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Functional MRI (fMRI) and EEG may reveal residual consciousness in patients with disorders of consciousness (DoC),
as reflected by a rapidly expanding literature on chronic DoC. However, acute DoC is rarely investigated, although
identifying residual consciousness is key to clinical decision-making in the intensive care unit (ICU). Therefore,
the objective of the prospective, observational, tertiary centre cohort, diagnostic phase IIb study ‘Consciousness in
neurocritical care cohort study using EEG and fMRI’ (CONNECT-ME, NCT02644265) was to assess the accuracy of
fMRI and EEG to identify residual consciousness in acute DoC in the ICU. Between April 2016 and November 2020,
87 acute DoC patients with traumatic or non-traumatic brain injury were examined with repeated clinical assess-
ments, fMRI and EEG. Resting-state EEG and EEG with external stimulations were evaluated by visual analysis,
spectral band analysis and a Support Vector Machine (SVM) consciousness classifier. In addition, within- and be-
tween-network resting-state connectivity for canonical resting-state fMRI networks was assessed. Next, we used
EEG and fMRI data at study enrolment in two different machine-learning algorithms (Random Forest and SVM
with a linear kernel) to distinguish patients in a minimally conscious state or better (~MCS) from those in coma or
unresponsive wakefulness state (SUWS) at time of study enrolment and at ICU discharge (or before death).
Prediction performances were assessed with area under the curve (AUC). Of 87 DoC patients (mean age, 50.0 + 18
years, 43% female), 51 (59%) were <UWS and 36 (41%) were >MCS at study enrolment. Thirty-one (36%) patients
died in the ICU, including 28 who had life-sustaining therapy withdrawn. EEG and fMRI predicted consciousness le-
vels at study enrolment and ICU discharge, with maximum AUCs of 0.79 (95% CI 0.77-0.80) and 0.71 (95% CI 0.77-0.80),
respectively. Models based on combined EEG and fMRI features predicted consciousness levels at study enrolment
and ICU discharge with maximum AUCs of 0.78 (95% CI 0.71-0.86) and 0.83 (95% CI 0.75-0.89), respectively, with im-
proved positive predictive value and sensitivity. Overall, both machine-learning algorithms (SVM and Random
Forest) performed equally well. In conclusion, we suggest that acute DoC prediction models in the ICU be based on
a combination of fMRI and EEG features, regardless of the machine-learning algorithm used.
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Introduction

Acute brain injury is a medical and socioeconomic emergency.
Traumatic brain injury alone results in 1.5 million hospital admis-
sions and 57000 deaths in the EU annually.” Of all comatose pa-
tients with TBI, 40% die in the intensive care unit (ICU) and 20%
enter a prolonged disorder of consciousness (DoC), seemingly un-
aware of themselves and their environment.?

In clinical routine, the rate of patients with undetected con-
sciousness is high. Healthcare professionals fail to identify residual
consciousness in up to 40% of unresponsive patients with brain in-
jury® and are challenged by unusual coma presentations.* As 70% of
deaths in the ICU occur after withdrawal of life-sustaining therapy
(WLST),” accurate assessment of consciousness levels is crucial to
avoid flawed medical decision-making, including premature
WLST owing to underestimation of residual consciousness.®
Conversely, overestimation of consciousness levels after acute
brain injury may lead to futile treatment, putting a strain on limited
healthcare resources. This raises the important question: of all DoC
patients with acute brain injury in the ICU, who has residual con-
sciousness or the potential to recover it and who does not?

Complementing the clinical neurological examination, func-
tional neuroimaging and EEG provide a means of assessing evi-
dence for residual consciousness that does not require active
motor responses from the patient.” Although highly specific in
identifying covertly conscious patients, active mental task-based
functional MRI (fMRI)® and EEG® paradigms often underestimate re-
sidual consciousness in DoC patients because of insufficient arou-
sal and lack of sustained attention.”’® The typically fluctuating
course of awareness in DoC patients, especially in the acute phase,
is another obstacle.’ Only 14% of unresponsive wakefulness syn-
drome (UWS) and 26% of minimally conscious state (MCS) patients
can participate in active EEG/fMRI paradigms.’ In contrast, passive
paradigms (i.e. including external stimuli, but without request for
command following) and resting-state EEG and fMRI do not require
active effort on the part of the patient and might therefore be ad-
vantageous for assessment of residual consciousness in patients

in the ICU."*™ Although American’ and European'® guidelines
recommend EEG- and fMRI-based paradigms for the evaluations
of consciousness levels, comparative studies of fMRI and EEG in
large acute DoC cohorts in the ICU are lacking.**'7:*®

Here, our objective was to measure the accuracy of fMRI and EEG
to identify residual consciousness in acute DoC, in a prospective,
observational, tertiary centre, ICU cohort, diagnostic phase IIb
study. We analysed EEG data by three different methods and esti-
mated resting-state fMRI between- and within-network connectiv-
ity. Next, we used EEG and fMRI features to predict consciousness
level in acute DoC patients at two time points: time of clinical
examination closest to EEG and fMRI recordings (study enrolment)
and time of discharge from the ICU or death (ICU discharge), using
two different machine-learning algorithms.

We hypothesized that multimodal assessment of residual con-
sciousness by fMRI and EEG would effectively predict clinical diag-
nosis of consciousness in acute DoC patients in the ICU, and that by
combining fMRI and EEG features even more accurate prognostica-
tion would be achieved.

Materials and methods

Figure 1 shows the study design, patient flow and data analysis
strategy. A detailed study protocol has been published.*®

Between April 2016 and November 2020, we included patients ad-
mitted to the ICUs at a tertiary referral centre (Rigshospitalet,
Copenhagen University Hospital). Patients were included first on
convenience basis (April 2016-August 2019, n=63), then by system-
atic daily screening (September 2019-November 2020, n=25) of the
four ICUs at Rigshospitalet. All patients were enrolled prospectively
during the ICU admission.

Inclusion criteria were: (i) DoC patients (age > 16 years) subclas-
sified into coma, UWS, MCS—/MCS+,%° emerged from MCS (eMCS),**
confusional state (CS) or locked-in syndrome (LIS) (Supplementary

20z Aenuer g| uo Jesn | yHOIF NHO N'a A9 | 1.59699/05/ /9t |/3[01He/Uleld/wod dno-olwspede//:sdyy woly papeojumo(q


mailto:daniel.kondziella@regionh.dk
http://academic.oup.com/cid/article-lookup/doi/10.1093/brainj/awac335#supplementary-data

52 | BRAIN 2023: 146; 50-64 M. Amiri et al.

— > Visual EEG analysis —» Syn_e k .
2 categorization
1 . (n=86) 4
— == |, Spectral EEG analysis —» ABCD .mnt
n=87 cat?fg?zrgg)tlon Target outcome

S N s Binary classification of
0 o o v ; :
IS EFYEOE Y =86 — Sr’l\gsslawf:(er . —— consciousness levels
et AEE - £ NAMETS crd=s t 2 time-points:
I¥SYITST VY| 2. EEG markers R ----——» P(MCS)rest (n = 86) at < time-points
0 o o 3. EEG markers S ---:— P(MCS)stim (n = 77) i
Hi e
Hi .

; MN“.. 6x within-network 2.ICU discharge, i.e.

T FI\I/EI(;I @ s FPN-,:“- e % DoCdischarge

# EEG + fMRI S e R Functional

’ < AN connectivity
. (FC)
3 - »SMN- ¥ il
° 15x between-network
n=64 N
Random Forest machine Support Vector Machine
learning algorithm with a linear kernel
All-sample Same-sample models
unimodal models (n=48)
Synek (n = 86) fMRI FC (n = 64) ' Unimodal Multimodal
ABCD (1 = 73) SVM class (n=77) . models I-VII models VIII-XIV
EEG markers C (n=77) EEG markers S (n=77) l 0 l
v
EEG markers R 10.
(n=86) Pairwise comparision of

same-sample models

Figure 1 Flow chart and methods. (1) The study population consisted of 87 patients who were clinically classified according to their level of conscious-
ness after ICU admission at study enrolment and ICU discharge (or prior to death). EEG was performed in 86 patients, fMRI in 64 patients and both EEG
and fMRIin 63 patients (orange); in one patient (yellow) only fMRI was available and in 23 patients (dark grey) only EEG. (2) All EEGs were analysed using
three different methods: manual visual analysis with grading according to the Synek scale; categorization according to the ABCD model based on spec-
tral band power from centrally located EEG electrodes; automated classification using a SVM classifier based on 68 EEG markers from the whole EEG
recording (EEG markers C), EEG markers R from resting-state EEG and EEG markers S from EEG with stimulations. (3) FMRI functional connectivity
(FC) estimates were derived from six networks, resulting in six within-network and 15 between-network connectivity estimates. (4) Target outcomes
to be predicted were consciousness levels at time of enrolment (DoCenrolment) and at time of ICU discharge (DoCaischarge)- (5) Prediction performance of
all EEG and fMRI features were analysed using two different machine-learning algorithms: Random Forest and Support Vector Machine (SVM). (6) First,
prediction performance of each available feature with maximum available data was determined with unimodal models (results are presented in
Table 2). (7) Then, for direct comparison of models, same-sample models based on data from 48 patients with all available features (i.e. all six EEG fea-
tures and fMRI FC measures) were derived (results are given in Table 3). (8) Unimodal models I-VII were based on individual features. (9) Multimodal
models VIII-XIV were based on different combinations of EEG and fMRI features (results shown in Table 3). (10) Finally, pairwise comparisons of the
same-sample models were performed, with both machine-learning algorithms, separately (results given in Supplementary Figs 3 and 4).
Figure created with BioRender.com.

Box 1); (ii) <31 days from brain injury; and (iii) clinical indication for patients could not fully be weaned from sedation, dosages were re-
structural MRI. We aimed to perform clinical exams, EEG and fMRI duced to the lowest possible level. Levels of sedation were graded
within a 24-h window. In 26 patients this time window was ex- as: ‘None or minimal’, indicating absence of intravenous fentanyl,
ceeded due to rescheduling of MRI scans. We aimed for unsedated remifentanil, propofol, midazolam, sodium thiopental or sevoflur-

patients during neurological examinations, EEG and fMRI, but if ane; ‘low to moderate’, indicating fentanyl <500 pg/h or <200 pg/h
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combined with propofol, remifentanil <1000 pg/h or <250 pg/h
combined with propofol, propofol <100mg/h, midazolam
<10 mg/h, sevoflurane <3%; ‘high or very high’, indicating
propofol >100 mg/h, fentanyl >500 pg/h or >200 pg/h combined
with propofol, remifentanil >1000 pg/h or >250 pg/h combined
with propofol, midazolam >10 mg/h, sevoflurane >3% or any dos-
age of sodium thiopental.?

Exclusion criteria were (i) contraindications for MRI; (ii) acute
life-threatening conditions with immediate risk of deterioration;
(iii) major premorbid neurological deficits, e.g. mental retardation,
aphasia or deafness; and (iv) lack of Danish or English language
proficiency.

Demographic and clinical data were obtained during clinical rou-
tine, supplemented by electronic health records and recorded in a
REDCap database.?® Patients were classified according to con-
sciousness levels by a detailed neurological bedside examination,
performed by or under supervision of an experienced board-
certified neurologist (D.K.), as close to the time of fMRI/EEG as pos-
sible (i.e. study enrolment), and repeated prior to discharge or death
in the ICU, as described earlier'®?*** (Supplementary Box 1).
Consciousness levels of patients who underwent WLST were deter-
mined prior to the initiation of palliative care. Daily neurological as-
sessments were also performed by the attending physicians. The
neurological exam included: (i) assessment of cranial nerves and
sensorimotor status; (ii) Glasgow Coma Scale (GCS)?®; (iii) Full
Outline of UnResponsiveness (FOUR) score?’; (iv) visual pursuit/fix-
ation with a mirror; (v) ability to follow simple motor commands
(including with the family, when possible, to stimulate arousal);
(vi) reaction to central and peripheral noxious stimuli (in the ab-
sence of command following); and (vii) assessment of verbal and
non-verbal communication.

Bedside video-EEG was recorded by experienced EEG technicians
using a standard 19/25 EEG channel system (NicoletOne, Natus
Medical Inc.) according to the international 10-20 system.?®
Artefacts including muscular activity and electronic noise from
ICU devices were reduced using standard clinical procedures.

Resting and stimulus-based EEG recording

Recordings included a minimum of 10-min resting-state EEG, dur-
ing which the surrounding environment was kept quiet. To assess
EEG reactivity, patients were evaluated by easy-to-apply stimuli,
each of 15 s duration, consisting of (i) passive eye-opening; (ii) pres-
sure applied to both earlobes (to reduce muscle artefacts); (iii) nox-
ious stimuli to fingertips and sternum; (iv) auditory stimulation,
calling patients by their name; and (v) tactile sensory stimuli ap-
plied with a cotton swab to the nostrils. All stimuli were repeated
at least once with a pause of at least 60 s.

Resting-state fMRI was performed on 1.5 or 3 T MRI-scanners
(Siemens) with 20- or 64-channel head coils, respectively. Patients
were monitored by experienced neuroanaesthesiologists, unse-
dated or sedated, if necessary, with sevoflurane or propofol at the
lowest possible dosages, to limit movement artefacts. Patients
were mechanically ventilated, aiming for normocapnia.
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Participants completed a 10-min resting-state scan session with
T,*-weighted echo-planar imaging blood oxygen level-dependent
(BOLD) fMRI sequence (repetition time=2000ms, echo time=
30 ms, flip angle=90°, in-plane matrix 64 x 64, number of slices=
32, slice thickness=3 mm (0.75 mm gap), in-plane resolution=3.6
x3.6, iPAT acceleration factor=2). A high-resolution 3D
T,-weighted structural image was acquired using a sagittal,
magnetization-prepared rapid gradient echo (MP-RAGE) sequence
(repetition time/echo time/inversion time=1900/2.58/900 ms, flip
angle=9°, in-plane matrix 256 x 256, number of slices =224, voxel
size=0.9x0.9x0.9 mm). A gradient-echo field map of the same
spatial dimensions as the BOLD fMRI sequence was acquired to re-
solve spatial distortions due to magnetic field inhomogeneities
(repetition time =400 ms, echo times=4.92 and 7.38 ms).

Visual assessment and Synek scale

EEG recordings were visually assessed by two experienced board-
certified electroencephalographers (A.S., M.C.) blinded to clinical
information, following current international terminology.?*! EEG
was assessed for (i) best background activity; (ii) continuity and per-
centage of EEG suppression (i.e. amplitude <10 pV); (iii) presence of
posterior dominant rhythm,; (iv) periods of low voltage background
activity; (v) sleep patterns; (vi) periodic discharges; (vii) epileptiform
activity according to ‘standardized computer-based organized re-
porting of EEG™; (viii) status epilepticus according to Salzburg cri-
teria®?; (ix) presence and type of burst suppression; (x) reactivity to
external stimuli®?; and (xi) overall EEG impression, rated using the
Synek scale from I to IV*% Supplementary Box 2 provides details.
The electroencephalographers evaluated EEGs first separately,
then together. Disagreements were resolved by a third board-
certified electroencephalographer (M.F.: n=15), also blinded to clin-
ical information.

ABCD spectral categorization

We used the ABCD spectral classification developed by Forgacs
etal.,®® where ‘A’ indicates complete loss of corticothalamic integrity,
‘B’and ‘C’ represent interim regimes with distinct physiological foun-
dations and ‘D’ indicates full recovery of corticothalamic integrity.
EEG segments were identified around times of maximal arousal,
e.g. after external stimuli. EEG segments with artefacts from eye
blinks, movement or ICU equipment were disregarded. Centrally
located channels (Cz, C3, C4, Pz, P3, P4) were chosen for spectral
analysis to avoid artefacts from temporal and frontal channels.
For quantitative analysis, we selected at least 10 epochs of 10-s,
artefact-free EEG per patient. The EEG was re-referenced to the
Laplacian montage®® and bandpass filtered 0.5-40 Hz. We used
Thomson’s multitaper method®” for spectral estimation. Results
were averaged across epochs for each patient. Analyses were
done using MATLAB (version 2018a, Mathworks, Massachusetts,
USA). Spectral profiles of EEGs were randomly shuffled, and inves-
tigators were blinded to the clinical characteristics. Initially, M.A.
and L.Z. visually inspected the spectral profile of each electrode
and assigned each to the categories of the ‘ABCD’ model.** EEG
spectral features that could not be categorized according to the
ABCD model were deemed ‘non-ABCD’. A third investigator (D.K.)
resolved disagreements (n=31).
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EEG markers

We computed a set of 68 EEG markers from the epoched data as de-
scribed earlier,®® without the event-related markers from the audi-
tory task: spectral power (raw and normalized) in delta, theta,
alpha, beta and gamma, spectral summaries (four markers),
weighted symbolic mutual information, permutation entropy and
Kolmogorov complexity. Each marker was reduced to four scalar
values, comprising mean and standard deviation (SD) across trials
and electrodes (four combinations). The markers were computed
from resting-state EEG, during stimulation, and combined periods
(referred to as ‘EEG markers R’, ‘EEG markers S’ and ‘EEG markers
C’, respectively, throughout the article).

Support Vector Machine classifier

The Support Vector Machine (SVM) classifier was developed as
described earlier.?®3° EEG data were first cleaned by an auto-
mated procedure. Due to the different montages used in our
population, we selected the electrodes closest to the low-density
systems (19 and 25 channels). Low-density data from our popu-
lation were then epoched following the structure of the task-
based data before the event-related response (800 ms epochs,
200 ms baseline, random inter-epoch interval between 550 and
850 ms).*° The 68 EEG markers described above were then used
as features in a predictive model. We fed these data into a pre-
dictive model that first standardized the features (z-score), se-
lected 20% of the features based on univariate ANOVA f-values,
and trained an SVM classifier (linear kernel, grid-searched C
[1e-4, 1e-3, e-2, le-1, 1, lel, 1e2]). We computed the probability
of being >MCS [P(MCS)>0.5] using Platt’s scaling.*’ We used
both resting-state EEG segments and stimulus-based EEG seg-
ments separately to determine P(MCS) for each patient, i.e.
P(MCS);est and P(MCS)stim.

Functional MRI functional connectivity

Resting-state fMRI data were preprocessed using SPM12 (https:/
www.fil.ion.ucl.ac.uk/spm/software/spm12/) in MATLAB v2019a.
Preprocessing steps included realignment and unwarping spatial
distortions in the functional volumes; co-registration of functional
and structural volumes; segmentation of the structural volume into
grey matter, white matter and CSF probability maps; normalization
of functional volumes into Montreal Neurological Institute space
based on warping parameters estimates during segmentation;
and spatial smoothing of functional volumes [8 mm full-width at
half-maximum (FWHM) kernel]. Additional processing and denois-
ing was performed in Conn v17c (https:/web.conn-toolbox.org/).
This included band-pass filtering (0.008-0.09 Hz); regressing motion
parameters (and their first derivatives); an estimation of noise
sources using anatomical component correction (aCompCor), i.e.
regressing out the time series (and first derivative) of the first five
principal components from a decomposition of the time series
from white matter and CSF voxels, separately.*” Scans were visual-
ly inspected to check data quality and document morphological ab-
normalities. Six resting-state networks [default mode network
(DMN), frontoparietal network (FPN), auditory network (AN), sali-
ence network (SN), sensorimotor network (SMN) and visual net-
work (VN)] were defined comprising 42 regions delineated in an a
priori atlas previously applied to similar clinical cohorts.*?
Denoised regional time series were extracted and region-to-region
functional connectivity (FC) was estimated by calculating the time-
wise correlation coefficient (Pearson’s rho) between each pair of re-
gional time series and applying Fisher’s r-to-z transformation to the
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correlation coefficient [i.e. r-to-z=0.5x (In((1 + 1) / (1 — 1))], where r is
the correlation coefficient and In represents the natural logarithm).
Within- and between-network functional connectivity was calcu-
lated as the average functional connectivity across the set of re-
spective region-to-region pairs (FC).

DoC status from two time points was used as the target of classifi-
cation models: time of study enrolment (DoCenrolment) @nd time of
ICU discharge or death (DoCgischarge)- Patients were dichotomously
classified as (i) clinically unconscious, i.e. in a coma/UWS (<UWS);
or (ii) MCS- or better (>MCS).

We used two different machine-learning algorithms: an SVM with a
linear kernel and a Random Forest.** We used nested cross-
validation (stratified k-fold, k=5) to ensure that within-fold class
ratio was representative of the entire dataset. Grid search was
used to select the SVM hyperparameter, C (values: 0.0001, 0.001,
0.01, 0.1, 1, 10, 100). The Random Forest hyperparameters were
set at 500 trees per forest and sqrt(p) features per tree, where p is
the number of predictive features. Before input to the SVM learning
algorithm, the data were transformed using a z-score (learnt only
on the training sets). In the case of EEG markers, where the features
were computed from either 19 or 25 electrode systems, the data
were de-confounded for the number of electrodes using a linear
regression.

We assessed prediction performance of EEG and fMRI features
with area under the curve (AUC) of receiver operating charac-
teristic (ROC) curves, sensitivity and positive predictive value.
Model performance with AUC > 0.50 indicated that the respect-
ive model could predict target outcome above chance level.
Sensitivity and positive predictive value were graded (arbitrar-
ily) as low (<0.65), moderate (0.65-0.70) or high (>0.70). Our pri-
mary outcome was the ability of EEG and MRI to classify
consciousness level (i.e. <UWS or >MCS) at the time of enrol-
ment. Our secondary outcome was the ability of EEG and
fMRI to predict consciousness level at ICU discharge. For
sensitivity and positive predictive value, we considered >MCS
as the positive and <UWS as the negative outcomes.
Accordingly, we calculated the positive predictive value
(i.e. the fraction of patients with good outcome among those
with predicted good outcome according to the model) and the
sensitivity (i.e. the fraction of all patients with good clinical
outcome that were predicted by the model to have good out-
come):

.. . .. TP
positive predictive value =precision = TP + FP
1
. TP D
sensitivity =recall = P+ N

where TP indicates the number of patients with a ‘true posi-
tive’, FP those with a ‘false positive’, and FN those with a ‘false
negative’ prediction, respectively.

We performed stratified 5-fold cross validation with 100 repeti-
tions. Performance of each repetition was computed as the mean of
performance estimates across the five folds; overall model
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performance was computed as mean performance across all 100
repetitions.

Quantitative data are expressed as mean + SD or median (range)
and were compared between groups with Student’s t-test,
Mann-Whitney U-test, or Kruskal-Wallis test. Categorical data
are expressed as n (percentages) and compared using
chi-squared test or Fisher’s exact test. Some group difference
estimates, e.g. resting-state network connectivity, are reported
as Cohen’s d. Unadjusted P-values <0.05 were considered statis-
tically significant. Unless otherwise stated, AUC, positive pre-
dictive value and sensitivity estimates are reported as mean
value; 95% CI.

This study was approved by The Danish Data Protection Agency
(RH-2016-191, I-Suite nr:04760) and the Ethics Committee of the
Capital Region of Denmark (File-nr.:H-16040845). Written con-
sent was waived because all data were acquired during routine
clinical work-up (including fMRI, during clinically indicated
MRI). ‘CONNECT-ME’ is registered with clinicaltrials.org
(NCT02644265).

Data from fMRI cannot be made anonymous and are not publicly
available. Other data will be shared upon reasonable request. The
code used in the predictive models is available at https:/github.
com/fraimondo/connect-me. All analysis was done using Julearn
and scikit-learn.*

Results

The final study population consisted of 87 patients [mean age 50+
18.7 years; 37 females (42.5%); 77 (88.5%) patients with baseline
modified Rankin Scale score <2, Table 1]. Cause of admission
was TBI in 25 patients (29.1%), ischaemic stroke in 11 (12.8%), sub-
arachnoid or intracerebral haemorrhage in 11 (12.8%), cardiac ar-
rest in 10 (11.6%), epilepsy in five (5.8%) and other medical or
neurological disorders in 25 (29.1%) patients. Thirty-six patients
(41.4%) had highly pathological neuroimaging at admission
(Table 1). Median length of stay in the ICU was 27 days, and the
median length of hospital stay 33 days. On average, coma/UWS
patients stayed in the ICU for as many days as patients who
were MCS or better (Table 1 and Supplementary Table 1).
Thirty-one patients (35.6%) died in the ICU, of whom 29 were clas-
sified as coma/UWS at enrolment; 28 patients had life-sustaining
therapy withdrawn (Table 1). Length of ICU admission was signifi-
cantly longer in patients discharged from the ICU alive (mean 36.8
+27.9 days) compared to those who died (mean 21.9 +14.2 days).
EEG recordings were available from 86 patients and fMRI from
64 patients (Fig. 1).

Clinical consciousness levels according to DoCenrolment Were:
coma in 24 (27.5%), UWS in 27 (31.4%), MCS— in 19 (21.8%), MCS+
in 10 (11.5%), LIS in 5 (5.7%) and eMCS/CS in 2 (2.3%) patients
(Fig. 2). Supplementary Table 2 shows behavioural and clinical de-
tails for individual patients.
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EEGs (n=286) were graded according to the Synek scale (I-V, best to
worst EEG activity) as follows: I, 18 (20.9%); II, 44 (51.2%); III, 15
(17.4%); 1V, 6 (7.0%); and V 3 (3.5%). DoCenrolment and DoCgischarge
were both predicted by Synek grade, using the Random Forest mod-
el (DoCenrolment: AUC=0.79; 0.77-0.80, DoCgischarge: AUC=0.71; 0.66-
0.74), with high positive predictive value but low sensitivity
(Table 2). The SVM model predicted DoCenroiment (AUC=0.70; 0.68-
0.71), but not DoCgjscharge (AUC =0.56; 0.46-0.65); Fig. 3 and Table 2
show details.

EEG grading into ABCD spectral categories (i.e. A-D, from least pre-
served to fully preserved corticothalamic integrity) was possible for
73 patients (84.9%): ‘A’, 35 (40.7%); ‘B’, 28 (32.6%); ‘C’, two (2.3%); and
‘D’ eight (9.3%). EEG from 13 patients (15.1%) did not fit with ABCD
categories (‘non-ABCD’). Supplementary Fig. 1 shows examples
from each ABCD category. The Random Forest model predicted
DoCenrolment @nd DoCgischarge Using ABCD categories (DoCenrolment:
AUC=0.64; 0.58-0.68; DoCgischarge: AUC=0.58; 0.56-0.61), although
with low/moderate positive predictive value and low sensitivity
(Table 2). SVM model predicted DoCenrolment (AUC =0.61; 0.52-0.54)
with low positive predictive value and sensitivity but could not pre-
dict DOCgischarge (AUC = 0.58; 0.46-0.64) (Fig. 3 and Table 2).

EEG markers could be extracted from 85 resting-state EEG segments
and 77 EEG segments with external stimuli. We report AUCs for the
Random Forest model here, but Table 2 shows all AUC, positive pre-
dictive value and sensitivity estimates. From the three sets of fea-
tures (EEG markers R, S and C), only EEG markers S and C
predicted DoCenroiment (Markers S: AUC=0.62; 0.54-0.67; markers
C: AUC=0.60; 0.52-0.66), although with low positive predictive va-
lue and sensitivity. All three sets of features predicted DoCgjscharge
(EEG markers R: AUC=0.71; 0.63-0.76; markers S: AUC=0.66; 0.59-
0.72; markers C: AUC =0.71; 0.64-0.76) with a moderate positive pre-
dictive value and high sensitivity (Fig. 3 and Table 2).

Both P(MCS)gest and P(MCS)sym are the output of a predictive SVM
classifier trained on a separate dataset®® and tested on the EEG mar-
kers R and S data. Both P(MCS)gest and P(MCS)stim, When used as fea-
tures, predicted DoCenrolment Using the Random Forest model (AUC
=0.63; 0.55-0.70) and the SVM model (AUC =0.64; 0.54-0.69), with
low positive predictive value and sensitivity (Table 2). DoCgjscharge
was only predicted with the SVM model (AUC=0.69; 0.62-0.75)
with low positive predictive value but high sensitivity (Fig. 3 and
Table 2).

We evaluated associations and predictions based on resting-state
fMRI within-network and between-network connectivity estimates
across 64 patients with available data (Figs 3 and 4, Table 2 and
Supplementary Table 3).

Compared to patients classified as >MCS at enrolment (Fig. 4A
and Supplementary Table 3), mean network connectivity in
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Table 1 Clinical characteristics and comparison between patients in coma or UWS (SUWS) versus patients in MCS— or better (>MCS)

Total (n=287) >MCS (n=36) <UWS (n=51) OR (95% CI) P
Age, year, mean (SD) 50 (18.7) 47 (17.0) 52.2 (19.8) - 0.19
Sex, female, n (%) 37 (42.5) 16 (44.4) 21 (41.2) 0.88 (0.37-2.10) 0.93
mRS baseline, n (%)

0-2 77 (88.5) 32(88.9) 45 (88.2) 0.95 (0.22-3.7) 1.00
>2 10 (11.5) 4(11.1) 6 (11.8) Reference -
History of comorbidity, any, n (%)? 63 (72.4) 23 (63.9) 40 (78.4) 2.03 (0.78-5.42) 0.15

Cardiopulmonary 34 (39.0) 10 (27.8) 24 (47.1) 2.28 (0.92-5.91) 0.11
Neurological disorders
Cerebrovascular 11 (12.6) 5(13.9) 6(11.8) 0.82 (0.22-3.19) 0.76
Epilepsy 7 (8.0) 4(11.1) 3(5.9) 0.51 (0.09-2.59) 0.44
Other 18 (20.7) 9 (25.0) 9 (17.6) 0.65 (0.22-1.88) 0.57
Diabetes 10 (11.5) 4(11.1) 6(11.8) 1.05 (0.27-4.60) 1.00
Psychiatric disorders, any 14 (16.1) 6 (16.7) 8 (15.7) 0.94 (0.29-3.15) 1.00
Other medical or surgical comorbidities 37 (42.5) 13 (36.1) 24 (47.1) 1.56 (0.65-3.83) 0.43
Cause of ICU admission, n (%)
TBI 25 (28.7) 10 (27.8) 15 (29.4) 1.08 (0.42-2.87) 1.00
Ischaemic stroke 11 (12.6) 6 (16.7) 5(9.8) 1.82 (0.49-7.05) 0.51
Cardiac arrest 10 (11.5) 0(0) 10 (19.6) - <0.01*
Subarachnoid haemorrhage 6 (6.9) 4(11.1) 2 (3.9) 0.34 (0.04-1.97) 0.23
Intracerebral haemorrhage 5(5.7) 2 (5.6) 3(5.9) 0.96 (0.11-6.65) 1.00
Epilepsy, including status epilepticus 5(5.7) 2 (5.6) 3(5.9) 0.96 (0.11-6.65) 1.00
Other causes, neurology® 16 (18.4) 10 (27.8) 6(11.8) 0.35 (0.11-1.08) 0.11
Other causes, medical or surgical® 9 (10.3 2 (5.6) 7 (13.7) 2.55 (0.56-6.65) 0.30
Highly pathological® neuroimaging, n (%) 36 (41.4) 13 (36.1) 23 (45.1) 1.44 (0.60-3.55) 0.54
GCS score index, median (range) 6 (3-14) 9(4-14) 5(3-9) 0.36 (0.24-0.55) <0.01*
FOUR score index, median (range) 8 (0-16) 11.5 (5-16) 6 (0-10) 0.35 (0.22-0.57) <0.01*
Brain injury to ICU admission, days, median (range) 0 (0-19) 0 (0-19) 0 (0-16) 0.90 (0.79-1.04) 0.04*
ICU admission to enrolment, days, median (range) 11 (1-54) 11 (1-54) 10.5 (1-31) 0.97 (0.94-1.01) 0.44
Time between EEG and fMRI, h, median (range) 3.8 (0.3-216) 20 (0.3-216) 3.2 (1.0-190) 0.99 (0.98-1.00) 0.08
Level of sedation® during clinical exam, n (%) 0.17
None or minimal 59 (67.8) 27 (75.0) 32 (62.8) Reference -
Low to moderate 19 (21.8) 8(22.2) 11 (21.6) 1.15 (0.40-3.43) 0.80
High or very high 9 (10.3) 1(2.8) 8(15.7) 5.93 (0.97-156) 0.06
Level of sedation® during EEG, n (%) 86 36 50 0.72
None or minimal 62 (71.3) 27 (75.0) 35 (70.0) Reference -
Low to moderate 16 (18.6) 7 (19.4) 9 (18.0) 0.99 (0.32-3.15) 0.98
High or very high 8(9.2) 2 (5.6) 6 (12.0) 2.19 (0.45-17.6) 0.35
Level of sedation® during fMRI, n (%) 64 29 35 0.10
None or minimal 23 (36. ) 6 (20.7) 17 (48.6) Reference -
Low to moderate 21(32.8 11 (37.9) 10 (28.6) 0.33 (0.09-1.17) 0.09
High or very high 18 (28. 2) 10 (34.5) 8(22.9) 0.29 (0.07-1.09) 0.07
Unknown 2(3.1) 2(6.9) 0(0) - -
Duration of ICU admission, days, median (range) 27 (0-160) 25 (0-160) 27 (2-119) - 0.72
Duration of hospital admission, days, median (range) 33 (2-160) 37.5 (10-160) 32 (2-129) - 0.09
Death during ICU admission, n (%) 31 (35.6) 2 (5.6) 29 (56.9) 20.4 (5.34-147) <0.01*
Withdrawal of life-sustaining therapy 28 (32.2) 1(2.8) 27 (52.9) 11.2 (0.23-536) 0.19
Sudden clinical deterioration 3(3.4) 1(2.8) 2(3.9) - -

2Some patients had multiple comorbidities.

POther causes, neurology included: autoimmune encephalitis (n=4), brain tumour (n=3), hydrocephalus and shunt revision (n = 2), meningoencephalitis (n=2), global cerebral
oedema (n=2), cerebral venous thrombosis (n=1), myasthaenic crisis (n=1) and anoxic ischaemic brain damage due to drowning (n=1).
“Other causes, medical or surgical included: hypo- or hyperglycaemia (n=2), acute respiratory failure (n=2), aortic dissection or ruptured aortic aneurysm (n=2), perforated

diverticulitis (n=1), pulmonary embolism (n=1) and carbon monoxide poisoning.

9dHighly pathological findings on neuroimaging were defined as Fisher grade >3 (for subarachnoid haemorrhage), Marshall classification >3 (for TBI), haemorrhage volume
>30 ml (for intracerebral haemorrhage), strategic haemorrhage or infarct in brainstem (for ischaemic stroke or infratentorial haemorrhage), any visible sign of anoxic brain
injury on CT scan (for cardiac arrest), global cortical oedema (for patients with brain oedema), brain tumours with midline compression, compression of basal cisterns and/or

visible signs of hydrocephalus (for patients with any type of brain tumour).
€See the ‘Materials and methods’ section for details sedation levels.
*Statistically significant P-values.

<UWS patients was lower in DMN-DMN (P =0.007) and SMN-VN (P
=0.006), and higher in DMN-VN (P=0.034), FPN-AN (P=0.009) and
SN-SMN (P=0.047). Similarly, patients classified as <UWS at
ICU-discharge (Fig. 4B) had lower mean network connectivity in
DMN-DMN (P=0.001), VN-VN (P=0.010), FPN-VN (P=0.049) and

SMN-VN (P=0.030) when compared to patients classified as >MCS
at ICU discharge, but network effects did not remain statistically
significant after Bonferroni correction.

The set of within- and between-network connectivity estimates
predicted DoCenrolment, Using the Random Forest model (AUC =0.75;
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Table 2 Prediction performance EEG- and fMRI features in predicting consciousness levels at study enrolment and ICU discharge

Model Features Study enrolment ICU discharge
AUC Positive predictive Sensitivity AUC Positive predictive Sensitivity
value value
Random Synek 0.79[0.77 0.80]*  0.74[0.630.81]*>  0.54[0.450.64] 0.71[0.660.74]*  0.83[0.700.90]*  0.56 [0.54 0.61]
Forest ~ ABCD 0.64[0.580.68]  0.53[0.380.63] 0.56 [0.380.67]  0.58 [0.56 0.61] 0.67[0.610.74]  0.61[0.59 0.67]
EEG markers C 0.60[0.520.66]  0.52[0.37 0.66] 0.37[0.270.47] 0.71[0.640.76]*  0.69 [0.64 0.73] 0.76 [0.70 0.82]
EEG markers R 0.56 [0.47 0.63]  0.49 [0.34 0.61] 0.39[0.280.47] 0.71[0.630.76]* 0.69[0.630.73]  0.78[0.710.84]
EEG markers S 0.62[0.540.67]  0.54[0.39 0.69] 0.42[0.280.50]  0.66 [0.59 0.72] 0.65[0.610.70]  0.74[0.66 0.82]
SVM 0.63[0.550.70]  0.47 [0.350.59) 0.41[0.330.50]  0.54 [0.46 0.61] 0.55 [0.49 0.62] 0.56 [0.48 0.63]
fMRI FC 0.75[0.670.82]  0.67 [0.54 0.77] 0.60 [0.48 0.70]*  0.64 [0.58 0.72] 0.68[0.640.72]  0.85[0.78 0.90]
SVM Synek 0.70[0.680.71]  0.76 [0.520.93]*  0.40[0.220.59]  0.56 [0.46 0.65] 0.60[0.580.61]  0.97 [0.90 1.00]*
ABCD 0.61[0.520.64]  0.05[0.000.17] 0.03[0.000.10]  0.58 [0.46 0.64] 0.58[0.540.59]  0.94 [0.86 1.00]
EEG markers C 0.61[0.530.68]  0.31[0.12 0.54] 0.27[0.100.47]  0.63 [0.54 0.72] 0.64[0.560.72]  0.68[0.56 0.82]
EEG markers R 0.60 [0.50 0.69] 0.42 [0.21 0.60] 0.35[0.180.52]  0.68 [0.60 0.78] 0.69 [0.630.76]*  0.73[0.61 0.86]
EEG markers S 0.64[0.540.72]  0.43[0.20 0.68] 0.33[0.17 0.50]  0.60 [0.51 0.67] 0.62[0.54 0.71] 0.69 [0.57 0.81]
SVM 0.64[0.540.69]  0.18 [0.04 0.34] 0.18[0.030.35]  0.69 [0.620.75]*  0.61[0.560.65]  0.82[0.750.91]
fMRI FC 0.71[0.620.81]*  0.64 [0.46 0.76] 0.57 [0.390.70]* 0.66 [0.56 0.76] 0.68 [0.62 0.76] 0.88 [0.71 1.00]

Prediction performance is based on npmax =86, see the ‘Materials and methods’ section and Fig. 1, step 7. Values in square brackets are 95% CI. EEG markers C =68 EEG markers
derived from the full EEG recording; EEG markers R =68 EEG markers derived from EEG segments with resting state recordings; EEG markers S = 68 EEG markers derived from EEG
segments with stimulations; SVM = Support vector machine classifier indicating probability of consciousness derived from EEG markers R and S.

2The highest AUCs, positive predictive values and sensitivities obtained for prediction of consciousness level at enrolment and discharge depending on the learning algorithm.

0.67-0.82) and the SVM model (AUC=0.71; 0.62-0.81), with moder-
ate to low positive predictive value and low sensitivity (Table 2).
The same features were also predicted DoCgischarge Using the
Random Forest model (AUC =0.64; 0.58-0.72) and the SVM model
(AUC=0.66; 0.56-0.76), with moderate positive predictive value
but high sensitivity (Fig. 3 and Table 2).

To compare the model performances without bias regarding the
features used, we benchmarked the models using the same sample
set (i.e. n=48 patients with all data available), the same train/test
split for each repetition of the stratified 5-fold cross validation
and computed the difference in metrics between the individual
folds. Here, we report results from the Random Forest models;
Table 3 shows results from all same-sample models.

Overall, the results for the unimodal models were maintained,
but we observed higher variance across folds, an expected behav-
iour after reducing the amount of samples to train the models
(Fig. 3C and D). Using either Random Forest or SVM learning algo-
rithms, all models except the model based on ABCD categories
were able to predict DoCenrolment and DOCaischarge @bove chance le-
vel (Table 2 and Fig. 3C-E). Pairwise comparison of the models
(Supplementary Figs 2 and 3) shows that all unimodal models (I,
I1I to VII) had similar performance, except for the ABCD model (II)
at DoCgischarge; Which performed worse (Supplementary Figs 2B
and 3B).

We evaluated prediction of consciousness levels of patients
with all EEG and resting-state fMRI connectivity measures avail-
able (n=48). The median time between clinical exam, EEG and
fMRI was <4 h (Table 1). We tested several models combining
the different EEG and fMRI features (Fig. 3D and F; models VIII
to XIV), achieving above-chance level accuracy with both

machine-learning algorithms (Table 3). The highest AUCs for pre-
dicting DoCenrolment Were obtained with Random Forest using
fMRI FC and EEG markers S (Model X; AUC=0.78; 0.71-0.86) as
well as fMRI FC, ABCD, SVM and Synek (Model XI; AUC=0.78;
0.68-0.84). With the SVM algorithm, the highest AUC for
D0oCenrolment Was obtained using the SVM model classifications
as features (Model VI; AUC=0.78; 0.72-0.83). For DoCaischarge
the highest AUCs using the Random Forest algorithm was ob-
tained with EEG markers C (Model III; AUC =0.81; 0.74-0.88), EEG
markers R (Model IV; AUC=0.81; 0.74-0.88) and ABCD, SVM,
Synek and EEG markers C (Model XIII; AUC=0.81; 0.74-0.88).
With the SVM algorithm, the highest AUC was obtained using
fMRI FC and EEG markers R (AUC=0.83; 0.75-0.89).

Same sample models were repeated after excluding patients
who died due to WLST. However, the performance of these mod-
els was not satisfactory because of the substantially reduced da-
taset (n=35). Results are presented in Supplementary Table 4.

Complete EEG features [i.e. Synek category, ABCD category and
SVM classifier-derived P(MCS)] were available from 40 of 51 <UWS
patients. In 11 (27.5%) we found a disconnect between their unre-
sponsiveness at DoCenroiment and their favourable EEG scores [i.e.
a combination of Synek I or II, ABCD model categories B, C, or D
and P(MCS) >0.50]. Supplementary Table 5 shows characteristics
of these patients. Comparison of <UWS patients with and without
favourable EEG features revealed no differences in terms of out-
come or other clinical characteristics.

FMRI data were available from 32 (80%) of the 40 <UWS patients
with complete EEG features. Comparing fMRI resting-state network
connectivity in <UWS patients (n=8) with favourable EEG features
to the <UWS patients (n=24) with unfavourable EEG features, we
found that the overall between-network connectivity was
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Residual consciousness in acute brain injury

numerically increased in <UWS patients with unfavourable EEG
features, whereas within-network DMN connectivity was numeric-
ally decreased (Fig. 5), but not statistically significant.

Discussion

Detecting consciousness in clinically unresponsive patients is a
major challenge. Predicting which patients will recover conscious-
ness and interact meaningfully with their surroundings is an even
more formidable task. Advanced imaging, neurophysiological tools
and artificial intelligence might help attain these goals; however, it
remains unknown what specific combination of diagnostic tools
performs best.

In this prospective, diagnostic phase 2b, ICU cohort study of
acute DoC patients, EEG and fMRI performed equally well in distin-
guishing <UWS from >MCS patients during ICU admission and in
predicting consciousness levels at ICU discharge. However, the per-
formance of the two methodologies differed in positive predictive
value and sensitivity. By applying machine learning to a combin-
ation of EEG- and fMRI-based features, we obtained lower false
positive and false negative rates, indicating opportunities in the
ICU to improve prognostication of consciousness recovery.

EEG and consciousness levels

Although pairwise comparison did not show a difference between
same-sample models, of the three EEG methods utilized to predict
consciousness levels, visual EEG grading with the Synek scale® pro-
duced the highest AUC (0.79), when tested in a unimodal Random
Forest model. That EEGs were analysed by experienced electroen-
cephalographers might explain the strong performance of models
based on visual EEG assessments. Our cohort differed in several im-
portant aspects from previous cohorts evaluated with the ABCD

100%

Lis |

BRAIN 2023: 146; 50-64 | 59

model (originally based on a homogeneous post-cardiac arrest
population®) and the SVM classifier (originally based on DoC pa-
tients assessed with high-density EEG, including active stimula-
tion®®). For instance, neuronal underpinnings of acute DoC are
likely different from those of chronic DoC; our patient cohort was
heterogeneous in disease mechanisms and severity; EEG is subject
to artefacts related to ICU equipment, sedation and comorbidities;
and clinical EEG has lower spatial resolution than high-density EEG
used in the development of the SVM classifier.?® All these factors
may limit the generalizability of the ABCD model and the SVM clas-
sifier and reduce performance in our cohort compared to previous
reports.®83%%6 Although combining all EEG features in a same-
sample model did not increase the overall performance, positive
predictive value and sensitivity were indeed improved, despite a
markedly decreased sample size (n=48). This indicates that,
when different EEG features are available, combining them pro-
vides better classification performance, which is important given
that EEG is more readily available in the ICU than MRI.

Functional MRI and consciousness levels

DMN connectivity was decreased in <UWS compared to >MCS pa-
tients at enrolment and ICU discharge. This is consistent with previous
findings.*”~* Furthermore, overall between-network connectivity esti-
mates were numerically higher in <UWS than in >MCS patients. The
same pattern has been reported in chronic DoC,”*** suggesting that a
combination of decreased DMN connectivity and increased between-
network connectivity is a prominent feature also in acute DoC, in par-
ticular in <UWS patients.

Although more patients needed sedation during fMRI than
during EEG, fMRI models still predicted consciousness well.
Performance of fMRI features in classifying consciousness levels
at enrolment and predicting consciousness at ICU discharge was

Patients (n = 87)

0%

DoCenrolment

Median 16 days

DoCdischarge

Median 2 days ICU mortality

Figure 2 Consciousness levels during ICU admission and relation to mortality in the ICU. Alluvial plot illustrating clinical classification of conscious-
ness level of all patients (n=87) at enrolment (DoCenrolment) and at discharge from ICU (alive or dead, DoCajscharge)- Percentages of patients are depicted
on the y-axis. As illustrated on the x-axis, median time between assessment of DoCenroiment and DOCgischarge Was 16 days, while median time between
DoCaischarge and death in ICU was 2 days. Distribution of patients according to DoCenrolment Was: 24 (27.5%) coma, 27 (31.4%) UWS, 19 (21.8%) MCS—, 10
(11.5%) MCS+, two (2.3%) eMCS/CS and five (5.7%) LIS. Distribution of patients according to DoCaischarge Was: 16 (18.4%) coma, 20 (23.0%) UWS, 20 (23.0%)
MCS-—, 11 (12.6%) MCS+, 13 (14.9%) LIS and seven (8.0%) eMCS/CS. In total 31 (35.6%) patients died in the ICU, of whom 28 (90.3%) were classified as coma/
UWS at enrolment. In sum, the majority of deaths in ICU occurred in <UWS patients.
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Unimodal models with maximum available samples
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Figure 3 Unimodal models with maximum available data and same-sample models predicting levels of consciousness. Box plots illustrating model
performances (AUCs) of Random Forest (A) and SVM (B) machine-learning models predicting DoCenrolment and DoCgischarge- Each model is based on the
maximum amount of data available (see also Fig. 1, step 7). With the Random Forest models (A), the highest AUC for predicting DoCenrolment Was ob-
tained with the Synek categories (0.79; 95% CI 0.77-0.80), while the highest AUCs for predicting DoCgischarge Were obtained with Synek categories (0.71;
95% CI 0.66-0.74), EEG markers C (0.71; 95% CI 0.64-0.76) and EEG markers R (0.71; 95% CI 0.63-0.76). With the SVM models (B), the highest AUCs for pre-
dicting DoCenrolment Were obtained with fMRI functional connectivity (FC) measures (0.71; 95% CI0.62-0.81) and Synek categories (0.70; 95% CI 0.68-0.71),
while the highest AUCs for predicting DoCajscharge Were obtained with the SVM classifier (0.69; 95% CI 0.62-0.75) and EEG markers R (0.68; 95% CI 0.60—-
0.78). (C-F) show Random Forest (C and D) and SVM (E and F) same-sample unimodal (C and E: models I-VII) and multimodal (D and F: models VIII-XIV)
model performances (AUCs) when models are based on data from the exactly same patients (n=48) with all available features [e.g. fMRI FC + Synek
category + ABCD category + SVM classification of EEG segments (see also Fig. 1, steps 8 and 9)]. Of the unimodal same-sample models (C), all models
except the ABCD model (model II) could predict level of consciousness at both enrolment and discharge above chance level. All multimodal models
(D) could predict level of consciousness at both enrolment and discharge above chance level. In sum, this figure shows that all multimodal models
(VIII-X1V) performed well with narrow CIs in predicting both DoCenrolment (AUCs > 0.70 in six of seven models) and DoCagischarge (AUCs >0.80 in five of
seven models) (D), while the unimodal

(Continued)
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Residual consciousness in acute brain injury

A DoCenrolment: SUWS versus 2MCS
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B DoCdischarge: SUWS versus 2MCS
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Figure 4 FMRI resting-state connectivity and association with levels of
consciousness. Cohen’s d effect size of resting-state network connectiv-
ity estimates in <UWS patients compared to >MCS patients at enrol-
ment (A) and ICU discharge (B). At both study enrolment (A) and ICU
discharge (B), a pattern of decreased DMN within-network connectivity
and increased between-network connectivity is seen in <UWS patients
compared to >MCS patients. Tiles are colour-coded according to increas-
ing/decreasing effect size from 0. Bold values indicate statistical signifi-
cance with unadjusted P-values (Enrolment: DMN-DMN: P=0.007,
DMN-VN: P=0.034, FPN-AN P =0.009, SN-SMN: P=0.047, SMN-VN: P=
0.006; ICU discharge: DMN-DMN: P=0.001, VN-VN: P=0.010, FPN-VN:
P=0.049, SMN-VN: P =0.030) when comparing <UWS to >MCS patients.

comparable to that of EEG models. While EEG models had high posi-
tive predictive value, fMRI models predicted consciousness levels at
ICU discharge with better sensitivity. Thus, combining EEG and
fMRI features to predict consciousness levels at ICU discharge re-
sulted in high positive predictive value and sensitivity, which is im-
portant for clinical decision-making in the ICU.°

Patients with a disconnect between clinical exam
and EEG/functional MRI

We identified a subgroup of patients (n=11, 27.5%) clinically classi-
fied as <UWS but with favourable EEG features, suggesting higher
levels of cortical activity than indicated by the clinical phenotype.

Figure 3 Continued
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<UWS patients with EEG- versus EEG+
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Figure 5 FMRI resting-state connectivity in <UWS patients with favour-
able EEG features. Cohen’s d effect size of fMRI resting-state network
connectivity estimates in patients classified as <UWS at enrolment
with unfavourable EEG (EEG-) features compared to <UWS patients
with favourable EEG (EEG+) features. In <UWS patients with unfavour-
able EEG features, the DMN within-network connectivity was decreased
compared to <UWS patients with favourable EEG features. Tiles are
colour-coded according to increasing/decreasing effect size from 0.

As expected, this percentage is greater than the 15% of ICU patients
with cognitive motor dissociation (CMD)>? who could actively fol-
low commands during EEG in a previous study.® Interestingly, the
prevalence of 27.5% almost exactly matches the 25.6% of UWS pa-
tients in a meta-analysis on chronic DoC that showed evidence of
residual consciousness, when assessed by passive fMRI or EEG
paradigms.” It follows that residual consciousness in acute DoC pa-
tients seems at least as common as in chronic DoC patients.

Patients who are clinically <UWS but have favourable EEG or
fMRI features may be genuinely unconscious (false positives), truly
conscious (CMD) or have some degree of residual consciousness
akin to ‘covert cortical processing’, also known as higher-order cor-
tex motor dissociation’ (HMD)'®*2 or ‘cortically mediated states’.>®

Although mental task-based active paradigms are highly specif-
ic at identifying CMD,? the sensitivity is low,”'° leading to many
DoC patients with residual consciousness going undetected.
Conversely, HMD patients can be identified without active para-
digms. Passive and resting-state paradigms are therefore key to
identifying HMD patients, especially because these paradigms are
more straightforward to implement in the ICU.

FMRI was available from 8 of 11 patients with favourable EEG
features. Although not statistically significant, DMN within-
network connectivity was numerically higher in patients with fa-
vourable EEG features compared to patients with unfavourable
EEG features. Moreover, between-network connectivity in patients
with unfavourable EEGs was increased (albeit not statistically sig-
nificant). Thus, pathologically increased connectivity in these areas
may be more pronounced in truly unconscious patients. Our results
support previous findings of hyperconnectivity outside the DMN in
chronic DoC patients.*>*! Di Pierri et al.>' assessed resting-state
fMRI connectivity in chronic DoC patients and found decreased

models (A-C) in general performed with lower AUCs and wider CIs. A similar pattern was observed for SVM machine-learning models (E and F).
Unimodal same-sample models: I=Synek, 1=ABCD, III=EEG markers C, IV=EEG markers R, V=EEG markers S, VI=SVM and VII=fMRI FC.
Multimodal same-sample models: VIII={fMRI FC + EEG markers C, IX =fMRI FC + EEG markers R, X =fMRI FC + markers S, XI=fMRI FC + Synek + ABCD
+SVM, XII=Synek + ABCD + SVM, XIII = Synek + ABCD + SVM + EEG markers C and XIV =fMRI FC + Synek + ABCD + SVM + EEG markers C.
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DMN connectivity and pathologically increased between-network
connectivity with lower levels of consciousness, similar to our re-
sults in acute DoC patients.

In line with earlier reports,>>* the immediate cause of death in
our ICU cohort was WLST (28/31; including n =27 <UWS). This illus-
trates the importance of identifying patients with residual con-
sciousness in ICU.>> That said, the clinical trajectory of HMD
patients is yet unknown and not necessarily equivalent to the tra-
jectory of CMD patients, who are known to have better out-

COmeS.g'SS_GO

Our primary aim was to evaluate the utility of combining EEG and
fMRI measures for prognostication in the ICU. Although we believe
our findings generally support this utility, there are nuanced inter-
pretations to consider.

Our results do not clearly indicate an additive effect on perform-
ance of combining EEG and fMRI features. Generally, the combined
models performed comparably to individual EEG and fMRI models.
Notably, although the AUC for predicting consciousness level at ICU
discharge from an SVM model using Synek categories was poorer
than the SVM model based on EEG markers C (AUC=0.62 versus
0.80, respectively), the sensitivity was 1 for DoCgischarge Using the
Synek-based model, indicating that misclassification of >MCS pa-
tients as <UWS is not a problem. This is clinically relevant as this
information can help avoid unjustified pessimistic decisions.®

The highest positive predictive value for DoCgischarge Was 0.82.
This suggests that approximately one in five <UWS patients might
be misclassified as >MCS, which appears acceptable, because, as
pointed out, it is important in the ICU to predict consciousness re-
covery with high sensitivity to avoid premature WLST. Still, misclas-
sifying truly unconscious patients as >MCS may result in prolonged
futile treatment, which is burdensome for caregivers and puts a
strain on limited healthcare resources. Thus, we suggest that an op-
timal prediction model should be based on a combination of fMRI
functional connectivity and EEG features, resulting in a high overall
performance, and optimal sensitivity and positive predictive value.

Altogether, our findings suggest that EEG and fMRI in a multi-
modal setup may be worthy of implementation in the clinic for bet-
ter prognostication of acute DoC patients in the ICU, but this needs
replication and validation in large, prospective multicentre studies
including long-term follow-up.

Designed to align with daily ICU management, CONNECT-ME is
subject to limitations. Whereas previous studies have focused on
patients with homogeneous conditions like TBI*® or cardiac ar-
rest, our cohort was heterogeneous, reflecting the real-life variety
of brain disorders in ICU.

The decision to enrol only patients with a clinical indication for
structural MRI introduced bias in several contrasting ways. As MRI
is logistically challenging in the ICU,°* MRI may be used more fre-
quently in a subset of patients with poor prognosis to review the
full extent of brain damage prior to deciding about WLST.®
Conversely, because MRI is easier to perform in more stable pa-
tients, a subset of patients with better prognosis may also undergo
MRI more frequently than the average ICU patient.

The Coma Recovery Scale-Revised (CRS-R)®" is the gold standard
for classifying consciousness levels in chronic DoC,? but is rarely
used for acute DoC in the ICU because it is time-consuming (a

M. Amiri et al.

limitation also acknowledged by the recent European Academy of
Neurology guideline on coma and DoC).'*%? Although we did not
use the CRS-R, our systematic neurological exam assessed its es-
sential subelements (comparably to a novel abbreviated conscious-
ness scale,®® published 3 years after CONNECT-ME was initiated).
We furthermore supplemented our exam with the FOUR scale,
which is especially suitable for intubated patients.?” Finally, we
documented repeated observations from the daily routine exams
performed by ICU staff to account for fluctuations in consciousness
levels. All these measures reduced the risk of missing clinical signs
of residual consciousness.

For practical reasons, we sampled levels of consciousness at the
time of fMRI and again at ICU discharge. We acknowledge that this
may have introduced some bias due to greater variability in the
time periods compared to sampling consciousness levels at identi-
cal time intervals, e.g. every 14 days, starting from injury onset.
However, we considered it more important to collect levels of con-
sciousness at the time of fMRI and EEG to optimally evaluate the
performance of the two measurements.

Levels of consciousness at ICU discharge in patients who died
due to WLST were determined as soon as the decision to withdraw
therapy was made. Theoretically, this might have influenced inves-
tigators evaluating these patients just before the start of palliative
care. However, if present, we think the bias was minor because
we always checked the results of the final examination against
the clinical observations of the ICU staff just prior to the WLST
decision.

Finally, one must keep in mind that initially, we enrolled pa-
tients on convenience sampling, which may affect the generaliz-
ability of our results to some extent.

The major strength of our study is the multimodal approach
with repeated bedside examinations, EEG recordings and fMRI
scans, including analysis by two different machine-learning algo-
rithms, in a large cohort of acutely brain-injured ICU patients.
This real-life setting makes CONNECT-ME generalizable to the
management of ICU patients suffering from acute DoC due to vari-
ous causes of brain injury.

To fully appreciate the extent of challenges, one must bear in
mind the logistics of the ICU environment. FMRI, particularly, is dif-
ficult to obtain with various factors affecting data quality: (i) critically
unstable patients often cannot be safely transported to the MRI, and
they need monitoring during image acquisition, which puts strains
on anesthesiology staff resources; (ii) not all patients can be fully
weaned from sedation during fMRI; (iii) extra- and intracranial de-
vices can cause MRI signal dropout or may contraindicate acquisition
of fMRI; (iv) MR scanners of different magnetic strength were used ac-
cording to contraindications and availability; (v) morphological brain
abnormalities may undermine signal quality; (vi) we included pa-
tients irrespective of age, which may affect grey matter thickness
and thus connectivity estimates; and (vii) there is heterogeneity in
MRI acquisition parameters. EEG is safe and more easily available
at bedside, but electrical noise in the ICU challenges the acquisition
of high-quality EEG recordings.®* Finally, keeping the delay between
the neurological exam, EEG and fMRI to a minimum requires coord-
ination between all involved staff, including neuroanaesthesiolo-
gists, neurologists, neurosurgeons, cardiologists, radiologists,
nurses, radiographers, EEG technicians and the research team. At
any given time, sudden deterioration of the patient can necessitate
postponement or cancellation of investigations.

The above challenges may be the reason that, to our knowledge,
investigating acute DoC by EEG and fMRI has not yet been accom-
plished in a similar-sized ICU cohort as ours.
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Conclusions

In unresponsive patients with acute brain injury, EEG and fMRI mea-
sures classified consciousness levels during ICU admission both alone
and in combination, with overall equal performance. Although
machine-learning models based on EEG features obtained a high level
of positive predictive value with few false negatives, sensitivity was
low. However, by combining individual EEG and fMRI-based models,
an optimal combination of overall model performance, positive pre-
dictive value and sensitivity could be obtained. Importantly, regardless
of the machine-learning algorithm used, this multimodal approach
also enabled prediction of consciousness levels at ICU discharge.
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