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Neuromodulations are an important component of extracellar electrical potentials (EEP),
such as the Electroencephalogram (EEG), Electrocorticogm (ECoG) and Local Field
Potentials (LFP). This spatially temporal organized multequency transient (phasic)
activity re ects the multiscale spatiotemporal synchrordation of neuronal populations
in response to external stimuli or internal physiologicalrpcesses. We propose a novel
generative statistical model of a single EEP channel, wherthe collected signal is

regarded as the noisy addition of reoccurring, multi-fregency phasic events over time.
One of the main advantages of the proposed framework is the eseptional temporal

resolution in the time location of the EEP phasic events, e.gup to the sampling

period utilized in the data collection. Therefore, this alvs for the rst time a description

of neuromodulation in EEPs as a Marked Point Process (MPP)epresented by their

amplitude, center frequency, duration, and time of occurrece. The generative model
for the multi-frequency phasic events exploits sparsenesand involves a shift-invariant
implementation of the clustering technique known as k-meas. The cost function

incorporates a robust estimation component based on corretropy to mitigate the

outliers caused by the inherent noise in the EEP. Lastly, theackground EEP activity
is explicitly modeled as the non-sparse component of the cdécted signal to further
improve the delineation of the multi-frequency phasic evea in time. The framework is
validated using two publicly available datasets: the DREAMSsleep spindles database
and one of the Brain-Computer Interface (BCI) competitionatasets. The results achieve
benchmark performance and provide novel quantitative des@ptions based on power,

event rates and timing in order to assess behavioral correias beyond the classical
power spectrum-based analysis. This opens the possibilitjor a unifying point process
framework of multiscale brain activity where simultaneousecordings of EEP and the
underlying single neuron spike activity can be integratedral regarded as marked and

simple point processes, respectively.

am (EEG), local eld potentials (LFP), marked point
learning
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1. INTRODUCTION This task is particularly challenging when considering thecspe
dynamics and statistical properties EEP recordings displgy, e.

Extracellular electrical potentials (EEP) from the brainn ca correlated colored noise, non-linear generation mechasis
be recorded at distinct levels—from éracale non-invasive and non-stationarity. Early in the history of computer-based
electroencephalographic signals from the scalp (EEG) tsiiga EEG analysis, there were two competing methddisermeyer
mm?-scale cortical activity recorded by subdural grid eledé® and da Silva, 2005 the time based quanti cation methods
(ECoG) or even at localized deeper anatomical brain regiongat used the properties of the EEP in the time domain, such
by inserting electrodes or silicon probes into the brain ()FP as Hjorth parametersHjorth, 1970 or zero crossing analysis
(Buzsaki et al., 20)2This type of activity re ects the average (Gaillard, 198), and anthropomimetic methods that attempted
spatiotemporal interaction of neuronal assemblies and dfeee,  to quantify the events electroencephalograhers recogtiyeye
constitute a coarser scale (mesoscopic) measure beyorlg-singalling on the strip charts for clinical applicationSifith et al.,
cell recordings (action potentials or spikes) that can playl975. The latter were used to recognize epileptic spikes, K-
a complementary role to relate multiscale brain activity tocomplexes, spindles in the alpha, sigma, beta and gamma bands,
more overt types of cognitive phenomena and psychologicand runs of theta and delta waves. Moreover, analog computers,
constructs, such as behavior, perception and learning. M@weov hybrid analog digital computers, and, then, microprocessor-
these extracellular electrical potentials have been thgiipu based systems were utilized for time domain analysis in gpile
studied in both clinical and research elds and further agated  (Ktonas and Smith, 1974; Principe and Smith, 1)98Ad sleep
to complex processes, such as sle&ecfitschaen et al., staging Emith and Principe, 1998 They were basically built
1968; Borbély et al., 1981lepilepsy flakasatp et al., 1994; by analog bandpass lters, followed by zero-crossing detector
lasemidis et al., 200 3Parkinsons's diseas€dikkeli et al., 1991; amplitude measurements and wave counts per unit of time
Handojoseno et al., 20),5distributed perception Gray et al., for pattern matching. These methods are the precursors to
1989; Tallon-Baudry and Bertrand, 199®emory consolidation, the method proposed in this paper. They were online (and
spatial navigation and cognitionL(nas and Ribary, 1993; even compressed time) but required engineering teams talbuil
Kahana et al., 2001; Buzsaki, 2))Gahd stimuli processing by and operate special purpose computers. The spectral approach
top-down in uences Engel et al., 2001 started earlier Grass and Gibbs, 19B&nd was solidi ed in

Neuromodulations or phasic events in the EEP are théVvalter (1963) It became widespread with the advent of the
direct result of spatiotemporal synchronization of local nenal  Fast Fourier Transform (FFT) algorithm and minicomputers to
populations in the form of distinctive, organized, reoccagj estimate in real time the power spectral density (PSD) of the
transient (phasic) patterns that di er from the noisy featuess EEP over windows. In the third author's opinion, this simplici
background in EEP, which is known to display af lJpower overshadowed their limitations and led to slow progress in
spectrum fFreeman, 1975; Buzsaki, 2D0These phasic events computer-based EEG analysis—for more detail$seeipe and
have been well documented in the literature under the corgept Brockmeier (2015)
induced potentials and event-related oscillatiomsl(on-Baudry Indeed, the PSD-based methods hides a major shortcoming:
and Bertrand, 1999; Freeman and Quiroga, J0&y., gamma the time-frequency uncertainty relation proved Bybor (1946)
oscillations in the olfactory bulb of cats and rabbits aftelor ~ which states that the product of the time and frequency
presentation freeman, 1975 characteristic sleep-stage-relatedresolutions is lower bounded by a constant, i.e., one has to
patterns in humans Rechtschaen et al., 19%8nd sharp- trade-o time resolution by frequency resolution. Sinceeth
wave ripples in the hippocampus associated to cognition anBEPs are non stationary, the window size has to be su ciently
memory processesB(izsaki, 2015 The concept of transient short to capture the stationary segments at the expense of poor
events has been throughly echoed in the literatéite¢htscha en  frequency resolution (i.e., the ability to di erentiate rthyns
et al.,, 1968; Nakasatp et al., 1994; Friston, 2000; Hop elthat are close together in frequency). The Time-Frequeld) (
and Brody, 2001; Freeman and Rogers, 2002; Freeman et decompositions provide the best compromisgofien, 199%
20093; specically, brain dynamics constantly shift betweenwhile the wavelets improve slightly on this limity(ser and
complex and predictable states by means of synchronizatidn amldroubi, 1996; Mallat, 1999However, both methods still have
oscillations Buzsaki, 2006 Moreover, there is a growing clinical a major problem: the time resolution of an event quanti ed by
interest in Parkinsons's disease and synchronized trahsigents  a peak in the PSD is given by the window length because the
that could explain the freezing of gate phenomenon and othelocation in time that contributes to the power at a particular
related mechanismsHammond et al., 2007; Lewis and Barker,frequency is unknown, i.e., the phase of the PSD is constant
2009. Unlike evoked potentials, another well-known type ofover such window. Therefore, the PSD analysis is a bottlenec
organized activity, event-related oscillations are cti@tgzed by to provide su cient time resolution to analyze the EEP in the
latency and onset variability, which demand for ne temporalcognitive brain; a potential alternative, though very inéent
resolution and special attention when it comes to processimfy a computationally, would be window staggering. One could exploit
further interpretation. the Hilbert transform Bracewell, 1990 improve on the Gabor

An important goal is to discriminate in time the phasic eventsuncertainty, but the problem of phase unwrapping and further
(that resemble wave packets) from the temporally disorganizeidterpretation is problematic, even presently.
but spatially structured background activity, which appeass a This paper introduces an EEP model that not only
“noise” for the signal processing algorithms applied to eaald.le incorporates neurophysiological principles, but also achieves
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exceptional temporal resolution limited by the sampling periodjoint distribution of data and labelsishop and Lasserre, 2006
alone (a direct consequence of its transient model-basear using information theory principles to minimize redundanc
approach). The relevant phasic events in the EEP are modeled ®arlow, 196). The latter approach is very appropriate for
asetoftemporal Iters and an additive noise term using artilag) ~ this task because the goal is to explain the essential feature
set obtained by su ciently long single-channel records &Ms of the input data without requiring labels and by exploiting
from the desired conditions. Once the lIters are obtaineddan the non-stationary dynamics of the underlying sources; a
the noise is characterized, the model can be applied to a test s®teworthy example of such architectures is the well-known
producing as output a set of delta functions from each one of théndependent Component Analysis (ICA). They were rst applied
Iters, giving rise to a Marked Point Process (MPP) descriptio to Computational Neuroscience by Olshausen and Fields in
for neuromodulation timing and amplitude organized by lter vision (Olshausen and Field, 199@hen Lewicki proved similar
type. This point process interpretation resembles the work doneoncepts for audition l(ewicki, 200®, and they have also
by Tagliazucchi et al. (2018nd Wu et al. (2013}that applied been appropriate in the quanti cation of the sympathetic
deconvolution techniques to BOLD time series in fMRI data toand parasympathetic contributions to the heart rate varigpil
estimate order parameters and functional connectivity istieg ~ (Lucena et al., 20)1Brockmeier and Principe were the rst
states of the brain, respectively. We devised robust teciesitp to apply this general idea to EEP analysizackmeier and
e ectively discriminate and separate in an unsupervised mannePrincipe, 201); and the present paper is the rst description of
the background noise from the phasic event component thathe model for the general audience of brain scientists. It also
ideally, contains only event-related oscillations for atigatar  improves on the practicality of the early work by simplifyingth
frequency band. Furthermore, the modeling step requirely on training procedure and including a noise model, which faatiéts
two free hyper-parameters (to be set by the users) and providegiantifying the ever present spontaneous EEP activity.
quanti cation of EEPs based on amplitude of phasic events Previous applications of generative models have been
and their timing per bandpass lter. In this way, we propose arestricted to the solution of a set of coe cients for a linear
model that goes beyond the conventional EEP spectral powaonlinear model, without imposing architectural constraints t
decomposition techniques and integrates neurophysioldégicaodify the prior knowledge of the phenomenon under analysis.
principles into a robust unsupervised learning method. ThisOur approach is di erent because we want to obtain an analysis
approach is relevant because the MPP description of the EEfocedure that mimics the neurophysiology knowledge of phasic
serves as a mesoscopic representation of brain activity thavents that occur into speci c frequency bands, superimposed
can be easily combined with microarray single-spike recagglin on a featureless spontaneous activity background with=fa 1
with which it shares the point process nature; this facilitades spectrum Freeman, 1975 Another important assumption is
multiscale representation of brain activity. Moreover, thee  based on the linearity of electromagnetic wave propagation in
temporal resolution of the MPP is also crucial to relate braincortical tissue [{liedermeyer and da Silva, 200%&nd the fact
activity with cognitive events measured in the externalleior that the phasic events are sparse and reoccurring throughout
In order to test the model quality, we select two well-knownthe EEPs. All these assumptions are used in our de nition of
EEP applications: single-channel EEG sleep spindle detectitihe model architecture that constitutes a generative model f
and multi-channel ECoG gamma-related motor correlateshbo EEPs Figure 1). The collected and digitally sampled EEP data,
datasets have been throughly analyzed in the literaturagusi x[n], is modeled as a sum of a noise term[n], representing
power spectrum techniques and serve as model validatiothe spontaneous EEP activity with the outputs of a set of linear
These tests also illustrate the potential of the MPP analysis afodelsyi[n], i.e.,
EEPs, which provide information similar to PSD but can also
address questions that normally require much more complex and

invasive setups (such as propagation delays and conditiorfing o X[n] D ng[n] C &n] D ng[n] C vi[n] Q)

EEP events in spike rings). The rest of the paper continues iD1

as follows: section 2 explains the novel model framework for X X

EEP and the corresponding methods. Section 3 details the two yi[n] D ij [ iy midiy;[m] 2

applications and the main results, while section 4 concludes jp1mD1

the paper by summarizing the main ideas, discussing potential

drawbacks, and proposing future work. where y[n] constitute the frequency-specic temporal

contributions of weighted Dirac delta functions convolved

2. METHODS with an indexed family of Finite Impulse Response (FIR) linear
_ bandpass lItersfd;; 9 i.e., a lter bank which constitutes a

2.1. Transient Model for EEP dictionary ©; D fdi; 9 of time domain signatures representing

As we have discussed, the concept of phasic events is wilé neuromodulations under analysis. Each dictionary is
established in Clinical Neurology as well as in Computationanaturally assigned to one of tHefrequency bands or rhythms
Neuroscience. Therefore, our goal is to develop a generatiunder study for EEP modeling, i.e., delta, theta, alpha, aigm
model for a single EEP channel that captures the concept dieta, gamma bands, and ripples to simplify parameter learning.
transient (phasic) events so useful in brain science. Gémera Each EEP rhythm band is further represented Kydi erent
models can be implemented using statistical inference toldee  bandpass lIters with diverse central frequencies and/or deer
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FIGURE 1 | Transient Model for EEP. A single-channel, single-trial PBrace is modeled as the noisy addition of reoccurring, trasient patterns over time in a
frequency-band speci ¢ approach.

lengths; this constitutes one of the hyper-parameter of theleho amplitude threshold; this creates, for each EEP channel,amtev
Each dictionary entry includes another hyper parameMr,,  dependent spike train that carries amplitude and frequency-
corresponding to the duration of the transient events (ithke  speci c information, unlike current spike train models of ne
FIR Iter order) in number of samples. Unlike previous attempts activity. The temporal resolution of the occurrence of theksgi
to use dictionary learning in EEG analysiz (ka and Blinowska, in the test model is given by the sampling period selected by the
1999 where the temporal signatures were handpicked from xeddigitization of the EEP, which is a great asset of the proposed
basis (wavelets), here the FIR lter coe cients will be leach technique, e.g., for 500 Hz, one can determine the occueaefic
directly from data in a training phase. This Multiple Input Siegl a phasic event (neuromodulation spindle) with 2 ms. resolution
Output (MISO) model resembles Freeman's wave packets ide@his is similar to the resolution of the early SAMICOS for
regarding the organization of EEGieeman and Rogers, 2002 sleep analysisP(incipe and Smith, 1996but with a much
among others. An important component of our model is theimproved statistical modeling approach of the EEPs. Therefore,
explicit modeling of the additive noise componeng[n], that  the test model output can be further analyzed by exploiting the
is characterized by the EEP's statistical properties. The MIS@athematical concept of Point Processesley and Vere-Jones,
model assumes that there are a set of delta functions produced07; speci cally, the Dirac deltas can be regarded as a temporal
by the cognitive brain that excite the Iter bank at certaimes Marked Point Process (MPP) with timingsand at least bivariate
and with a given amplitude. As we demonstrate below, we do ndittributes of amplitude and center frequency from the ltentha
need this speci ¢ information during model training, itis én (i, fi).
necessary that each Iter be su ciently and sparsely excited Finally, we would like to address in more detail the di ereace
the EEP data used for training. between the current MISO model and the early work of
Once the generative model is traine#igure 2A), it can  Brockmeier and Principe (2016 order to provide context
be applied to analyze a single channel EEP as shown a&nd alternatives for the di culties involved in this approach
Figure 2B this architecture will be called here the test modelConceptually, generative models attempt to represent an input
If multiple channels are available, the same test model casignalx[n] by an internal, linear or nonlinear, static or dynamic
be replicated for each available channel, providing a spatiaiodel with outputy[n] D f(Ax[n]), such that the reconstruction
temporal quanti cation of the brain in cognitive tasks, ugin error is as small as possible, ijg[n]  y[n]j 0, according
EEPs. Functionally, the test model is simply the dual of théo some loss function. Essentially, one attempts to learn a set
MISO model presented iffigure 1 The incoming EEP signal is of basis functions that span the input space, and the “dream”
rst denoised by exploiting the noise model and then presenteds to create a set of orthogonal basis in a functional space,
to a set of the bandpass lters to estimate the occurrence afhich cover the most volume in solution space for a given
neuromodulation; the output is a set of events in time thatdimension. This approach short-circuits the need to nd a
represent the time, amplitude and dictionary-related indéihe  priori a set of hand-picked features that, albeit convenient
phasic events that appear in the EEP channel under analysis. \itlg@ model training, always lose information and have been a
select the occurrence of the events as the timing of the $argesource for non-optimal performance in EEG data analysis for
peak of the neuromodulation in each activated Iter using anmany years. The generative learning approach is computational
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FIGURE 2 | (A) Training of Generative Model. A set of single-channel EEPatres corresponding to a particular condition is denoised ad its dictionary atoms are
estimated in a frequency band-speci ¢ approach.(B) Test of Generative Model. A single-channel, single-triatcording is represented as sparse MPPs for each
oscillatory rhythm under consideration.

expensive in the training because the optimization needs to There are two basic family of approaches to learn the
construct the essential representation for the incomingadatdictionary elements, also known as atoms: dictionary leagni
using an unsupervised framework (the input is indeed thealso called sparse codingElad, 201)) and Independent
target response of the learned model). In order to facilitéte t Component Analysis (ICA). The rst approach assumes a
learning of essential features, one has to introduce a penalgenerative model for the input with additional sparsity
in the optimization such that the columns &, which can be constraints of the sources. The optimal solution complieshwit
thought of as the basis of the representation space, are spaseh priors while minimizing the least-squares reconstructio
and generalize well. Moreover, one should also consider thatror. Previous studies have shown the plausibility of e dign
the learning system architecture, i.e., the mapper that de neestimating descriptors in the form lters in a data-driven
f(.), can also help de ne proper solutions for the learningapproach (ewicki, 2002; Smith and Lewicki, 2006; Balcan and
problem by incorporating prior knowledge about the domain. Lewicki, 2009; Ekanadham et al., 2R1lh particular, Matching
Our MISO generative model is a good example of this, wherBursuit (MP) (Mallat and Zhang, 199%as been proved useful
we constrained the mapper to be a simple linear dynamicah learning overcomplete basis in a greedy scherhka(on
system—the FIR Iter bank. Moreover, a mapper tuned to thest al., 200p and has even been extended to the time-series
application simpli es the user's selection of hyper parameters;ase I{lailhé et al., 2008 In these cases, the sources must be
which inevitably arises to tune the model performance, itey  explicitly estimated. The second approach avoids this explicit
tend to be related to neurophysiology and the speci c goalbkeft estimation and exploits the statistical properties of the EEP.
analysis. Basically, the lIters are estimated by exploiting a matriséa
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projection pursuit algorithm, where windowed snippets frompropose a decomposition for a particular bandpassed single-
the EEP are regarded as vectors in ICA. Hence, the learnirghannel, single-trial tracg)n]:
takes place without explicit source estimation nor appealing fo
reconstruction cost functions. Other studies<l and Sejnowski, wn] D y[n] C z[n] (©)
1996; Davies and James, 2P0@nd our own (ucena et al.,
2010 have showcased the potential of e ciently estimatingwherey[n] is an ideal, noiseless contribution that only contains
the basis exploiting the FastICA implementatiody{arinen, neuromodulations (a phasic event component), whip]
1999. A comparison of the two family of approaches usingrepresents a bandpass version of the noise compomgfr),
synthetic and real EEPs can be found Brockmeier and in Equation (1) for the EEP rhythm under analysis. During
Principe (2016)this work shows that there are computational testing, the goal is to subtrac{n] before decomposing the
advantages to the rst method, while performance was onlEEP time series. We exploit the statistical propertieg[of in
slightly degraded. However, we can simplify the rst approactorder to separate both components in an unsupervised scheme
even further and reduce the computational complexity as weflollowing Freeman suggestion that there is a strong coriciat
as the number of free parameters by taking advantage dfetween EEP Gaussianity and resting behavioral statesifian
the architectural constraints and the neurophysiology.sfir and Quiroga, 2012 When the brain is actively processing
the generators of neuromodulation can be naturally orgadiz information, there are deviations from Gaussianity, whigle
by frequency bands or rhythms, i.e., the same cell assemldlypothesize are the neuromodulations that we strive to model
will not produce at the same time neuromodulations in twoThe challenge is to nd a methodology to estimate a threshold
di erent frequency bands; therefore, the parameter estiorati that can quantify Gaussianity in EEPs independently of the
can be framed as ah independent Single Input Single Output high variability of the neuromodulation and still discriméte
(SISO) model optimizations instead of the more complex MISCaccurately between background and phasic event components.
case l(oza and Principe, 20).7 Neuromodulations in EEPs As suggested by FreemaRré¢eman and Quiroga, 20),2our
are temporally sparse, i.e., they rarely overlap, so they can bpproach calls for higher-order statistical moments (kurdsi
represented by a single weightdtdsample-long FIR lter; this however, instead of being applied to individual time samples, we
last condition resembles the sparse decomposition assungptiopropose its application to snippets of embedding vectors of size
of MP. Finally, we can impose priors on the estimated IterM (M-snippet), whereéM, in samples, is the selected lter length.
bank parametersK and M. By visually analyzing the length  We begin by embedding the training signalsNihdimensions,
of the neuromodulation under analysis, we can properly sethe norm is computed for each vector, and, then, the statiktica
M, e.g., sleep spindles usually last at least 500 ms, so tiest is applied. The embedding starts by extracting the olsviou
Iter order should be 250 for 500 Hz sampling. On the M-sample-long modulated patterns rst (neuromodulation)
other hand, the number of sub Iters in each banK)(should through their instantaneous amplitude using the Hilbert
cover well the bandwidth of interest given the applicationr (fo transform Bracewell, 1996 then, the remaining unmodulated
modeling, more lIters should be used compared with detection samples are embedded in tMedimension as well. The norm is
Next, we detail the noise model and unsupervised learningomputed for all theM-dimensional vectors and their density is
methods exploited to accomplish the aforementioned estiomati estimated, e.g., histograms or Kernel methods can be eggloit
tasks. here. The distribution of these norms will resemble a skewed
density with the main lobe being close to Gaussian and the
long tail representing high-norm events. Lastly, the staisti
2.2. Noise Model test exploits kurtosis to estimate the limit between the Gaars
One of the most remarkable properties of spatio-temporal brairmode and the tail of the distribution. This test, howevesti®ng
dynamics involves the constant shifts between highly compleanly for a su ciently large number of samples fov in order to
unpredictable temporal chaos and a more robust, transientlguarantee the resulting chi-square distribution (norms dgy)si
predictable, and oscillatory stagBuzsaki, 2006 This state of resembles a Gaussian according to the Central Limit Theprem
transitions is a special form of stability—criticality, whienables fortunately, this condition is not a limitation in our time-
inevitable reorganization of the brain dynamics due to eith based approach, where sampling frequencies Mndalues are
external perturbations or internal processes; regardleshef tinherently large. The nal resultis a threshold parameterdach
source, the nal result is revealed as large synchronizeshtsy rhythm under study, ; (Figure 2A), that plays an important role
e.g., oscillations. Recent workuczak et al., 20Q0%as shown on the overall methodology because it segments the traidiatg
that the background activity is spatially stable at a long@et in regions that, with high likelihood, contain neuromoduiais;
scale and may also be used as a signature for cognitive.statibés, consequently, willimprove parameter estimation. T fene
However, the temporally disorganized spontaneous activitgach of thévi-snippet samples with norms beloware removed
e ectively works as “noise” for the phasic events detectiorirom the training set before starting parameter estimatioe,,
algorithms. In the context of the goals of this paper, we cartthe EEP traces now display discontinuities due to the choice of
discriminate two main components in the EEP: the backgroundhe embedding parameter. The remainiMysnippets are bona
noise or ongoing activity, and the oscillatory componentjehh  de phasic events that will be used for training the model. It
represents the synchronization of neuronal pools across spaiworth noting that alternative approaches that preserve the
and time. With this neurophysiological concept in mind, we smoothness of the input can be utilized as well, however, they
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are more computationally demanding; for further referencse=e  a MPP event. Therefore, its amplitude)( index of the closest

Loza (2017) dictionary atom ( ), and timing ( ) are noted. Speci cally, they
provide the necessary information to create the marked point

2.3. Unsupervised Learning of Model process as the output of the model.

Parameters

As it was previously mentioned, our learning scheme takes th@-3-2- Dictionary Learning
form of dictionary learning or sparse coding approaches, i.e The second stage exploits the elements of each cluster to update

the sources (MPP) are explicitly estimated during the estionat e Iter parameters with the signatures of all the simili-

of the dictionary elements. Therefore, the goal of this step SNiPPets viarobustlow-rank transformatiorisiza and Principe,
to estimate thek M-sample-long FIR Iter parameters for each 2017 The M-snippets from the previous stage are grouped in
oscillatory rhythm under study. There are two very distiget Matrices according to their indexes, Then, we apply scale-
iterative stages: phasic event decomposition and dictionafpvariant low-rank transformations to each matrix asséet

learning. The estimation begins with an initial Iter bankhese ~With @ dictionary element (center); in particular, Singular
parameters are obtained by a hand picked selectiorMef Value Decomposition (SVD) provides a low-rank transformatio

snippets recognized by the researcher as neuromodulationdro where the _rst componen_t maximizes the represented va_riance
bandpassed EEP corresponding to a particular channel, conditi O POWer in the set; this rst component would constitute
and rhythm in the training set. Theskl-snippets become the the updated dictionary atom. However, regular SVD optimizes
impulse responses of each of tie FIR lters in the Iter only second-order statistics and is prone to outlier e ects.
bank. To simplify the selection procedure, we recommend th&! Order to provide robustness to the framework, we utilize
use of the Hilbert transform to isolate such modulated patgern COrrentropy as the cost function of the low-rank transforiri(

and provide the initial Iter bank. Alternatively, a dictiary €t @l 200). Correntropy is de ned as a dependence measure
from previous experiments can also be utilized. As a resulfor random variables and has been throughly applied in non-
this seed dictionary containé FIR lters with relatively large- linear analysis, robust decomposition, and sparse approximatio
norm impulse responses (90-th percentile) and clear modulatiof®unduz and Principe, 2009; He et al., 2011; Loza and Principe,

patterns. 2016a_The robu;t correntropy-based SVD technique utilizes the
Gaussian kernel in order to go beyond the benchmark of seeond
2.3.1. Phasic Event Decomposition order statistical moments. The addition of correntropy tceth

The adaptive unsupervised learning stage for the transieftamework does not add signi cant computational complexity
model is inspired by a shift-invariant implementation of k- nor it requires a validation stage when it comes to the free
means, the well-known clustering techniqueesho and Gray, parameter introduced by the Gaussian kernel, the kernel
199). For each rhythm, the seed dictionary, with Ksinitial ~ width. In fact, previous studies have taken advantage of the
dictionary elements become centersin k-means. The staggtkn  Silverman's rule $ilverman, 1986and have been successful
in k-means as cluster assignment is denoted as phasic event mimicking the e ect of kernel annealing and providing
decomposition for our learning approaciFigure 2A). Using a  robustness against outliersi¢ et al., 2011; Loza and Principe,
procedure very similar to the greedy decomposition technigiue 20160). In this way, a robust dictionary learning technique
Matching Pursuit (allat and Zhang, 1993the remainingM-  ensures that the updated FIR lters are not biased by outiler
snippets in the training set are assigned to the closest camer snippet shapes while preserving the number of free parameters in
use the Fast Fourier Transform (FFT) to e ciently assignieaé  the overall model.
the M-snippets to the closest dictionary atom. Unlike previous Both stages run in an iterative manner until a particular
attempts that take advantage of greedy sparse decompositiggrminal criterion has been reached, e.g., minimum vaoiaif
techniques Durka and Blinowska, 1995our proposed phasic dictionary atoms (e.g., Frobenius norm of successive paeme
event assignment is much simpler (and, hence, faster) beafus estimations less than 18) or xed number of iterations (in
the denoising step described above that explicitly discriatéa ~ practice, at least 20 for each initial condition has proven
between neuromodulations and noisy background activityisT € ective). It is worth mentioning that, due to the greedy
novel methodology eliminates one of the free parameters dfature of both stages, it is necessary to avoid suboptimed| lo
MP when it is utilized in sparse approximation problems—thesolutions by running the iterative optimization with di erén
sparsity of the decomposition; for our case, this value is ydwa initial conditions. In the end, the set of atoms with the lawe
equal to one, i.e., there is no over-representation of events ~ mutual coherencelfonoho and Huo, 200)iwill be chosen as the

It is worth noting that this phasic event decomposition optimal dictionary.
is the only step required in the testing phase; however, to
avoid potential confusion, we will denote the phasic even§ RESULTS
decomposition algorithm as deconvolution in the testing
implementation Eigure 2B). The projection of a particulaM- ~ 3.1. Sleep Spindles Detection
snippet onto the closest dictionary atom in the test setof The rst validation experiment comes from one of the most
Euclidean distance to closest center) is compared;td falls  distinctive EEG patterns of stage 2 non-REM sleep in humans—
below the threshold, thé1-snippet is not considered a phasic sleep spindles. They have been associated to memory processes
event; if it meets the criterion, then, the snippet is consider (Schabus et al., 20Q)4cortical developmentKhazipov et al.,
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2009, and have been regarded as potential biomarkers afonsensus whethdf® and thereforeK, plays a major role for
psychiatric disordersHerrarelli et al., 2000 However, most of this speci c measure. The particular performance of subject 4 i
the detectors used in these modern studies (8gacipe and discussed inthe nal section of the paper.
Smith, 1986or an older review) rely on cross-validation schemes Tables1 2 summarize the sensitivity and speci city of
to set a proper detection threshold, e.g., via the receiveratipgr  the unsupervised detectors with respect to each visual scorer
characteristics (ROC) curve. On the other hand, our approacpeci cally, the tables also evaluate the variation as a dkree
does not require previous enumerated data for free parameten the number of estimated dictionary atomi€? i.e.,K. The
cross-validation, it rather utilizes neurophysiologicaingiples  sensitivity achieves maximums of 0.72 and 0.69 in comparison
to estimate and model the precise temporal markers of slegp experts 1 and 2, respectively (median over subjects), which
spindles in single-channel EEG traces. comparable to the benchmark of inter expert agreement reported

The data under study belongs to the TCTS Laboratonpy the database authorB¢vuyst et al., 20)4-0.7 TPR. On the
of the University of MONS and the Sleep Laboratory inother hand, the speci city of our approach reaches 0.85 and 0.88
the Université Libre de Bruxelles. The publicly availablevith respect to visual scorers 1 and 2, respectively, whidé fal
DREAMS databaseDgvuyst, 2010 was utilized to validate below the 0.98-mark reported by the database authors.
the proposed methodology via quantitative comparison to
sleep scoring annotations. Furthermore, the traces werd.2. Motor Correlates from ECoG
recorded using a digital 32-channel polygraph (BrainnetTMThe second experiment corresponds to the Brain-Computer
System of MEDATEC, Brussels, Belgium) that includes twinterface (BCIl) Competition IV, dataset 4Blankertz, 2009;
Electrooculogram (EOG) channels (P8-Al, P18-Al), thre& EE Tangermann et al., 20).2n particular, three epileptic patients at
channels (CZ-Al or C3-Al, FP1-Al, and O1-Al) and onethe Harborview Hospital in Seattle, Washington were implante
submental Electromyography (EMG) channel. The records wenith subdural electrode grids on the surface of the brainhwit
anonymized before being saved in the standard European Datae main purpose of clinical motoring and localization of
Format (EDF). The database provides one 30-min single-cHannseizure foci (di erent number of channels per subject). The
EEG segment from whole-night recordings for each one o$tudy was approved by the internal review board of Harborview
the 8 patients in a sleep pathology study (dierent bipolarHospital; in addition, the patient data was anonymized aceuyd
electrodes per subject). The sampling frequencies range5®m to internal review board protocols to comply with HIPAA
to 200 Hz, and, in an e ort to re ect reality as close as possibleregulations. The recordings were ampli ed and digitized gsin
these traces are not noise-free, pre-processed, nor manuaynamps2 ampli ers (Neuroscan, El Paso, TX, USA). The BCI
chosen. Lastly, two expert clinicians independently scoee thsystem BCI2000Schalk et al., 20Q04wvas utilized to provide
30-min single-channel traces and provide annotations in theéhe visual stimuli, acquire the brain signals, and recor@ th
form of timestamps and durations of sleep spindles. It is worthexion of individual ngers using a data glove (Fifth Dimensio
mentioning that only the 6 patients with both scores avadednle  Technologies, Irvine, CA, USA). The patients were asked taamov
part of the present analysis. aparticular nger after visual cues in a computer monitor ioffit

In order to have proper comparisons to the ground truth, theof them. Each 2-s-long cue was followed by a 2-s-long restgerio
M parameter was selected as the median value of the duratioBsiring each nger exion task, the subjects typically perfoeth
for each visual scorer per subject. This value ranged from 708-5 consecutive movements or taps. Particularly, the goidieof
to 1,010 ms for the rst expert, and it was equal to 1,000 mghallenge was to infer the nger exion based on the multi-
for the second scoreilK was chosen as a multiple & for channel ECoG traces alone corresponding to the contrallatera
each patient, i.,eK D bK® Mc, whereM is in samples and hemisphere of nger movement. Hence, timestamps of cued
KO takes values from 0.125 to 1 with 0.125 intervals. In ordevisual stimuli, nger exion kinematics, and digitized (s#ling
to individualize the sigma band, the only one interesting infrequency 1,000 Hz), bandpassed (0.15-200 Hz) ECoG traces
this study, the single-channel, single-trial EEG tracesevpee- were provided in the dataset.
processed via bandpass ltering in the sigma band (11-16 Hz) Even though the so-called Local Motor Potentials (LMP)
utilizing a Butterworth Iter with a designed quality factamlose are discriminant when it comes to nger movement and other
to 2. Lastly, a total number of 20 di erent initial conditiongere  motor tasks Gchalk et al., 2007; Kubanek et al., 2008e
given to the iterative optimization scheme for each comborat decided to focus on the high-frequency content of the ECoG
of M, K, subject, and visual scorer. recordings due to their inherent short-lived, transientets that

Figure 3depicts three representative 30-s segments from onean be properly modeled exploiting the proposed framework.
patient and its corresponding timestamps according to expert Speci cally, we focus on the high-gamma band (76-100 Hz)
alongside the estimated, unsupervised marks obtained ffwn t that provides more localized activity thanks to the shoveli
proposed framework; in general, there is a consistent agneemesynchronization windows this rhythm allow$gngermann et al.,
between both criteria. We also analyze the True Positive RaP012. Once again, a Butterworth Iter with quality factor close
(TPR) according to both scorers and its dependencekdh to 2 was utilized after downsampling the original recordings
i.e., the number of estimated FIR Iter&igure 4 summarizes 500 Hz. Next, the two free parameters of the transient model ar
the results and depicts the cases where statistical aseaciatset:M is chosen equal to 50 samples, or 100 ms, after thorough
was found (1-way ANOVAp < 0.01). The sensitivity peaks visual inspection of the temporal traces and their correspngdi
at di erent values ofK® for each case and reveals an uncleaflF analysisK is set as discrete values from 2 to 100 in order
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FIGURE 3 | Comparison of sleep spindle unsupervised detector and exp# 1 (DREAMS database). Three 30-s segments show putativeestp spindles scored by the
clinician (black rectangles) and by the proposed unsupersed scheme (red rectangles). Subject 5.

to investigate the dependence of the metrics with respecteo thnger exion) and the number of estimated dictionary atoms.
number of estimated dictionary atoms. The methods are rarSpeci cally we focus on one channel per nger alone, i.e., each
for each individual channel separately setting 5 di erentiisdi  motor task is associated to the electrode with higher awerag
conditions and 20 iterations maximum. cross-correlation; then, the statistical signi cance is ported

The rst set of results focuses on amplitude coding using thé€1-way ANOVA) with respect tdK. As Table 3indicates, there
MPP properties, e.g., the density of spikes and their amplitudes not enough evidence to suggest a strong correlation letwe
In the test, after the MPP is obtained, each delta functiorthe cross-correlation measure and the cardinality of therlt
signifying an MPP is smoothed utilizing a truncated Gaussiarbank.
kernel ( =100, nite support of 200 samples) in order to obtain ~ One of the advantages of the exceptional temporal resolution
comparable timescales between the Marked Point Processasd point process nature of the MPP is the possibility to compute
and the nger kinematics. E ectively, we are estimating thethe characteristic delay between brain activity and motakta
MPP rate with this procedure. Then, the normalized crossexecution. Speci cally, the time lags from the previous cross
correlation between the smoothed MPP and the nger movementorrelation analysis can be regarded as such estimatedsdelay
is computed for each trial paying special attention to causarlable 4shows the average temporal lags for the channel with the
results alone. Lastly, the average cross-correlation igirdd  higher normalized cross-correlation per nger for all the gedts
for each sensor- nger pair (mean over nger exion tasks or under study. The delay falls in the range of approximately
trials). Figure 5illustrates such relationship for one patient, and 7-8.5 ms.
it is evident that the smoothed MPP is spatially sparse and The next set of results pays close attention to the actual
localized. Moreover, similar trends are observed in the iemg  learned FIR lters. The estimation process can be easily tiage
subjects with the only signicant di erence being the spatialoutlier shapes and noise-related phenomena that might distort
distribution due to speci c electrode grid arrangements. Mple  the nature of the “ideal” induced potentials. For this reason,
1-way ANOVA analyses for each valuekofinder consideration correntropy provides a sound safeguard and ensures robust
(7 cases: 2, 5, 12, 25, 50, 75, 100) and all possible nger-patiegstimation of the prototypicaM-snippet templatesFigure 6
combinations (15 cases) reveal that 97% of the cases exhidépicts the learned modulatory patterns with a distribution
at least one channel per nger, patient and xd¢ that does of their closestM-snippets in the form of box plots of
not conform to the equal mean hypothesip ( < 0.01). Euclidean distances. These distances are computed congjderin
Hence robustly, at least one channel contains phasic evatits wthe extracted M-snippets corresponding to each particular
timestamps that are positively correlated to a particular nge dictionary atom, i.e., a sort of cluster compactness measure.
movement. Lastly, we determined the potential relationshipNot only the prototypical templates seem to exhibit di erent
between average cross-correlation (between smoothed M&P amodulatory levels that can be further analyzed, but their
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TABLE 1 | Sensitivity of automatic sleep spindle detector with respe to both the nger exion kinematic traces for a 2-min period~{gure 7).
visual scorers for different number of dictionary atoms (DRAMS dataset). Itis evident that some channels remain “silent” during pdlEiCDf
KO motor inactivity and subsequently start to become activerer

when the motor activity starts; this representation (ragtéot)

Expert 0125 025 0375 05 0625 075 0875 1 and methods are very similar to the ones usually applied when
working with spikes. With that in mind, it is possible to make use

1 069 069 068 069 072 069 067 071 of other speci c tools and techniques normally reserved foiri®

2 057 059 060 062 063 066 067 0.69 Processes (PP) only. For instance, it is possible to estithate

phasic event density (intensity function of the PP) beforejmy
and after nger exion movementskigure 8clearly resembles a
Peristimulus Time Histogram (PSTH); particularly, the depsit
TABLE 2 | Speci city of automatic sleep spindle detector with respectto both signi cantly increases in the vicinity of the zero-marle . visual
visual scorers for different number of dictionary atoms (DRAMS dataset). cue, and subsequently decreases after the motor task isedish
approximately 2 s later.

Median over subjects.

KO

Expert 0125 025 0375 05 0625 075 0875 1 4. DISCUSSION

1 0.85 0.85 0.84 0.84 0.84 0.83 0.83 0.83
2 0.88 0.87 0.86 0.86 0.86 0.86 0.86 0.86

The methods and results of this paper suggest that a novel
event-based interpretation of EEPs and neuronal oscitiatie
Median over subjects. advantageous from a modeling point of view. The temporally

sparse nature of the relevant neuromodulations ts perfettly

a transient model that strives to model a single-channahls-
distributions include clear outliers (red crosses) thaghtibias trial EEP trace as the superposition of reoccurring, shodi
the estimated FIR Iter. However, by exploiting correntropy a patterns in di erent frequency bands within a background noise
the cost function of the SVD method, we can guarantee that thenvironment. In particular, the Marked Point Process franoekv
resulting estimated shapes are, indeed, unbiased. facilitates the quanti cation and further interpretation dhe

Lastly, we explicitly exploit the sparse nature of the resgltin estimated phasic events. Two main applications are exploited in

MPP in order to elucidate a rate coding mechanism for motororder to validate such novel point of view: EEG sleep spindle
control. According to the three channels with the highermge  detection and ECoG motor correlates in the high-gamma band.
cross-correlation per nger from the rst set of results, weopl In general, there is agreement between timestamps from
the temporal distribution of MPP timings () in comparison to  visual scorers and the proposed unsupervised approach in the
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FIGURE 5 | Average cross-correlation between smoothed high-gamma MPs and nger exion kinematics. From top to bottom: nger 1, 2, 3, 4, 5. K D 50.
Subject 3.

TABLE 3 | Statistical signi cance of the average cross-correlation btween
smoothed high-gamma MPPs and nger exion kinematics with regpect to K.

K
Finger 2 5 12 25 50 75 100 p-value
1 057 058 061 062 063 061 0.61 0.95
2 047 051 052 051 052 055 053 0.99
3 039 045 048 049 047 048 049 0.51
4 0.59 0.62 0.62 0.65 0.66 0.64 0.64 0.95
5 0.44 0.44 0.45 0.45 0.47 0.46 0.46 0.91

1-way ANOVA. Subject 2.

TABLE 4 | Estimated delay between high-gamma ECoG neuromodulationand
nger exion tasks.

Subject Estimated delay (ms)
1 7.04

8.40

8.33

Average over K and ngers.

DREAMS sleep spindles databaség(re 3); however, some

length constraint has been applied in our model, while the
clinician may subconsciously be using some thresholdingo Al
it is clear that the model underperforms with subject 4 in
Figure 4 this is a direct consequence of the biased estimation
of due to the excessive EMG artifacts (mentioned in the
original manuscript from the database authors) that leaked t
the sigma band and a ected the norm distribution. We expect
the metrics to improve if proper pre-processing takes place, e.g.,
EMG interference is re ected across the whole spectral support
of the signal and, therefore, can be detected via broadband
TF analysis or comparison of relative power over time and
frequency.

There is a direct correlation between higher median
sensitivities and larger dictionaries; however, the ovetange
is only a couple of percentage points, which might not justify
the extra computational burden that comes with a larger numbe
of lters in the Iter bank. Conversely, the speci city seems
to decrease with increasing dictionary sizes; neverthedese
again, the change is only a couple of percentage points. We
believe the di erence with the benchmark results framevuyst
et al. (2011)in terms of speci city is mainly due to a lack of
pre-processing mechanisms to handle artifacts.

In summary, the proposed methods are capable of detecting
and modeling sleep spindles in an automatic, unsupervised
manner without appealing to add-hoc cross-validation

snippets are categorized as sleep spindles due to their modulatschemes in the search for optimal thresholds. We utilize

nature alone, when, in actuality according to the clinigiimey

neurophysiological principles, such as the Gaussianity of the

are not putative spindles. This might be a result of particulabackground noise, to select threshold parameters that separa
M-snippets located at the fringe between the phasic evemutative sleep spindles from noise components. This highlights
component and its noise counterpart in the distribution of the exibility of our methodology, where we did not modify the
the norms mentioned in section 2.2. Moreover, we would likeoverall structure of the model nor the amount of free paramete

to add that no minimum amplitude threshold nor minimum

Instead, the transient model was utilized to achieve berakm
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FIGURE 7 | Raster plot of high-gamma MPP samples from ECoG traces (bl&} in comparison to nger exion kinematics (blue). Three paitular channels per nger.
From top to bottom: nger 1, 2, 3,4, 5. K D 100. Subject 3.

metrics and proved to mimic the clinical interpretation of relating brain activity with behavior. For instance, the MRR®e
electrophysiological biomarkers. analysis agrees with a previous study where it was noted that

The results from the BCI Competition |V, dataset 4 showcasadjacent ngers present common electrodes as a consequence
the innovation and potential of the MPP framework for of correlated, involuntary exions Nliller and Schalk, 2008
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FIGURE 8 | Estimated density of phasic event occurrence before, durinand after motor task (2-s-long windows).Left, Subject 1, nger 1, channel 43. Middle ,
Subject 2, nger 3, channel 8. Right, Subject 3, nger 1, channel 9.K D 100.

Also, the statistical analysis for all the di erent valueskoand 1975, and phasic event distortion due to colored noise. However,
all possible nger-patient combination suggests a robushdre correntropy ensures that the nal estimation will be, idgall
of MPPs strongly correlated to the nger exion kinematics. unbiased by the outliers and closer to “ideal neuromodulzgit
Similar conclusions have been achieved with di erent method Therefore, this application highlights the need for robust
and processing techniques in the same datasé&tnfary and processing when it comes to a signal characterized by noise and
Rakotomamonjy, 2012; Liang and Bougrain, 2012; Tangermarartifacts, such as EEP.
et al., 201p, thus, conrming the validity of our overall The rate coding results presented kigure 8 are disruptive
phasic event framework. In terms of Iter bank cardinalithet for the EEP eld. The PSTH-like nature of the model output is
emerging trend seems to indicate that the average normalizezhly one example of future point process-based methods that can
cross-correlation improves slightly when a higher number obe applied directly to the estimated MPP, e.g., phasic event rate
dictionary atoms are estimatedlgble 3 and Supplementary di erences, tuning curves, inter phasic event interval deasit
Material, Tables S1, S2). However, practical limitationsdn®  with the classical parametric and non-parametric estimation
be taken into consideration; especially for this datasetehigh (Daley and Vere-Jones, 20Q07These methods can also be
sampling frequencies and multi-channel recordings are sofne immediately integrated with spike train single neuron anelys
the main data features. opening the door for a multiscale modeling of electrical brai

The estimated delay between brain activity and motor taskctivity. For instance, the neuromodulation events capdure
falls in the 7-9 ms. range, which is consistent with previouby the proposed model can be used to parse out which
experiments where the conduction time from cerebral cortexneurons are involved in the mesoscopic events by statistical
to forelimb muscle was assessedhéney and Fetz, 1980; conditioning. In fact, because the neural action potentiald a
McKiernan et al., 1998; Park et al., 2D.CMowever, such studies the phasic events are both represented mathematically by point
exploit cell ring and other spike-related measures alongsid processes, one can exploit techniques very similar to Spike
EMG activity in order to estimate the aforementioned delay. InTrigger Averages (STA) and Joint Peristimulus Time Histoggam
our case, we exploit the intrinsic exceptional temporal resotu ~ (JPSTH), but instead of using external stimuli, we can diyect
of the transient model that can achieve a lower bound equal tase the phasic event MPP. We expect that this will provide
the sampling period; this appealing property can not be obtaineddded multiscale information of the role of elds in neural
with regular Time-Frequency decompositions alone. organization. In short, we have introduced a novel interptitn

The ongoing plastic nature of the brain re ected in phasicto neuromodulations that would not be possible via classical
event production, make the modeling task a necessity. For outecomposition techniques or Time-Frequency analysis. Rer t
case, this modeling comes in the form of the estimated FIRslte BCI applications, the proposed framework opens the door to
in a data-driven scheme by exploiting unsupervised learningnnovative on-line detectors/predictors BCI systems wheéiig i
techniques. Hence, it is crucial to estimate such patterna in only required to estimate the density of event-related tettiins
principled and robust schemd=igure 6 makes a case for the in order to obtain relevant motor decoding and topographical
justi ed use of correntropy as the cost function in the diatiry  discrimination of active brain areas.
learning stage. In particular, the presence of outliers inlibg Potential caveats arise from the additional constraints of
plots are the result of a poor linear modeling of non-linearthe methodology; namely, it is necessary to focus on a single
dynamics in the brain, i.e., spike-to-wave transforfRreeman, oscillatory rhythm at a time, which is also preferred in the dli
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and research eldsNiedermeyer and da Silva, 2005; Buzsakirequire a smaller number of dictionary atoms, while noisy
2006. However, in our implementation, it is a matter of utmost EEP recordings usually demand for larger dictionaries ideor
importance to properly select the pre-processing bandpass Itelo accommodate larger uctuations. Ideally, our attempt is
for each neurophysiological band. For instance, insteadgpfdr- to quantize a high-dimensional “wave” space where e
order narrowband lters with large stop-band attenuatiorhieh ~ sample-long phasic events are represented. This space can
introduce arti cial patterns, such as ringing artifactsréeman also be interpreted as a continuous state-space model of the
and Quiroga, 2012; Widmann and Schrdger, 205 can be generative process from action potentials to neuronal waves
expected from high amplitude and long impulse responses, {f-reeman, 1975 This condition alongside the plastic nature
is imperative to select lters with quality factors (ratiotheeen  of the brain and its electrical potentials make the quantati
central frequency and main lter lobe) close to Br(ncipe and task even more daunting. This might be the reason behind
Smith, 198). Moreover, FIR lters should be favored in on- the increase in performance metrics when the dictionary size
line applications due to their inherent linear phase; howeveiincreases accordingly, i.e., quantization of this “wavetce

IIR Iters with zero-phase implementations should su ce in utilizing denser grids results in better performance. On the
most o -line studies, although they are more time consumingother hand, increasing< diminishes the value of modeling
because they require two ltering operations in reversedim. itself—in the limit, grids start to become single points and
Another key aspect is the seed dictionary; although ltersifro the Iter banks do not characterize global trends anymore;
previous studies can be exploited for the initialization oéth this drawback clearly resembles the over tting phenomenon
dictionary, the most appealing feature of the overall framdwo very well-known in machine learning. In summary, there is a
is its data-driven approach. Hence, we must ensure that thelear multivariate trade-o between performance, number of
initial Iters are su ciently di erent enough from each otheto  dictionary atoms, computational load and risk of over tting
cover well the selected frequency band. This can be achlgved Hence, it is still an open issue to select proper boundskon
favoring seed dictionaries with low mutual coherenB®oho  however, the empirical rules previously stated should bevieH

and Huo, 200}, i.e., small linear correlation between pairs ofwhen possible.

Iters. Another alternative could exploit the modulation ofi¢ Lastly, the proposed framework provides a richer parameter
M-snippets, e.g., selebt lters with a large range of quality space to quantify neuromodulations. A set of EEP recordings ca
factors. be characterized by its MPP features and timings, its Itenlba

The proposed noise model exploits EEP deviations fronproperties, and the statistical moments of the noise component.
Gaussianity as a mean to delineate the constant transitions Conversely, classical decomposition methods focus most of
the cortex from the resting state to work. For our particulartheir attention on the power spectrum information alone and
validation experiments, such “work” state is tightly retht®  blur the temporal markers by introducing arti cial procesgin
well-known processes, generation mechanisms and/or extternwindows. This is a consequence of the direct application of
stimuli, e.g., sleep spindles are regulated by the mutuapectral estimation methods to non-stationary and transien
interaction between GABAergic reticular neurons and extoity ~ signals that require special processing due to their particula
thalamic cells Buzsaki and Draguhn, 20R4However, we are generation mechanisms, noise properties and dynamical fesitur
not claiming that such active state is the result of externalWe have proposed a model exible enough to be applied
processes or sensory stimuli alone; as the metaestable steteevent-related oscillations at dierent scales, topograahic
of the cortex implies, the inevitable transitions from chaosregions, and with diverse behavioral correlates, yet, speci
to synchronization can be brought about via internal, everenough to accommodate the particular properties required by
spontaneous, processes. In fact, previous studies hypothesihe EEP. In addition, the methods can easily adjust to work
that, at the neuron level, task-evoked events might bé parallel with multiple trials, multiple channels, and multiple
constrained by the patterns displayed during spontaneousxperimental tasks. In this way, the Marked Point Process
activity (Luczak et al., 2009 Therefore, the de nition of the quanti cation framework opens the door to novel analysis in
rest state of the proposed noise model has to be explicit ideeper structures, such as the hippocampus and Deep Brain
terms of experimental design or well-proven neurophysiolafgic Stimulation-related targets, in the hope of elucidating eov
mechanisms. In any case, these speci cations do not limit thenechanisms that can be correlated to the overt behavior and
use of the proposed method; indeed, it could be utilized tdhe microscopic activity thanks to the resulting precise tengbor
detect and model transient events in the spontaneous agtivitresolution.
of EEPs. In the spirit of openness and to encourage reproducibility,

The two main free parameters of the model,and K, must the MATLAB code corresponding to the proposed methods are
be carefully selected depending on the context, i.e., a gray bavailable at https://github.com/cnel/MPP-EEG.
type of approachM is strictly tied to the oscillatory rhythm
under study; as previously mentioned, visual inspection and
classical TF analysis should come hand-in-hand with génerd UTHOR CONTRIBUTIONS
neurophysiological concepts and previous studies in order
to properly set the duration of putative induced potentials.CL, MO, and JP worked together and contributed equally to
On the other hand,K heavily depends on the quality of the methodology, validation, and preparation of the present
the recordings, e.g., cleaner traces as in the ECoG datagetper.
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