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A seizure is “a transient occurrence of 
signs and/or symptoms due to abnormal 
excessive or synchronous neuronal 
activity in the brain” (Fisher et al., 2005)

(Bromfield et al., 2016)
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• Epilepsy affects 50M people (1%) worldwide (WHO, 2006).

• Neurological disorder characterised by recurrent seizures.
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• Different physiological mechanisms
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30% drug resistant

70% surgical solution

Thursday, April 9, 15

• MRI

• Scalp EEG

• Intracranial 
Electroencephalography 
(iEEG)

(Munari & Bancaud., 1985)
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• Electrodes implanted with stereotaxic guidance in targeted brain areas.

• Continuous monitoring for several days (10-14) => visual assessment

Implantation schemeElectrode implantation
with stereotactic guidance Recorded signals

Access to simultaneous

electrophysiological activity

at multiple brain sites (100-200)
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1. Introduction

2. iEEG to address clinical questions:

• “How to identify epileptic networks?”

• “What occurs before epileptic seizures?”

3. iEEG to address cognitive questions:

•“How is local brain activity related to brain connectivity during 
perceptual recognition?”

4. Research conclusions 

Outline
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(Vila-Vidal and Tauste Campo, 2022)

Epileptic networks: Context

• Epilepsy as a network disease



Interpretability

Network information

Epileptic networks: Context
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Single-node biomarkers of epileptic activity.

• Based on individual properties.

•  Spectral (Power envelope, etc.)

•  Stochastic (Entropy, etc.)

•  Dynamical systems (Lyapunov exponent, etc.)
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Single-node biomarkers of epileptic activity.

• Based on individual properties.

•  Spectral (Power envelope, etc.)

•  Stochastic (Entropy, etc.)

•  Dynamical systems (Lyapunov exponent, etc.)

• Robust results but limited insight into mechanisms.
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Aim: Identify epileptic networks with single-node biomarkers 
of epileptic activity. 
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Single-node biomarkers of epileptic activity.
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Epileptic networks: Biomarkers

(Patient 3 had only one seizure) prior to perform seizure averages.
In these cases, we identified a NSE composed by a large proportion
of focal seizures (84%! 6%, mean ! standard deviation, Table S1),
which remained stable across a wide range of channel thresholding
conditions (Fig. 3A). Furthermore, we could accurately discrimi-
nate the high and low nMA profiles in all patients using an in-
house set-identification algorithm (see Supplementary Informa-
tion, Section 2.4). Indeed, in all cases this algorithm confined the
lowest part of nMA distribution values, in agreement with the ini-
tial observation that low nMA channels were more homogeneously
distributed than high nMA ones (Fig. 3B).

3.2. Two-dimensional pattern representation

In all patients both channel variables (nMA and AO) were aver-
aged across seizures within the NSE. To determine the channels’
AO, the activation threshold was set at ~z " 1 and the time window

was set at T " 10 s. Alternative parameter values did not signifi-
cantly alter the results except in Patient 6, in which only ~z " 1
yielded interpretable AO values due to pre-ictal power changes.
Fig. 4 represents both averaged patterns in a two-dimensional plot
for each patient, which illustrates the different degree of spectral
activation that channels exhibited across focal seizures. These plots
can be particulized to specific frequency bands or sub-periods of
interest within seizures. In particular, one may include variability
information (at the expense of readability) by plotting the standard
deviation of the estimated patterns across recurrent seizures
(Fig. S2). Finally, we tested the extent to which both activation pat-
terns were providing redundant information by computing the
Spearman correlation between each variable across all channels
and patients (Fig. 4, bottom-right corner). This computation
yielded a medium-large correlation value (#0:64! 0:14,
mean ! standard deviation), indicating that both variables could
provide complementary information.

Fig. 1. Schematic illustration showing the computation of channels’ instantaneous activation in one seizure (first recorded seizure of patient 1). (A) SEEG recordings from two
channels labelled as 0 (SOZ) and 55 (non-SOZ). The seizure epoch is indicated with a red frame, leaving 60 s of pre-ictal and post-ictal periods for comparison. (B)
Spectrograms obtained with the Hilbert transform method (keeping the time resolution equal to the sampling rate). (C) Frequency-independent instantaneous power
obtained by summation of the instantaneous power over all frequencies. (D) SEEG recordings from a selection of channels. (E) Time-varying instantaneous activation for 56
channels, obtained by normalization of the frequency-independent instantaneous power with respect to a baseline distribution defined by the power values of all channels
during the first 40 s of the pre-ictal period. The five implanted electrodes correspond to the following sequences of channels: Fc (0–9), A (10–19), Ha (54,55,20–29), Hp (30–
41) and TP (42–53). Lowest numbers within an electrode correspond to the deepest intracerebral channels. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

980 M. Vila-Vidal et al. / Clinical Neurophysiology 128 (2017) 977–985

(Vila-Vidal et al., 2017)
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• Similarity across focal seizures:

• Two strong implications:

• Statistics: gain statistical power (e.g., grouping seizures). 

• Clinics: develop a single biomarker per patient for seizure-
onset zone (SOZ) localization.

nM
A

channel

nMA (all seizures)

channel

nM
A

(Vila-Vidal et al., 2017)
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Epileptic networks: Results I



• Seizure onset zone (SOZ) biomarker:

• high local activation near onset time.
• spatial confinement.

• SOZ detector based on unsupervised method. 

(Vila-Vidal et al., 2020)
22

Epileptic networks: Results II



1. Introduction

2. iEEG to address clinical questions:

• “How to identify epileptic networks?”

•“What occurs before epileptic seizures?”

3. iEEG to address cognitive questions:

•“How local brain activity is related to brain connectivity during 
perceptual recognition?”

4. Wrap-up conclusions 

Outline
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• Pre-seizure transition: Seizures are preceded by measurable 
changes in the electrical activity.

• Previous studies: Shorter pre-seizure time (< 6h) and low-
dimensional models of this transition. Results differ in increases/
decreases of connectivity.

• Seizure-prediction algorithms: iEEG data features too 
generic, lack information on pre-seizure activity dynamics. 

•

24

Pre-seizure period: Background

(Mormann et al., 2003)
 (Jirsa et al., 2014)



Aim: Characterize the dynamics of pre-seizure period for 
prediction and neuromodulatory interventions.
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Pre-seizure period: Aim
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Pre-seizure period: Network states

• Network state: brain connectivity representation during a 
transient amount of time

obtain an interim state observation model, we must compute its param-
eters as though N subjects were actually used so that the estimation's
properties mimic that of a standard variational step). This way, we have
an interim estimation of the observation models, which (thanks to the
additivity of the Gaussian and MAR distributions) can be linearly com-
bined with the current estimation to form the new estimation. Such
combination is parametrised by some scalar ! such that

!new ! "1# "$ !old % "!interim (1)

where !new, !old and !interim represent, respectively, the new, previous
and interim posterior distributions of the observation models, and " de-
creases as the algorithm progresses, so that, at iteration c we have

" ! ""c$ ! "c% #$#$ (2)

with # and " being some «delay» and «forget» parameters.
The estimation of the state transition probabilities is done exactly

with little extra cost by keeping the suf!cient statistics of the state time
courses, #t Pr(st) Pr(st-1), where st represents the hidden state at time
point t, and Pr(st) represents the probability distribution of each state
being active at t.

In Baum et al. (1970), the sampling of the subjects is purely random;
here, we propose to (stochastically) promote those subjects that have
been historically sampled fewer times. We do this through the

following equation

wi ! %ri ; (3)

where wi is the unnormalised probability of selecting subject i, ri the
number of times that subject i has been selected in previous iterations
(scaled so that mini(ri) ! 0) and $ & 1 is a parameter controlling how
much we discourage subjects that have been frequently selected to be
picked up at the current iteration.

The HMM optimisation is known to potentially suffer from having
local minima. For this reason, and although stochastic inference can help
to avoid "at local minima by virtue of the noisiness in the updates
(Hoffman et al., 2013), the initialisation plays a crucial role because it
can get the optimisation process away from poor regions of the parameter
space. Hence, we need an initialisation mechanism that is computa-
tionally affordable in both time and memory use. The initialisation
strategy that we propose here provides a reasonably good solution
without being computationally expensive. In short, it consists of running
separately the standard HMM inference on subsets of subjects and
combining the results into a single solution using a matching algorithm.
A detailed description is presented in the Supplementary material.

The algorithm is summarised as follows:

1. Initialise the observation models.
2. Repeat:

Fig. 1. Scheme of HMM working on rest (a) and rest (b). In both cases, the HMM estimates several brain networks (or states) that are common to all subjects or trials, together with a
speci!c state time courses for each subject which indicates when each state is active. In task, we can compute the state mean activation locked to the behavioural event, producing a state
evoked response, which corresponds to a time-course of the proportion of trials for which subjects are in each state.

D. Vidaurre et al. NeuroImage xxx (2017) 1–11
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Working hypothesis: The pre-seizure period can 
be described by changes in the occurrence of transient 
network states (< 1s). 
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• Pre-seizure period: Long-lasting 
continuous (12 hours) periods of iEEG 
activity.

Pre-seizure period: Study paradigm
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• Pre-seizure period: Long-lasting 
continuous (12 hours) periods of iEEG 
activity.

• Control period : Time-matched 
period from the precedent day.
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Pre-seizure period: Study paradigm



Tracking network states variability
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• Network states: Eigenvector centrality during ∆t = 0.6s. 

Tracking network states variability



Fig 1. Study paradigm and network dynamics analysis. (A) Seizure onset time of the first recorded spontaneous
clinical seizure from every patient (n = 10). (B) Schematic representation of the experimental design: for each patient, a
preseizure period of up to 12 h was matched to the same time period of the previous day that served as a baseline
reference (control interictal period). (C) Multivariate (Gaussian) entropy, showing its dependence on the determinant
of the covariance matrix. Example for a case of 2 time series in which the determinant of the covariance is shown to
shape the joint variability. (D) Network dynamics analysis: simultaneous intracranial EEG recordings were first
divided into consecutive and nonoverlapping time windows of 0.6 s (top). Then, functional connectivity matrices were
computed using zero-lagged absolute-valued Pearson correlation in each time window (middle-top 1). These matrices
were modeled as weighted undirected graphs such that nodes represented recorded contacts and edges strength
represented correlation absolute values (middle-top 2). The centrality of each contact in every graph was evaluated
using the eigenvector centrality leading to a sequence of centrality vectors (middle-bottom 1). The overall eigenvector
centrality sequence was regarded as a set of simultaneous centrality time series with 1 time series per recording site,
over time steps of 0.6 s (middle-bottom 2). Finally, time-dependent centrality entropy values were found for each
period of interest by sequentially estimating the multivariate entropy of the centrality time series in consecutive and
nonoverlapping time windows of 120 s (200 samples). The labels TB, EC, A, and HP are used as an example to
illustrate where the anatomical information was conveyed in the initial steps of the analysis. A, Amygdala; EC,
Entorhinal cortex; EEG, electroencephalography; HP, Hippocampus; TB, Temporal basal area.

https://doi.org/10.1371/journal.pbio.2002580.g001

Degenerate network dynamics anticipate seizures

PLOS Biology | https://doi.org/10.1371/journal.pbio.2002580 April 5, 2018 4 / 31

• Network states: Eigenvector centrality values during ∆t = 0.6s. 

• Centrality entropy: Measures the variability of eigenvectors (n=300) 
over 120s windows.

32

Tracking network states variability
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Results: Network states variability
• The variability of network states was reduced across patients during the 

pre-seizure period.
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• The variability of network states was reduced across patients during the 
pre-seizure period.
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Results: Exemplary patient
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• This reduction was temporally localized in a critical temporal window.
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Results: All patients
Pa

tie
nt

s
C

en
tra

lit
y 

en
tro

py
 (n

or
m

al
iz

ed
)

1

2

3

4

5

6

7

8

Time from seizure onset (h)

9

10

Control (interictal) Pre-seizure

Pa
tie

nt
s

C
en

tra
lit

y 
en

tro
py

 (n
or

m
al

iz
ed

)

1

2

3

4

5

6

7

8

Time from seizure onset (h)

9

10

Control (interictal) Pre-seizure
Pa

tie
nt

s
C

en
tra

lit
y 

en
tro

py
 (n

or
m

al
iz

ed
)

1

2

3

4

5

6

7

8

Time from seizure onset (h)

9

10

Control (interictal) Pre-seizure

C
en

tr
al

ity
 e

nt
ro

py
(N

or
m

al
iz

ed
)

Patient



36

2 8 3 5 1 2 4 5 5 11 ...

2 8 3 5 1 2 4 5 5 11 ...2 8 3 5 1 2 4 5 5 11 ...2 8 3 5 1 2 4 5 5 11 ...2 8 3 5 1 2 4 5 5 11 ...

States labels:

time

Results: Network states probability

• Clusterized network states into discrete sequences (e.g. N=12).
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States labels:

time

Results: Network states probability

• Clusterized network states into discrete sequences (e.g. N=12).

P(‘5’)=3/10

• State’s probability:  Frequency rate at which a state occurs over 
time.



2 8 3 5 1 2 4 5 5 11 ...2 8 3 5 1 2 4 5 5 11 ...2 8 3 5 1 2 4 5 5 11 ...2 8 3 5 1 2 4 5 5 11 ...
• State’s connectivity: Network states can be associated to  

connectivity levels. Highest connectivity state            HCS

2 8 3 5 1 2 4 5 5 11 ...

38

Results: Network states probability

• Clusterized network states into discrete sequences (e.g. N=12).



Entropy 
difference

• Regressed entropy with respect to each state’s probability.
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Results: High-connectivity states



• Regressed entropy with respect to each state’s probability.

Entropy 
difference

• Sorted states according to average connectivity and estimated 
variance explained.
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Results: High-connectivity states



• Regress entropy with respect to each state’s probability.

Fig 3. High-connectivity instances influence network dynamics alterations. (A) Inspection of centrality values
around the critical phase (in cyan) suggested a higher presence of homogeneous (yellow strips) values across recording
sites during the preseizure period (left), which were associated with high-connectivity correlation matrices (right).
Color intensity (blue = lowest, red = highest) represents centrality and connectivity values across recording sites. (B)
Schematic representation (1 per patient) of crossperiod entropy differences as a function of 2 families of regressors:
changes of (discretized) states’ probability and changes of states’ heterogeneity across recording sites. (C) Variance
explained by each family of regressors (top, state probabilities; bottom, state homogeneities) in every patient highlights
HCSs as a common putative driver of the critical phase. Left: for each patient, discretized states (n = 12) were sorted
along the horizontal axis in mean connectivity decreasing order. For each sorted state, boxplots show the distribution
of the coefficient of determination (% variance explained) of each state across patients. Stars (⇤ = P< 0.05, ⇤⇤ = P<
0.01, Wilcoxon test) denote the significance, and D (Cohen’s d) denotes the effect size of the difference between the
coefficients of determination of HCSs and the remaining states. Right: crossperiod comparison per patient of regressor
values associated with the HCS during the critical phase. Bars denote the average value of each regressor during the
critical phase of the preseizure (red) and control (blue) periods per patient. Error bars denote 1 SD. Upper stars show
that the differences in HCS probability and HCS SD were significant (⇤ = P< 0.05, ⇤⇤ = P< 0.01, paired t test) after
multiple-test correction. All variables in this regression analysis were computed in time windows of 200 time samples
(120 s). Underlying numerical values can be found in S2 Data. HCS, high-connectivity state; SO, seizure onset.

https://doi.org/10.1371/journal.pbio.2002580.g003

Degenerate network dynamics anticipate seizures

PLOS Biology | https://doi.org/10.1371/journal.pbio.2002580 April 5, 2018 10 / 31

From highest to lowest connectivity state

Entropy 
difference

• Sorted states according to average connectivity and estimated 
variance explained.

(Tauste Campo et al., 2018)
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Results: High-connectivity states



• Regress entropy with respect to each state’s probability.
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around the critical phase (in cyan) suggested a higher presence of homogeneous (yellow strips) values across recording
sites during the preseizure period (left), which were associated with high-connectivity correlation matrices (right).
Color intensity (blue = lowest, red = highest) represents centrality and connectivity values across recording sites. (B)
Schematic representation (1 per patient) of crossperiod entropy differences as a function of 2 families of regressors:
changes of (discretized) states’ probability and changes of states’ heterogeneity across recording sites. (C) Variance
explained by each family of regressors (top, state probabilities; bottom, state homogeneities) in every patient highlights
HCSs as a common putative driver of the critical phase. Left: for each patient, discretized states (n = 12) were sorted
along the horizontal axis in mean connectivity decreasing order. For each sorted state, boxplots show the distribution
of the coefficient of determination (% variance explained) of each state across patients. Stars (⇤ = P< 0.05, ⇤⇤ = P<
0.01, Wilcoxon test) denote the significance, and D (Cohen’s d) denotes the effect size of the difference between the
coefficients of determination of HCSs and the remaining states. Right: crossperiod comparison per patient of regressor
values associated with the HCS during the critical phase. Bars denote the average value of each regressor during the
critical phase of the preseizure (red) and control (blue) periods per patient. Error bars denote 1 SD. Upper stars show
that the differences in HCS probability and HCS SD were significant (⇤ = P< 0.05, ⇤⇤ = P< 0.01, paired t test) after
multiple-test correction. All variables in this regression analysis were computed in time windows of 200 time samples
(120 s). Underlying numerical values can be found in S2 Data. HCS, high-connectivity state; SO, seizure onset.

https://doi.org/10.1371/journal.pbio.2002580.g003

Degenerate network dynamics anticipate seizures

PLOS Biology | https://doi.org/10.1371/journal.pbio.2002580 April 5, 2018 10 / 31

Patients

Entropy 
difference

• The HCS probability significantly change from control to pre-
seizure period.

(Tauste Campo et al., 2018)
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Results: High-connectivity states



Additional results

•Specificity of the pre-seizure period:

• Analyzed further pre and post-seizure control periods.

• Variability still there, but not explained by HCS probability 
alterations. 

(Tauste Campo et al., 2018)
43



Additional results

•Specificity of the pre-seizure period:

• Analyzed further pre and post-seizure control periods.

• Variability still there, but not explained by HCS probability 
alterations. 

(Tauste Campo et al., 2018)

•The pre-seizure effect is mainly localized in the resected 
area of patients with very good post-surgical outcome.
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What occurs before epileptic seizures?

(Tauste Campo et al., 2018)

• Network state dynamics gives a general framework to test 
the hypothesis on whether there exist network changes during the 
pre-seizure period. 
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What occurs before epileptic seizures?

(Tauste Campo et al., 2018)

• Network state dynamics gives a general framework to test 
the hypothesis on whether there exist network changes during the 
pre-seizure period. 

• Network states (600ms) were consistently less variable during 
the pre-seizure period. 
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What occurs before epileptic seizures?

(Tauste Campo et al., 2018)

• Network state dynamics gives a general framework to test 
the hypothesis on whether there exist network changes during the 
pre-seizure period. 

• Network states (600ms) were consistently less variable during 
the pre-seizure period. 

• The larger frequency rate of high-connectivity states before 
seizures explained this effect. 
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Follow-up project
“Development of a real-time clinical monitoring system to prevent 
seizures in intracranially implanted drug-resistant epileptic patients”

P(1), P(2), P(3),… 

iEEG
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Cognitive questions
(from the 2000s) 

Computational
techniques
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Clinical questions- Epilepsy
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processing

Brain
connectivity
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Computational techniques in iEEG
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Computational techniques in iEEG



1. Introduction

2. iEEG to address clinical questions:

• “Where are epileptic networks located?”

• “What occurs before epileptic seizures?”

3. iEEG to address cognitive questions:

•“How is local brain activity related to brain 
connectivity during perceptual recognition?”

4. Wrap-up conclusions 

Outline
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Cognitive study: Background



53

Localist

Cognitive study: Background

(Lachaux et al., 2012)
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Figure 12. Results analysis using the FC matrix based on the monopolar montage for 

Patient A. Panels A and B show the integration and segregation modulation during pre- 

and post-stimulus presentation, respectively, for the picture-naming task. The red line 

corresponds to pre-stimulus window, blue line corresponds to post-stimulus window. The 

shaded error regions reflect the standard deviation across trials and green dots indicate a 

statistical significance of p<0.05 (N=1000). Panels C and D shows the FC matrices 

computed for 60 Hz for the pre- and post-stimulus windows respectively. Panel E shows 

the difference between pre- and post-stimulus windows. The differences between both 

matrices (C and D, expressed on E), evidence the distributed character of the modulation 

across many different nodes. 

 

 

 

(Cruzat et al., 2018)

Cognitive study: Background
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obtain an interim state observation model, we must compute its param-
eters as though N subjects were actually used so that the estimation's
properties mimic that of a standard variational step). This way, we have
an interim estimation of the observation models, which (thanks to the
additivity of the Gaussian and MAR distributions) can be linearly com-
bined with the current estimation to form the new estimation. Such
combination is parametrised by some scalar ! such that

!new ! "1# "$ !old % "!interim (1)

where !new, !old and !interim represent, respectively, the new, previous
and interim posterior distributions of the observation models, and " de-
creases as the algorithm progresses, so that, at iteration c we have

" ! ""c$ ! "c% #$#$ (2)

with # and " being some «delay» and «forget» parameters.
The estimation of the state transition probabilities is done exactly

with little extra cost by keeping the suf!cient statistics of the state time
courses, #t Pr(st) Pr(st-1), where st represents the hidden state at time
point t, and Pr(st) represents the probability distribution of each state
being active at t.

In Baum et al. (1970), the sampling of the subjects is purely random;
here, we propose to (stochastically) promote those subjects that have
been historically sampled fewer times. We do this through the

following equation

wi ! %ri ; (3)

where wi is the unnormalised probability of selecting subject i, ri the
number of times that subject i has been selected in previous iterations
(scaled so that mini(ri) ! 0) and $ & 1 is a parameter controlling how
much we discourage subjects that have been frequently selected to be
picked up at the current iteration.

The HMM optimisation is known to potentially suffer from having
local minima. For this reason, and although stochastic inference can help
to avoid "at local minima by virtue of the noisiness in the updates
(Hoffman et al., 2013), the initialisation plays a crucial role because it
can get the optimisation process away from poor regions of the parameter
space. Hence, we need an initialisation mechanism that is computa-
tionally affordable in both time and memory use. The initialisation
strategy that we propose here provides a reasonably good solution
without being computationally expensive. In short, it consists of running
separately the standard HMM inference on subsets of subjects and
combining the results into a single solution using a matching algorithm.
A detailed description is presented in the Supplementary material.

The algorithm is summarised as follows:

1. Initialise the observation models.
2. Repeat:

Fig. 1. Scheme of HMM working on rest (a) and rest (b). In both cases, the HMM estimates several brain networks (or states) that are common to all subjects or trials, together with a
speci!c state time courses for each subject which indicates when each state is active. In task, we can compute the state mean activation locked to the behavioural event, producing a state
evoked response, which corresponds to a time-course of the proportion of trials for which subjects are in each state.

D. Vidaurre et al. NeuroImage xxx (2017) 1–11
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During a task

(Vila-Vidal et al., under review)

Cognitive study: Motivation
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Cognitive study: Aim

Aim: Unravel the relationship between local brain 
activations (“neural coding”) and global brain connectivity 
(“neural communication) during task performance.

  



Recognition:

“Have you seen 
that face ever 

before?”
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Cognitive study: Task and data acquisition

• Face recognition 
motor-report task 

• 2 subjects: one with 
recorded face-
recognition areas 



• Face recognition 
motor-report task 

• 2 subjects: one with 
recorded face-
recognition areas 

• iEEG (2048 Hz) + MRI

• “Epilepsy-related” 
contacts were removed
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Cognitive study: Task and data acquisition



Multitaper estimation

Temporal and frequency resolution 
are tuned to obtain independent 
estimates to increase the signal-to-
noise ratio. 
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Cognitive study: Local and global measures

(Slepian, 1961)

TW ≥
1
2

time

frequency

T

W

Local activity



Multitaper estimation

Temporal and frequency resolution 
are tuned to obtain independent 
estimates to increase the signal-to-
noise ratio. 
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Cognitive study: Local and global measures

1.Functional connectivity (mFC) 
• Across time
• Pairwise amplitude correlations 

(Pearson’s correlation)
• Average over all pairs

2. Inter-trial synchronization (mITP)
• Across trials
• Pairwise phase synchronization 
• At low frequencies
• Average over all pairs

(Lachaux et al., 1999)

TW ≥
1
2

time

frequency

T

W

Global connectivityLocal activity

(Slepian, 1961)
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Validation: Local activity

Visual area



Motor area
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Validation: Local activity

• Activity is evoked in visual areas during stimulus presentation 
and in motor areas during button press.
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Validation: Global connectivity

• Global connectivity fluctuations are consistent across measures 
and different electrode implantations.

Subject 1 (recorded 
face recognition areas) 

stim.  
onset offset stim.  

onset offset

Subject 2 (no recorded 
face-recognition areas)



Local variables 
(high frequencies)

Global variables 
(low frequencies)
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Local-global framework

Spearman 
correlation 

• Significance test: Preserved autocorrelation while destroying 
temporal alignment.
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Results Subject I: Local-global correlation

Figure 4: Stimulus-related local-global coupling.
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Results Subject I: Local vs. global

Figure 4: Stimulus-related local-global coupling.

31

• High activations of primary/secondary visual area negatively 
correlated (-0.7) with both connectivity functions.

• Lower activations of other face-recognition areas correlated with 
time-based connectivity.
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Results Subject 2: Local vs. global

Figure 4: Stimulus-related local-global coupling.
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Results Subject 2: Local vs. global

• Global connectivity fluctuations persisted but recorded areas failed 
to significantly explain them.

Figure 4: Stimulus-related local-global coupling.
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• “Local validation”: Intracranial EEG can be used to detect task-driven 
visual and motor-related human brain activity.

69

Cognitive study: Summary

(Vila-Vidal et al., under review)



• “Local validation”: Intracranial EEG can be used to detect task-driven 
visual and motor-related human brain activity.

• “Global validation”: Independent global connectivity measures (across 
time, trials) show consistent trends despite different recorded areas.

70
(Vila-Vidal et al., under review)

Cognitive study: Summary
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Widespread 
connectivity 
fluctuations

Local
brain

activity

During a task

Cognitive study: Summary

(Vila-Vidal et al., under review)
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Widespread 
connectivity 
fluctuations

Task-related local
brain

activity

During a task

• Local activation along the face-recognition pathway explain 
connectivity fluctuations.

Cognitive study: Summary

(Vila-Vidal et al., under review)



1. Introduction

2. iEEG to address clinical questions:

• “Where are epileptic networks located?”

• “What occurs before epileptic seizures?”

3. iEEG to address cognitive questions:

•“How is local brain activity related to brain connectivity during 
perceptual recognition?”

4. Wrap-up conclusions 

Outline

73



• Intracranial recordings are key to…

• Clinical level: Develop biomarkers for the problems of 
epileptic network mapping and the pre-seizure period 
characterization.

74

Talk final wrap-up



• Intracranial recordings are key to…

• Clinical level: Develop biomarkers for the problems of 
epileptic network mapping and the pre-seizure period 
characterization.

• Cognitive level: Unravel mechanisms of neural information 
processing during human cognition. 

75

Talk final wrap-up
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Technology transfer: BrainFocus

• Algorithms in clinical use (EU and US patents)

• Valorization plan

• Prototype development (brainfocus.tech)

• Current collaboration with Hospital Clinic for validation

http://focus.tech
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