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Disorders of Consciousness:

Disorders of Consciousness can affect any brain-injured patient in the intensive care unit, and
correspond to the loss, at least in part, of behavioral signs of consciousness (1). Consciousness can be
defined as the ability to be aware of mental representations (e.g. external stimulus, memory (2)). It
requires wakefulness which depends on the ascending activating reticular formation but this is not
sufficient, thus a patient may be awake but not conscious (3). Conscious processing allowing awareness
is usually probed through subject’s reportability: a conscious representation can be reported to oneself
and another person. The classification of Disorders of Consciousness (4) distinguishes the Vegetative
State (VS), corresponding to observable wakefulness (spontaneous eyes opening) without signs of
awareness (also called Unresponsive Wakefulness Syndrome), from Minimal Conscious State and
Conscious State (MCS). MCS corresponds to a minimal stage of consciousness, characterized by
wakefulness with behavioral signs suggestive of conscious processing (awareness) of external stimuli,
including at most language processing (MCS+, (3)), but no ability to report mental representations to
the observer that belong to Conscious State.

Being able to classify a patient between those categories helps for the long-term functional
neuroprognosis and thus, also has immediate implications in the ICU such as adjusting the goal-of-care
(continuation, withholding or withdrawing life sustaining therapies) to patient and family wishes (1).

Modalities used for Disorders of Consciousness evaluation:

Methods for investigating the state of consciousness in Disorders of Consciousness patients can be
separated into two categories that address different questions, whatever the modality. The first,
corresponding to a necessary condition, is to probe the structural integrity of the cerebral network that
is required for conscious processing. The second, which is a sufficient condition, is to functionally test
this network by demonstrating a conscious response to a given stimulus.

The assessment of consciousness and neuroprognosis is multimodal as it encompasses clinical,
biological, brain imaging and electrophysiological investigation:

- The first investigation is clinical (4). The most basic clinical assessment is to test the response to simple
and complex commands, enabling physicians first to verify the ability to integrate stimuli from the
outside world and then to produce a non-reflex response in return. Certain reflexes can also be
assessed, reflecting either the integrity of the anatomical structures required for conscious information
processing. Today, this clinical assessment is structured by scales like the Full Outline of

UnResponsiveness (FOUR) score and the Coma Recovery Scale-Revised (CRS-R). Those ratings may lack
reproducibility (5).

Behavioral assessment is constantly improving. The ability to inhibit reflexes can be informative
reflecting the ability to integrate a repetitive pattern from the environment and top down inhibition
capacities (6). In addition to structured scores or paraclinical assessment, it has been shown that
caregivers' unstructured overall impression (“gut feeling”) can also be useful (7).

Despite incontestable progresses, clinical assessment can be flawed and a now classical caveat of an
exclusive behavioral approach is the case of Cognitive Motor Dissociation, in which cerebral processing
of the external stimulus does exist but without any behavioral translation, the incidence of which is not
marginal (3), and that is distinct from locked-in syndrome in which oculomotricity is partially preserved.

The automatic collection of vitals on the scope of patients admitted in ICU has recently shown (8) its
relevance in terms of predictive capacity for predicting confusion and could probably be useful as a
clinical tool in Disorders of Consciousness in the future as it could help detecting Cognitive Motor



Dissociation. Finally, metrics such as the Neurological Pupil Index obtained with a pupilometer can
improve clinical evaluation and make it more quantitative, that has already shown its utility for the
prognosis after cardiac arrest (9).

- Biological paraclinical assessments. Blood Neuron Specific Enolase (NSE) concentration, as a marker
qguantifying neuronal suffering, has been shown to be a key neuropronostic marker in cardiac arrest
(10). Similarly, the assessment of blood levels of tau and long-chain neurofilaments looks promising
(11).

- Imaging-based paraclinical assessments. While cerebral Computed Tomography (CT) scan is easily
accessible and can be used to assess the extent of lesions in hemorrhagic cases (primary or secondary
to head trauma), cerebral Magnetic Resonance Imaging (MRI) has demonstrated its superiority for
neurological prognosis thanks to a more detailed assessment of the brain parenchyma. Structural MR,
thanks to advanced sequences enabling studying the integrity of underlying white matter bundles, e.g.
through the measure of water diffusion anisotropy (FA), has been shown to perform well in post-cardiac
arrest (12) (13). Functional MRI (fMRI), based on the indirect measurement of the local increase in
Cerebral Blood Flow in response to the solicitation of a relevant brain area, enables to measure the
response to an external task. In this way, fMRI has made it possible to improve the classification of
patients with a good prognosis, mistakenly stamped Vegetative State on their clinical evaluation (14).
More recently, Positron Emission Tomography (PET) has proven to give valuable information for
Disorders of Consciousness, by measuring glucose consumption and thus local energy activity in the
cortex (15).

- Electrophysiological examinations. Electroencephalography (EEG) is a minimally invasive, relatively
inexpensive technique, accessible from the patient's bed in the ICU, with a temporal resolution of the
order of a millisecond, compatible with the measurement of the electrical activity of large neural
networks. In addition to diagnosing confounding factors that can alter consciousness (encephalopathy,
epileptic seizures), resting EEG measurements can be used to extract different frequencies from
different regions (central, temporal, frontal, occipital), corresponding to cerebral rhythms. These
rhythms and their spatialization provide information on their own; indeed, the presence of a posterior
alpha rhythm, for example, is correlated with a high state of consciousness (16). The study of the
synchronization of these rhythms between different regions also makes it possible to estimate the
functional connectivity between distant brain areas (16) implicated in conscious processing (2). EEG
recordings can also be used to assess the electrical response to certain stimuli. In this respect, a
particularly elegant paradigm is the Event Related Potentials (ERPs) of Bekinstein et al. to check the
ability to detect the presence of a deviant sound (or sequence of sounds) in a series of repetitive sounds
(or sequences of sounds) (17), and to see whether this discordance generates an automatic “local”
detection of deviant sounds or a conscious “global” detection of deviant sequences across the different
EEG areas.

Why fusing modalities in Disorders of Consciousness?

To provide a prognosis, neurointensivists have to perform a multiclass classification i.e. to associate a given
patient with a probability of belonging to the class of Conscious State, Vegetative State, or Minimal Conscious
State. A way to ensure the reliability of this classification is to gather complementary information provided by
several sources. In today's multi-disciplinary staff meetings in specialized centers, the neurointensivist
works as a multimodal integrator. She or he gathers, weighs and synthesizes information from different
clinical, imaging and electrophysiological modalities.

Each modality can itself be pre-converted by supervised learning algorithms into a probability of
belonging to the Vegetative State, Minimal Conscious State or Conscious state class (18). Using a



training database, supervised learning learns the transformation that associates input features with an
output, in this case, a probability of belonging to a prognostic class (19). The features given as input
may themselves correspond to an advanced extraction from the raw information acquired (average FA,
requiring processing steps compared with the raw diffusion MRl acquisition), or to the raw information
(such as NSE blood concentration (10)). Support Vector Machine (20) and logistic regression (12) are
for example already available as supervised learning methods published for unimodal prognosis of
Disorders of Consciousness.

Deep learning, which has been booming in the biomedical field since 2010s (19), refers to the methods
used to achieve learning, based on connections between unitary computational entities called artificial
neurons. These artificial neurons can receive several inputs, give several outputs and be organized in
layers by analogy with biological neurons (21). During learning, the first layers specialize in extracting
low-level features from the input, and in the deeper layers, combinations of combinations of neurons
extract so-called higher-level features. Besides the fact that they do not require a priori pre-selection
of input features, the advantage of neural networks is that they allow multiple combinations of input
features, thus accessing a so-called latent representation of these input features, not immediately
accessible on the input but only via the interplay of different connections during the learning process.
The latent representation is a set of variables that is more compact (fewer variables) and powerful
(each variable is more relevant to the classification and/or the prognosis) representation than the
original set of input variables. For instance, variables representing different EEG frequency bands can
be combined into a single variable in the latent representation, this variable being more predictive than
a single frequency band alone.

Challenges in multimodal fusion for Disorders of Consciousness:

Whatever the supervised learning method, the integration of multimodal input data is always a
challenge (19), and is not specific to biomedical problems (22). The taxonomy of different multimodal
fusion methods in the existing literature classifies the methods according to the type of representation
(joint or coordinate), translation, registration, fusion timing and operation, and choice of co-learning
(23). As far as representation is concerned, we can imagine that, for our Disorders of Consciousness
problem, each modality, for example EEG or MRI is immediately merged with the other (joint
representation), or processed in parallel (coordinated representation). Similarly, the choice could be
made to translate from one modality to the other (e.g. translate the lesional slow waves in EEG that a
parenchymal lesion would eventually give to imaging) to have a "reference" modality into which we
bring the other modalities by translation (24). Indeed, generative deep learning networks have given
excellent results in biomedical inter modality translation (25). This question has been taken one step
further in the work from Antelmi et al. (26) that demonstrated the possibility, for dementia paraclinical
evaluation, to resynthetize all different modalities like medical records, MRI or PET, from one to another
by using a common joint latent representation. The question of registration between modalities of very
different nature, structure and dimensionality (e.g. between functional MRI and the concentration of
a serum biomarker) is also crucial. To be processed together, the data scientist can either perform
normalization of the different modalities before they are entered as input into the model, or take
advantage of the model's internal transformations to realign them with each other. Probably the most
crucial question is that of the merging process itself. First of all, the operations used to merge the
different inputs can either be based on models operating as small integrating funnels, which are not
necessarily based on deep learning methods (27). Within deep learning methods (28), the actual
merging operation may be a simple concatenation, or may be based on a predetermined mathematical
operation (tensor based) (29), or it may be guided by attention processes (30). In neural networks, the
attention mechanism generally refers to a local connection module that focuses the learning and



feature extraction process on certain parts of the input. In image-based deep learning networks, this
could for instance ensure that the network focuses on the parenchyma on a brain MRI, rather than the
jaw.

Early, late and intermediate fusion — pro and contras in Disorders of Consciousness:

More than the fusion operation itself, one of the main challenges for future algorithms will be to find
the right place within the model to perform this multimodal fusion. Such issue has already been
reviewed in oncology (31). A distinction is made between early, intermediate and late multimodal
fusion models (22). For example, the deep-layer architecture found in deep learning networks enables
connections to be made between parallel branches, for example from different modalities, to connect
them together [FIGURE 1]. From then on, the question arises of where to connect the parts of the
neural network together to enable the best output prediction.

Late fusion. The more layers of neurons that independently learn input features before merging, the
more likely it is that latent input-specific features will be extracted, resulting in a unimodal marginal
representation (22). The neurointensivist’s current work, during dedicated staff meetings in referral
centers, consists today precisely in this late fusion (1). It combines the prognostic probability given by
each modality, weighting them based for instance on quality criteria or on the amount of evidence for
a given etiology, on a case-by-case basis. This late merging has the advantage of the explainability of
each modality's weighting in the final decision, since they are only merged when the final prognosis is
delivered. It is even possible to use a second simple supervised learning (e.g. support vector machine,
logistic regression) model taking these unimodal probabilities as input to merge them, the study of
which could be particularly interesting to assess the final weight of each modality on the final
prognostic decision learned during the learning process.

Finally, this late fusion lends itself easily to transfer learning. In artificial neural networks, transfer
learning corresponds to the operation of first training a model on an unspecific task for which large
databases are available (e.g. natural image recognition) and then fine-tuning the model to perform the
specific task of interest (e.g. prognostication of Disorders of Consciousness). It uses the fact that the
first layers of neurons extract very general, low-level features from the input image, while the deeper
layers extract high-level features, specific to the question posed during the learning process. When
fine-tuning the model to perform the specific task of interest, the first pre-trained layers are "frozen",
and the learning process focuses on the deepest layers, thus saving time and ensuring the
generalizability and reliability of the low-level concepts learned in the first layers, thanks to the large
databases used to train them. The benefit of this process has been demonstrated in medical image
classification (32). For the case of Disorders of Consciousness with late fusion, we can imagine that the
EEG branch would have its first layers pre-trained on thousands of EEGs unrelated to the Disorders of
Consciousness problem, and the same for the MRI branch. Only the deeper layers of each branch would
be trained on Disorders of Consciousness-specific databases. Taking a step further, if a new modality
emerges for Disorders of Consciousness assessment, it could be trained independently in another
model that could be merged as a new branch on this late fusion process, without having to retrain all
pre-existing branches.

Early fusion. While late fusion is very similar to the neurointensivist's current work, an earlier fusion of
the different modalities would have many advantages. It enables to learn complex combinations of the
different modalities from the beginning thanks to combinations between neurons, and thus to have
several deep layers that will simultaneously process these different modalities and create combinations
of combinations between them. This early fusion enables the creation of a multimodal combined latent
space, instead of marginal representations (22). The gain in terms of extraction of general



characteristics linked to neurological prognosis, independently of each modality, made possible by this
multimodal latent space, is at the same time offset by the lack of explainability concerning the final
weight of each modality on the outcome. Moreover, one of the main difficulties of an early fusion lies
in the problem of data commensurability. Indeed, the heterogeneous nature (language, image, time
series), their dimensionality and the order of magnitude of the various modalities relevant to neuro-
prognostication (e.g. language on the medical record, imaging, EEG) hinder the information synthesis
in a single input vector. This lack of commensurability of data from each modality may render
impossible the standard normalization procedures known to improve the quality of machine learning
(19).

Allin all, as late fusion is the easiest and the most explainable, and the early fusion has more potential
to extract deep latent multimodal common representation linked to Disorders of Consciousness
prognostication, the multimodal deep learning networks of the future will probably operate an
intermediate multimodal fusion. In this partial multimodal fusion, each modality will have been initially
processed in an intermediate way by dedicated networks, resulting in latent marginal representations
specific to each modality. These marginal latent representations can then be more easily connected
together on subsequent deep layers, thanks to the possibility of forcing their commensurability on
previous layers. In this way, prognosis-specific multimodal latent features could be extracted
simultaneously from the following layers using nested combinations.

Artificial intelligence (Al) has the potential to improve classification, prognostication and ultimately care
for patients with Disorders of Consciousness. To address these challenges, a close multidisciplinary
collaboration between professionals from various disciples (neurologists, electrophysiologists,
radiologists, engineers, mathematicians). Importantly, cross-training should a key element of curricula:
physicians need to be trained in Al while engineers need to learn about the specificities of this medical
field.

Figure 1: Pros and cons of early and late fusion for multimodal evaluation of Disorders of Consciousness
prognosis. VS = Vegetative State, EEG = Electro Encephalography, MRI = Magnetic Resonance Imaging,
FA = Fractional Anisotropy, CRS-R = Coma Recovery Scale-Revised, NSE = Neuron Specific Enolase.
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