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Sir,

The investigation of preserved neural functions in comatose
patients and their link to long-term outcome is largely
based on the analysis of electrophysiological measurements
at the scalp (Morlet and Fischer, 2014; Juan et al., 2015).
Because the analysis and interpretation of these data can
influence treatments and the patients’ recovery, the intro-
duction of quantitative methods for the analysis of EEG has
been increasingly recognized as a major advancement for a
systematic use of evoked activity measurements in the clin-
ical domain (Lodder and van Putten, 2013; Noirhomme et
al., 2014, 2015; Rossetti et al., 2014; Hermans et al.,
2016). In this context, the letter by Gabriel et al., (2016)
raises an important point of discussion about the reliability
and replicability of the methods for measuring the neural
correlates of violation detection in mismatch negativity
paradigms (Garrido et al., 2009). In particular the letter
highlights the inconsistency between different approaches
in detecting such neural correlates at the single subject
level using the same dataset. These results question the re-
liability of previous studies in detecting differential brain
activity in response to different sensory stimuli and stimu-
late a debate around the ‘best’ analysis method for EEG
recordings, particularly in a clinical setting. In our reply we
would like to contribute to this debate by drawing atten-
tion to the possible sources of such discrepancies and how
they could be taken into account for allowing a fair com-
parison. First, these various analyses stem from different
hypotheses about the source of the neural response to sen-
sory stimuli. These hypotheses lead to different choices of

the EEG features undergoing the statistical analysis and
may impact the final results. Within the methods selected
in the letter by Gabriel and co-authors, the vast majority
rely on the analysis of the average event-related potentials
(ERPs) (Fischer et al., 1999; Naccache et al., 2005; Qin et
al., 2008; Daltrozzo et al., 2009). This approach mainly
relies on the assumption that the neural response to exter-
nal sensory stimuli is the result of a series of transient post
synaptic activities elicited at fixed latencies from stimulus
onset and focuses on differential effects between conditions
in terms of amplitude modulation. More specifically, clin-
ical studies based on mismatch negativity protocols rely on
the occurrence of specific components (significant ampli-
tude modulation with respect to baseline or zero), and
how they are modulated in specific experimental conditions
in terms of polarity, peak values and latencies (Fischer ez
al., 1999, 2004, 2008; Naccache et al., 2005; Daltrozzo et
al., 2009; Faugeras et al., 2012). Of note, these previous
studies take implicitly into consideration the supposed simi-
larity of the component features (i.e. N100 and mismatch
negativity components) between control subjects and pa-
tients. In addition the polarity of relevant components at
predefined latencies and electrode locations may be con-
sidered as patient inclusion criteria before assessing the oc-
currence of a mismatch negativity (Fischer et al., 1999). All
methods relying on average ERP analysis are therefore
similar in the principles but differ on the strategy for as-
sessing the presence of a significant modulation and also
on the statistical analysis and its acceptance threshold.
In the comparison between these different methods, it is
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Figure | Single-electrode EEG responses to standard and deviant sounds and statistical analysis in a healthy control subject
and an exemplar coma patient. (A and B) Average auditory evoked potentials in response to standard (black lines) and duration deviant (grey
lines) sounds. The thick lines on the x-axes highlight periods of significant difference between the two responses (unpaired time-point by time-
point t-tests; P < 0.05). (C and D) Periods of significant difference and corresponding voltage topographies, revealed by the single-trial topo-
graphic analysis, taking into account the distribution of the response across all sensors. The periods of significant difference refer to 10 different
splits of the data, evaluated in a cross-validation procedure (Tzovara et al., 2012a).

important to consider that the statistical analysis on com-
ponents-related features should be evaluated separately
from the technique that is implemented for assessing the
EEG component [i.e. cross correlation in Fischer et al.
(1999) or t-continuous wavelet transform in Daltrozzo et
al. (2009)]. In this direction we would expect a high simi-
larity between the results across individuals by adjusting
the sensitivity of the statistical analysis across studies.
One way to compare on a fair basis these different
approaches is to rank the subjects based on the presence
of the mismatch negativity at different levels of statistical
threshold for each method. The analysis of the consistency
of this ranking would give a better estimate of the repro-
ducibility of the results across methods.

The last method included in the study (Tzovara et al.,
2012a) stems from a different model of the relevant EEG
features for ERP estimation and the comparison with the
previous results is therefore less straightforward. This
method aims at extracting voltage topographies and time
intervals that are mostly discriminative between conditions
in terms of classification performance. Importantly, this

type of decoding method circumvents the limitation of
defining a priori inclusion criteria for subjects/patients
data analysis, and privileges data-driven features selection
(Blankertz et al., 2011). In particular in the case of electro-
physiological studies of comatose patients it is well known
that the ERPs at the single patient level exhibit striking
differences in the stereotypical ERP responses to basic sen-
sory stimuli (Fischer et al., 1999) and especially under
hypothermia and sedation (Fig. 1B and Madhok er al.,
2012). That said, as a sanity check, we have previously
shown that the discriminative intervals extracted in a
data-driven manner by the single-trial topographic analysis
do typically overlap with the differential time periods esti-
mated at the average ERP level (Tzovara et al., 2012a).
In our experience data collected in comatose patients
showed that this multivariate analysis does not always
convey the same information as univariate statistics at
the single electrode level (Tzovara et al., 2013; De Lucia
and Tzovara, 2015b). We provide here the results of the
analysis of the EEG response to standard and duration de-
viant sounds with two types of analyses, the time-point by
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time-point #-tests and the single-trial topographic analysis
(Tzovara et al., 2012a, b) for a healthy control subject and
an exemplar patient in the first day of coma (Fig. 1). In the
case of the control subject, a typical mismatch negativity-
like response can be observed in most frontal electrodes,
starting already at ~150 ms post-stimulus onset (Fig. 1A).
However, the exact latency of this response strongly de-
pends on the electrode that is examined. When considering
the single-trial topographic analysis, the periods of signifi-
cant difference are consistent with the effect observed in
most electrodes as they contain temporal information that
can be conveyed across all electrodes (Fig. 1C). A similar
image is also seen in the case of an exemplar coma patient,
with the difference that the discriminant latencies appear
much later, starting at ~300 ms post-stimulus onset, pos-
sibly as a result of coma or hypothermic treatment (Fig. 1B
and D).

In light of these findings, we agree with Gabriel and co-
authors that inconsistences in statistical results can be puz-
zling, especially when these results might be used in clinical
practice and in the detection of consciousness. Our prop-
osition is that the selection of a given method (and all the
fine tuning of the methods parameters) should be con-
sidered ‘context specific’ and should be based on an exten-
sive and systematic validation. The single-trial topographic
analysis has been proven successful in the assessment of
violation detection in post-anoxic comatose patients treated
with therapeutic hypothermia. The reliability of these re-
sults is supported by their highly significant predictive
power of patients’ outcome when looking at the improve-
ment over 2 days of the decoding standard and deviant
sounds in the same patients (Tzovara et al., in press).
These results have encouraged further application of the
same decoding analysis to EEG data recorded in the pa-
tients with the same aetiologies (Cossy et al., 2014;
Tzovara et al., 2015) and particularly using similar experi-
mental protocols that have been proposed by other groups
for the detection of conscious processing in healthy and
clinical populations (Bekinschtein et al., 2009; Faugeras
et al., 2011, 2012). Particularly, the results obtained by
this decoding approach using the local/global paradigms
have suggested that violation detection in reduced con-
sciousness might be a dynamic phenomenon that is pre-
served during the first days of coma and degenerates in
patients with poor outcome (Piarulli et al., 2015; Tzovara
et al., 2015). The validation of the single-trial topographic
analysis in different contexts of disorders of consciousness
and different coma aetiologies is the goal of future studies.

Many other solutions for multivariate analysis of ERPs at
the single trial level have been proposed, particularly in the
field of Brain Computer Interface (Muller et al., 2008), in
fundamental neuroscience research for detailing the relation
between single trial EEG and behaviour in decision-making
studies (Ratcliff et al., 2009) and in the field of disorders of
consciousness (Noirhomme et al., 2015). Because of the
richness and variety of the proposed methods, the use of
a generic terminology, such as multivariate analysis, should
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be considered with care. Indeed in previous studies from
our group, the application of other decoding analysis to the
EEG data recorded in post-anoxic patients during the same
mismatch negativity protocol did not provide the same pre-
dictive value (De Lucia and Tzovara, 2015a).

In summary, in light of recent evidence questioning the
reliability and replicability of human research findings in
general (Open Science, 2015), we would like to emphasize
the importance of validating results in the same clinical
populations across laboratories and encouraging meta-
analysis of published results based on similar experimental
protocols (Uttal, 2014).
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