOSE 1–4 was defined as an unfavorable out-
come (UFO) and, accordingly, GOSE 5–8 as a favorable 
outcome (FO).

Healthy volunteers
At least five healthy volunteers were recruited in each 
center for calibration purposes (Supplementary Appen-
dix, eTable 3). In a given center, the healthy volunteers 
underwent the same imaging protocol (coil, sequence 
parameters) as the patients.

Data
Data acquisition
Demographic and clinical information including initial 
severity data (Glasgow coma scale, GCS) were collected. 
MRI acquisitions were performed between day 5 and day 
45 after the injury on 1.5 T or 3 T scanners from three 
manufacturers: GE Medical Systems (Milwaukee, WI), 
Siemens Medical Solutions (Erlangen, Germany), and 
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Philips Medical Systems (Eindhoven, The Netherlands) 
(Supplementary Appendix, eTable 3). All the clinical 
inclusion and non-inclusion criteria for MRI acquisition 
are summarized in Supplementary Appendix, eTable 4. 
In addition to a conventional three-dimensional struc-
tural T1-weighted sequence, a diffusion-weighted imag-
ing (DWI) sequence with a minimum of 29 diffusion 
gradient directions was acquired. For MRI-COMA and 
COMABASE cohorts, anonymized MR raw images were 
transferred to the coordinating center. CENTER-TBI 
data were collected through the Quesgen e-CRF (Ques-
gen Systems Inc, USA) hosted on the INCF platform and 
extracted via the INCF Neurobot tool (INCF, Stockholm, 
Sweden). Image data collection was facilitated by and 
hosted on the Icometrix platform (Icometrix, Leuven, 
Belgium). Version Center Core 2.1 of CENTER-TBI data-
set was used in this study.

Diffusion-weighted data analysis
All DWI data were processed by using the brainQuant™ 
module of brainTale-care™ medical device (version 2.2.1) 
to extract calibrated fractional anisotropy (FA) and mean 
diffusivity (MD) parameters averaged within 19 regions 
of interest (ROIs) of the John Hopkins University deep 
white matter atlas (see Supplementary Appendix, MR 
diffusion-weighted data analysis) [17]. Briefly, DWI data 
first underwent a systematic sanity and quality check. 
Then, they were corrected from between-volume motion 
by performing linear registration of each acquired vol-
ume to the reference b0 volume (i.e., with no diffusion 
gradient applied) [18]. After voxel-wise estimation of 
the diffusion tensor, resulting FA and MD maps were 
co-registered onto the Montreal Neurological Institute 
(MNI) standard space and metrics values were averaged 
across all deep white-matter ROIs. These average values 
were finally normalized with respect to similar measures 
obtained from the healthy volunteers to reduce between-
center variability [19]. The data of the already published 
patients with CA [10] and TBI [11] were entirely repro-
cessed using this procedure, which led to the exclusion of 
some of these patients due to quality issues.

Descriptive statistics
Means and standard deviations were used for continuous 
variables (age, delay from injury to the MRI exam, length 
of stay in ICU, FA and MD); medians and interquartile 
ranges were used for GCS. Group differences between 
training and test datasets were assessed with unpaired 
two-sample T-tests, Fisher’s exact test, Wilcoxon rank 
sum test, and MANOVA (Pillai’s trace statistic) where 
appropriate (p < 0.05 considered as statistically signifi-
cant). All analyses were performed using R version 4.3.3 
[20] and RStudio [21].

Machine learning prognostication framework
The patients were characterized by four equally weighted 
input features: age (in years), time from injury to the MRI 
exam (in days), FA and MD (normalized average values). 
The prognostication procedure relied on a supervised 
machine learning approach involving a support vector 
classifier in a repeated nested cross-validation (rnCV) 
framework, implemented using scikit-learn v1.0.2 [22] 
for Python 3.9 (see details in Supplementary appendix, 
rnCV framework; eFigure 1–3). Depending on their 
resulting prediction score, the patients were prognos-
ticated either to have a UFO with more than 95% speci-
ficity (“red” zone), or to have a FO with more than 90% 
specificity (“green” zone) or remained in a “no determi-
nation zone” (NDZ) if they could not be classified in the 
“red” or the “green” zone. A lower specificity was chosen 
for FO than for UFO considering a higher false positive 
rate more acceptable, from the clinical point of view, for 
the former category than for the latter. The whole rnCV 
procedure eventually yielded a total of 500 prediction 
models, which were subsequently tested on the indepen-
dent external test dataset. Shapley additive explanations 
(SHAP) values were calculated to interpret the predic-
tions made by the rnCV model and plotted according 
to global feature importance for the training and the 
external test sets, respectively. [23] Based on game the-
ory, SHAP is a unified approach that aims to explain the 
output of any machine learning model by measuring the 
contribution of each feature to the prediction. [24] Some 
features have a large impact on the prediction, yielding 
large absolute SHAP values, whereas others have a small 
impact, yielding small absolute SHAP values. Feature 
impact is defined as the change in the expected value 
of the model’s output when a feature is observed versus 
unknown. The results are often displayed in a summary 
plot as a beeswarm representation that combines feature 
importance with feature effects.

Regarding the external test data set, a final decision was 
made to assign a given patient to the “red” zone (respec-
tively, the “green” zone) if 99.7% of the 500 models (i.e., 
empirically within 3 standard deviations of the mean 
prediction score over all models) classified the patient 
as having a UFO (or respectively, a FO) and to assign the 
patient to the NDZ, otherwise.

Results
Overall, 1,041 patients met the inclusion criteria dur-
ing the enrolment period. Of these, 262 were excluded 
from the analysis following MRI data sanity and quality 
check or due to MRI preprocessing issues (N = 201 and 
61, respectively), and 37 were lost to follow-up (Fig.  1). 
Finally, 742 patients were included in the analysis, of 
whom 502 (67.7%) were scored GOSE 1–3; 60 (8.1%) had 
GOSE 4; and 180 (24.2%) had GOSE 5–8; (Table  1). A 
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(24.1%). Overall, DTI metrics revealed a normalized FA 
of 0.82 ± 0.12 and a normalized MD of 1.10 ± 0.13. Uni-
variate logistic regression results obtained to classify 
patients with UFO or FO are given in Supplementary 
Appendix, eTable 5. The rnCV procedure showed a high 
prognostic performance to classify UFO patients (GOSE 
1–4) with an area under the receiver operating charac-
teristic curve (AUCROC) of 0.930 (95% confidence inter-
val CI, 0.927 to 0.933). In the “red” zone, sensitivity was 
73.0% (95% CI, 72.5 to 73.6), with a specificity set at 95% 

total of 215 healthy controls were included for MRI cali-
bration (eTable 3).

Training set
A total of 531 patients with a mean age of 48 ± 16 years 
were included in the training set (Table  1). MRI was 
performed 19 ± 8  days post-injury in 170 (32.0%) CA, 
245 (46.1%) TBI, 55 (10.4%) SAH, 51 (9.6%) IPH and 10 
(1.9%) HYP patients. Of these patients, 403 were GOSE 
1–4 (75.9%) and 128 patients were GOSE 5–8 at one year 

Fig. 1  Flow chart of the study
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for UFO prediction. In the “green” zone, sensitivity was 
77.8% (95% CI, 76.8 to 78.8) and specificity was 89.5% 
(95% CI, 89.0 to 89.9) for FO prediction (see Supple-
mentary Appendix, eTable 6). SHAP values are shown in 
Fig. 2a.

External test set
The 211 patients had a mean age of 47 ± 16  years and 
underwent an MRI session 21 ± 12  days post-injury. 
There were 91 (43.1%) CA, 91 (43.1%) TBI, 10 (4.7%) 
SAH, 17 (8.1%) IPH and 2 (1.0%) HYP patients. Overall, 
DTI metrics revealed a normalized FA of 0.83 ± 0.09 and 
a normalized MD of 1.07 ± 0.12. Of these patients, 159 
were GOSE 1–4 (75.4%) and 52 patients were GOSE 5–8 
(24.6%) at one year (Table 1). The test set did not signifi-
cantly differ from the training test in terms of age (two-
sample T-test, t = -0.32, p = 0.75), sex ratio (Fisher’s exact 
test, p = 1), initial GCS (Wilcoxon’s W = 49.376, p = 0.25), 
and UFO/FO ratio (Fisher’s exact test, p = 0.92). The 
mean delay between injury and MRI session was signifi-
cantly higher in the external test set than in the training 
set (two-sample T-test, t = 2.14, p = 0.03), as well as the 
mean length of stay in ICU (two-sample T-test, t = 2.19, 
p = 0.03). Normalized FA and MD were negatively corre-
lated with one another in both sets (p < 0.001); MANOVA 
showed a significant multivariate effect (Pillai’s statis-
tic = 0.01, p = 0.02) and univariate post-hoc test showed 
that MD was significantly lower in the external test set 
than in the training set (Welch’s one-way ANOVA statis-
tic = 7.54, p = 0.006).

Patients were classified as follows when considering 
99.7% of the 500 trained models: “red” zone (n = 110, 
52.1%), NDZ (n = 65, 30.8%), “green” zone (n = 36, 17.1%) 
(Fig.  3). UFO prediction had a positive predictive value 
(PPV) of 99.1% with a specificity of 98.1% and a sensi-
tivity of 68.6%. FO prediction had a PPV of 77.8% and a 
negative predictive value (NPV) of 86.3% with a specific-
ity of 95.0% (see Supplementary Appendix, eTable 7 and 
8). SHAP values are shown in Fig. 2b.

Table 1  Main clinical characteristics of training set and external 
test set patients
Training set All GOSE 

1–3
GOSE 4 GOSE 

5–6
GOSE 
7–8

N 531 355 48 81 47

Sex (M/F) 365/166 238/117 34/14 61/20 32/15

Mean age (SD)a 47.6 
(16.0)

50.8 
(15.4)

45.6 
(14.8)

38.8 
(13.8)

40.6 
(17.2)

Mean MRI delay 
(SD)b

19 (8) 19 (8) 21 (8) 18 (8) 17 (6)

Mean LOS in ICU 
(SD)c

36 (29) 37 (30) 48 (28) 32 (23) 18 
(17)

Median GCS 
(IQR)d

4 (4) 3 (3) 6 (4) 4 (6) 8 (11)

Mean FA (SD) 0.819 
(0.117)

0.773 
(0.111)

0.875 
(0.056)

0.916 
(0.049)

0.943 
(0.056)

Mean MD (SD) 1.100 
(0.132)

1.116 
(0.155)

1.068 
(0.067)

1.070 
(0.048)

1.053 
(0.048)

External
test set

All GOSE 
1–3

GOSE 4 GOSE 
5–6

GOSE 
7–8

N 211 147 12 33 19

Sex (M/F) 145/66 98/49 8/4 24/9 15/4

Mean age (SD)a 47.1 
(16.5)

50.7 
(15.7)

49.0 
(16.1)

38.5 
(15.0)

33.8 
(13.2)

Mean MRI delay 
(SD)b

21 (12) 19 (11) 31 (8) 21 (11) 30 
(13)

Mean LOS in ICU 
(SD)e

31 (22) 30 (24) 46 (25) 31 (15) 30 
(14)

Median GCS (IQR)f 4 (4) 3 (3) 4 (3) 7 (7) 7 (6)

Mean FA (SD) 0.826 
(0.088)

0.800 
(0.089)

0.853 
(0.049)

0.884 
(0.047)

0.913 
(0.038)

Mean MD (SD) 1.071 
(0.121)

1.070 
(0.142)

1.101 
(0.060)

1.076 
(0.043)

1.055 
(0.049)

N: number; M: male; F: female; GOSE: Glasgow Outcome Scale extended; IQR: 
interquartile range; SD: standard deviation; LOS: length of stay in ICU (days); ICU: 
intensive care unit; GCS: Glasgow Coma scale
a Age is at the time of injury. Age is expressed in years
b Delay is expressed in days post-injury
c Data were unavailable for 43 patients
d Data were unavailable for 10 patients
e Data were unavailable for 2 patients
f Data were unavailable for 11 patients

Fig. 2  Beeswarm summary plots of Shapley additive explanations (SHAP) values for the training (a) and external test (b) sets. The SHAP explanation is 
represented by a single dot on each feature row for each patient. The SHAP value of each feature determines the position of the dot on the X-axis. The 
lower the SHAP value in the negative X direction, the higher the impact of the feature on UFO prediction. The higher the SHAP value in the positive X 
direction, the higher the impact of the feature on FO prediction. The colorscale displays the original value of the feature. For instance, high FA values have 
high impact on FO prediction; high age values have more impact on UFO prediction than low age values
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One hundred and four patients died in the ICU from 
withdrawal of life-sustaining therapy (WLST, data avail-
able in the Supplementary Appendix, eTable 9). From 
the 107 remaining patients, 28 of 29 patients (96.6%) 
predicted in the “red” zone ultimately had UFO among 
whom 12 patients died in the year following ICU dis-
charge; 28 of 34 patients (82.4%) predicted in the “green” 
zone ultimately had FO. In the NDZ, 23 of 44 patients 
(52.3%) had FO and 21 of 44 patients (47.7%) had UFO 
(Fig. 4).

Discussion
The present study focused on comatose patients in the 
ICU who did not regain consciousness by day 5 after 
injury. Our procedure classified 70% of the patients of the 
independent external test set in one outcome category, 
with a specificity above 95% for UFO (GOSE 1–4) and 
FO (GOSE 5–8). We believe that such a prediction sys-
tem based on minimal data derived from DTI and basic 
clinical data adds highly relevant information to the indi-
vidual decision-making process irrespective of coma eti-
ology. This is especially true in those patients for whom 
neuroprognostication is challenging, i.e., without typical 

Fig. 4  Distribution of Glasgow Outcome Scale Extended (GOSE) scores for 107 patients predicted by the classifier with favorable outcome (FO), with 
unfavorable outcome (UFO), and patients in the “no determination zone” (NDZ), after exclusion of the patients concerned by withdrawal of life support 
therapy (WLST). Bar percentages were rounded to 1 decimal place and may not add up to 100%

 

Fig. 3  Distribution of Glasgow Outcome Scale Extended (GOSE) scores for patients predicted by the classifier with favorable outcome (FO), with unfavor-
able outcome (UFO), and patients in the “no determination zone” (NDZ). Bar percentages were rounded to 1 decimal place and may not add up to 100%
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favorable or unfavorable evolution during the first days 
after onset, with a high dependency on care.

The classifier that we used for classification is a non-
linear combination of two diffusion metrics quantifying 
global microstructural changes in deep white matter, 
FA and MD, enriched with patient’s age and MRI delay 
between injury and MRI session. DTI metrics reflect 
deep white matter integrity and, thereby, potential dam-
age to brain networks. This work can thus be embedded 
within the GNWT framework, which posits that con-
scious awareness arises when information being pro-
cessed in specialized, unconscious modules is broadcast 
to a wider network of neurons, known as the “global neu-
ronal workspace” [25]. GNWT has already been applied 
in various clinical settings [26, 27], including anesthesia 
[28]. Although this theory offers a useful framework for 
interpreting these findings, other theories and mecha-
nisms may also play significant roles in consciousness 
and coma recovery [29]. This work provides a basis for 
a better understanding and management of disorders of 
consciousness and promotes the use of DTI metrics to 
assess white matter integrity within large bundles in such 
patients.

Regarding the clinical value of DTI metrics, it has been 
shown that a decrease in FA can be induced by different 
pathophysiological processes, including myelin dam-
age that occurs after traumatic brain injury, and axonal 
degeneration observed after ischemic anoxic brain injury. 
In contrast, FA can be normal in the presence of cyto-
toxic brain swelling, as observed two weeks after cardiac 
arrest, and associated with a decrease in MD [13]. The 
classifier takes these various physiological changes into 
account, yielding overall predictive performances for 
1-year UFO prediction and 1-year FO prediction that are 
compatible with reliable and personalized clinical use.

The rationale for setting a higher specificity threshold 
for UFO (≥ 95%) than for FO (≥ 90%) reflects a deliber-
ate clinical trade-off. In coma prognostication, falsely 
predicting UFO might result in premature WLST deci-
sions. The specificity threshold set at 95% therefore pri-
oritizes minimizing false positives for UFO, ensuring that 
patients with no realistic chance of recovery are reliably 
identified, while accepting a slightly higher error rate for 
FO predictions. This approach aligns with the ethical 
imperative to avoid inappropriate limitation of care in 
patients who may still recover.

The decision to rely on minimal clinical inputs (spe-
cifically age, injury-to-MRI delay, and DTI metrics) 
represents a deliberate balance between feasibility and 
prognostic accuracy. By limiting features to robust, 
objective measures, we ensure reproducibility and mini-
mize bias introduced by subjective or inconsistently 
documented clinical variables. However, this parsimo-
nious approach may overlook potentially informative 

prognostic factors, such as detailed neurological assess-
ment, biomarkers, or electrophysiological data, which 
could refine individual predictions. While this trade-off 
ensures broad applicability and reduces confounding, it 
also underscores the need for future integration of multi-
modal data to capture the full complexity of coma recov-
ery trajectories particularly for patients in NDZ. The 
current model thus serves as a standardized foundation, 
but its clinical utility could be further strengthened by 
complementary assessments in challenging cases.

It is noteworthy that at the time when the external test 
patients were included, DTI metrics and outcome predic-
tion for CA and TBI patients were available to clinicians 
through the brainTale-care™ interface. To avoid the effect 
of a possible self-fulfilling prophecy, we analyzed the per-
formance of the prediction score without patients who 
died following WLST and observed conserved speci-
ficity in the predetermined targets, at the expense of an 
NDZ increasing from 30.8% up to 41.1% of the patients. 
While this strategy may reduce negative bias in patients 
predicted to have UFO, we cannot exclude that access 
to prognostic scores might have biased results toward 
extended care in patients predicted to have FO.

The prognosis tool that we propose gives reliable pre-
dictive scores based on robust MRI biomarkers. However, 
several drawbacks may slow adoption of the technique 
in the clinical context. First, only patients with a coma 
due to one of the five etiologies listed can be tested. This 
prognostic system is thus not usable in coma from infec-
tious, toxic, encephalitis or fat embolism origin. The two 
main reasons for this choice were (1) the low incidence 
of coma complicating these pathologies and (2) the dif-
ficulties in defining a precise date for disease onset. Sec-
ond, the periodic need for upgrade of MRI machines, 
together with the difficulties associated with scanning 
healthy subjects using clinical equipment, makes the 
procedure challenging insofar as calibration is required. 
A third issue is the possible existence of MRI contrain-
dications and factors that can affect the reliability of DTI 
metrics. Another limitation stems from the exclusion of 
262 patients (25.2%) due to MRI data sanity or prepro-
cessing failures, primarily related to motion artifacts, 
protocol deviations, or incidental neurological abnormal-
ities. It is therefore important to select patients in order 
to avoid significant contraindications for DTI interpre-
tation, but it is also important to note that, as with any 
technical implementation, exclusions due to technical 
errors or patient movement decrease over time as teams 
gain experience. These factors include a history of neuro-
logical disorders, leukoaraiosis, hydrocephaly, and acqui-
sition artifacts, which are known to impact accuracy of 
DTI measurements. Fourth, around 30% of patients in 
the external test set were unable to be prognosticated 
at the time of MRI acquisition due to their scores falling 
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within the so-called "no determination zone". There are 
several possible approaches to address the uncertainty 
regarding the outcome of these patients. On the one 
hand, the additive predictive value of a rescan one or two 
weeks after the initial MRI session may provide informa-
tion regarding dynamic changes in diffusion metrics. On 
the other hand, as for every patient, a broader approach 
consists in integrating quantified DTI metrics within a 
multimodal assessment [30] combining clinical markers, 
advanced quantified electrophysiology [31, 32], and if 
available, brain metabolic MRI [33, 34] or positron emis-
sion tomography [35].

While the proposed pipeline relies on standardized 
preprocessing and normalization using healthy volunteer 
scans, this approach ensures robust, reproducible, and 
high-quality DTI metrics across centers. This rigorous 
calibration enhances the reliability and generalizability 
of prognostic predictions, ultimately supporting more 
accurate and personalized clinical decision-making. The 
logistical challenges of data transfer, while notable, can 
be addressed through secure, compliant platforms—
highlighting the importance of infrastructure investment 
to integrate advanced neuroimaging into routine.

Conclusions
We believe that the proposed classifier may serve as a 
valuable aid within a multimodal approach to outcome 
prediction in coma patients. It offers a unified tool to help 
evaluate coma from various etiologies and could contrib-
ute to better assess prognostic and determine therapeu-
tic strategies. Further validation and clinical studies are 
necessary to fully establish its efficacy and reliability in 
diverse clinical settings.
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