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ABSTRACT

In the last decade directed functional connectivity analysis le&s lincreasingly
adopted as a method to study the information transfer in the human brain. However, its
use with functional neuroimaging data has faced several limitations and controversies,

especially when applied to functional magnetic resonance iméiij) data.

This thesis presents a study of directed functional connectivity metrics and their
application to datasets from two of the most widely used functional neuroimaging
techniques, electroencephalography (EEG) and fMRI.

Since a major part of thisork focuses on testing and benchmarking connectivity
metricsin controlled simulations, an initial study was performed on known generative
models, with varying degrees of biophysical fidelity, for the former datasets. Its results
suggested that less resic models are more suitable for large simulations, due to their
computational efficiency, or for testing novel metrics, due to their increased control
over simulated causal relations. The following study provided a thorough performance
assessment of digceed functional connectivity metrics in broad experimental
simulations with synthetic fMRI data. Our conclusions argued in favor of their
applicability in the context of fMRI, provided that a stringent set of experimental
specifications is met. The two sugeding studies proposed a novel framework for
causal inference, oriented to EEG data, with the use of adaptive data analysis. Their
findings suggested that this new framework is able to not only provide improved
frequency localization but also to restrgausal analysis to components with physical
meaning. The last study provided the opportunity to apply some of the knowledge
gathered throughout these studies in the analysis of intracranial EEG data from a patient
with infantile spams. From studying thausal relations in the recorded data it was
possible to delineate a seizure onset zone that is consistent, and even more specific, with

regions determined clinically or by novel localization strategies.

Keywords: directed functional connectivitysrangeicausality, generative models,
adaptive data analysis, EEG, fMRI, epilepsy.
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RESUMO

Na Uultima décadaa andalise de conectividade funciondireccionadatem sido
progressivamentadoptad no estudoda conectividadeo cérebro humano. No entanto,

a sua utiliacdo com dados de neuroimagem funcional tem enfrentado uma série de
limitacbes e controvérsias, especialmente quando aplicado a dados de ressonancia

magnética funcional (fMRI).

Esta dissertacdo apresenta um estudo de métricas de conectividade funcional
direccionada e na sua aplicacdo a registogddules das técnicas de neuroimagem

funcional mais utilizaas, electroencefalografi(EEG) e fMRI

Uma vez que uma grande parte deste trab@dhgiste entestir e avalia estagnétricas
recorrendo asimulagbes contladas foi realizac um estudo iniciasobre osnodelos
generativos maisecorrentes na literaturaom diferentes graus de fidelidade biofisic
para EEG e fMRIOs resultados sugeam que os modelos menos realistas sdo mais
adequados para grandes siatdles, devida requisitoscomputacions baixos ou para
testar novas métricas, devido maior controle sobre as relagfes causais sirasiad
segundo estudo consistiu numa avaliacaaelsempenhala andlisede conectividade
funcional direccionadaem sinmulacéesextensascom dados de fMRI sintético#\s
conclusdes argumearaim a favor da aplicabilidadea dadosfMRI, desde que um
rigoroso conjunto de especificacoes experimensais cumpridoa Os dois estudos
seguintegpropdemuma nova abordagem para a iréacia causaatravés da andlise de
dados adaptativaOs resultados sugerem guesta abordagené@ capaz dendo sO
proporcionar uma melhor localizacém frequéncia, mas tambéde restringir a andlise
causala componentes com significado fisidéo Gltimo estudosao efectuadaanélise
de causalidadem registo€EG intracranians de um paciente comspasmofantis.
A partir do estudo das relacbes causastes registggoi possivel delinear umzona
epileptogénicaconsistente, e ainda mais espesjficom as regides determinadas

clinicamente ou @r novas estratégias de localizacéo

Palavras-chave conectividade funcionalireccionada, causalidade de Granger,
modelos generativos, andlise de dados adaptativa, EEG, fMRI, epilepsia.
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RESUMO ALARGADO

O fundonamento do cérebro humano é um tépico que desde ha muito tem desafiado
cientistas e filésofos, mas foi apenas nas ultimas décadas que a ciéncia conseguiu
explicar alguns dos complexos fendmenos que ocorrem neste 0rgéo. Estes feites devem
se em grande p&r aos avancos alcancados no desenvolvimento de técnicas de
neuroimagem que, ao permitirem observar a estrutura e funcionamento cerebral de uma
forma naeinvasiva, alargarama populacaoelegivel de individuos saudaveis a@e
pacientegparaestudos cientifias. Esteconsequente aumento nolume de dados de
neuroimagengerouum interesse igualmente crescente em metodologias de analise que
visam responder a perguntas especificas sobre o funcionaceeebval. A andlise de
conectividade funcional direcciona@gaum destes casos e, nas duas Ultimas décadas,
varias abordagens tém sido adoptagesyenientesle areas distintas do conhecimento
desde a estatistica a teoria de informa¢ggta analise consiste principalmente na
aplicacaade métricas de conectividadeconjuntos ddados daeuramagem funcional,

a fim deidentificar relacbes de causalidade erdierentes regideslo cérebro. No
entanto,a sua utilizacdo tem levantado variagestdes eontrovérsias, especialmente
quando aplicaala dados de ressondmanagnética funcional (fMRIdo termo inglés
functional Magnetic Ressonance Imaging

O trabalho desenvolvido nesta tese consiste no estudo de métricas de conectividade
funcional direccionada e na sua aplicacdo a registodudes das técnicas de
neuroimag@m funcional mais utilizea$, electroencefalografidfEEG) e fMRI. Este

estudo foi dividido em cinco trabalbgue, embora destacande como contribui¢cdes

individuais, compartilham interdependéncial@unstemasem comum

Uma vez que uma grande parte desabalhoconsiste entestr e avalia métricas de
conectividadduncional direccionadeecorrendo aimulacdes controladas, foi realirad

um estudo inicialsobre osmodelos generativos margcorrentes na literaturaom
diferentes graus de fidelidadeofisica, para conjuntos de dadespresentativos de
registos de potenciais eléctricos corticais (LFPs, do termo ibgt&s Field Potentid),

EEG e fMRI Este estudo consistiu ha andalise da capacidade destes modelos em gerar,
de forma controlada, dadosticos com relagbes causais de diferentes magnitudes.
Para tal, foram analisados quatro tipos de modelos generativos, de menor para maior

fidelidade biofisica, como modelos autgressivos (AR), redes de osciladores usando
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modelos de Kuramoto, redes dsciladores usando modelos propostos por Walter
Freeman e redes de macrocolunas corticais compostas por neurénios usando modelos
propostos por &gene lzhikevich As series temporais resultantes destes modelos
representam apenas os LFPs e, como tal, € aeckssario simular o respectivo sinal

EEG e fMRI BOLD (do termo ingléslood-oxygenlevel dependenfe Para este efeito,

os sinais LFP foram transformados através da fungcédo de conducédo volumica, resultado
no sinal EEG, e através da convolugdo com a fudea@sposta hemodinamica ou por

um modelo representativo da dinamica vasculareXtended BallooiWindkessg)
resultando no sinal fMRI BOLD. A capacidade dos modelos generativos simularem
relacbes de causalidade foi testada para diversos valores denamafol entre
osciladores (e coeficientes de correlagdo para os modelos AR) assim como para
diferentes laténcias de comunicacdo. Os resultados deste estudo sugerem que todos os
modelos sdo capazes de produzir dados sintéticos reflectindo relacbes camsais co
intensidades em funcdo dos valores de acoplamento ou dos coeficientes de regressao e,
maioritariamente independentes da laténcia da comunicag¢ao. Adicionalmente, registou
se um aumento expectavel da exigéncia computacional, e um menor controlo sobre a
relacdo causal, para modelos com maior fidelidade biofisica; modelos mais simples,
como os AR ou osciladores de Kuramoto, permitem um controlo mais preciso da
intensidade e localizacdo em frequéncia das relagfes causais 0 que sugere 0 Sseu Uso em

simulacdes nmia amplas ou em testes a novas métricas com desempenho desconhecido.

O segundo estudo consistiu numa analise exaustiva da viabilidade da utilizacdo de
métricas deconectividadefuncional direccionada dados de fMRI. Este teve como
objectivo contribuir pax 0 esclarecimento desta questdo muitas vezes controversa, pois
o sinal fMRI BOLD é caracterizado por um baixo ritmo de amostragem (TR, do termo
ingléstime of repétion) e relacdo sinatuido (SNR, do termo inglésignatto-noise

ratio) e pode também sanfluenciado por efeitos de dindmica vascular variavel em
diferentes regifes do cérebro. Com efeito, foram simuladas jogos de dados sintéticos
fMRI BOLD através de mais de 23 mil redes distintas de modelos generativos destes
sinais, reflectindo desde osr@rios mais adversos aos mais favoraveis, para testar o
desempenho de 17 métricas denectividadefuncional direccionada. Para estas
simulacdes foi escolhido um modelo generativo baseado numa redeegrassiva
alimentada por registos reais de LFP$oram utilizados diferentes parametros como:
dimenséo e tipologia da rede, SNR, TR, laténcia e for¢a de interacgéo e variabilidade
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hemodinamica. O desempenho das 17 meétricas foi medido através dos valores de
sensibilidade, especificidade e precisdo na cgéte de relagbes causais teiseo
verificado que as métricas baseadas no conceito de causalidade de Granger (GC)
obtiveram os melhores resultados. Uma analise geral aos mesmos atraves de regressoes
multivariadas, cujas variaveis independentes sdo os paodm#a simulacdo e as
varidveis dependentes os valores de sensibilidade, especificidade e preciséo, revelou que
a laténcia de interaccéo e a variabilidade hemodinamica sdo os parametros de simulagcao
gue mais influenciam o desempenho da maior parte dascasétAtravés de uma
analise a informacdo mutua compartilhada pelos parametros das simulacbes para
resultados de precisdo elevada (precisdo superior a 90%), veséicgue valores de
variabilidade hemodinamica elevados foram compensados por laténdistgerdecao
elevadas (e vicgersa) assim como valores de SNR reduzidos foram compensados por
forcas de interaccdo elevadas (e weesa). Para parametros de simulacao
representativos de condicdes realisticas, as laténcias de interaccdo detectadas por
méticas baseadas em GC com mais de 80% de sensibilidade estdo compreendidas entre
0s 250 e 400 milissegundos, no entanto, para valores de TR na ordem-@dxl 0.1
segundos (ndo alcancaveis spannersactuais) seria possivel a deteccédo de laténcias
inferiores a 100 milissegundos. Quanto a dimensao e tipologia da rede obsergoe

o numero de nds e a densidade de ligacao influenciam negativamente a sensibilidade de
métricas baseadas em GC e que o coeficienteludteringe a heterogeneidade da
distribuicdo da densidade de ligacdes aferentes entre nds afecta positivamente a
sensibilidade destas métricas. Finalmente, foi também discutida a implementacdo de
uma destas métricas nutmmlboxamplamente utilizada em estudos de conectividade, o
gue pode levar a saltados menos favoraveis quando aplicada a dados fMRI. No geral,

os resultados deste estudo argumengafavor da aplicabilidadelestas métricas no
contexto de dados fMRIdesde que um rigoroso conjunto de especificacbes
experimentaisseja verificadoe quea métrica de eleicdo sejaplicada com pleno

conhecimento @ssuas restricoes.

Os dois estudos que se seguem abordam o uso de conectividade funcional direccionada
em registos de EEG ou outros registos de imagem funcional com ritmos de amostragem
semelhargs e cujo interessem consiste em identificar relacdes causais no dominio da
frequéncia. Para este efeito, sdo propostos algoritmos de analise de dados adaptativa
(ADA, do termo inglésadaptive data analysis No primeiro estudo é realizada uma
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analise preminar sobre a possibilidade de identificar relacbes causais utilizando
estratégias naparamétricas através de um espectro de frequéncias instantaneas obtido
pela transformada de Hilbdduang, resultante da aplicagdo de um algoritmo ADA.
Verificou-se queé de facto possivel obter uma representacdo da causalidade com uma
resolucdo em frequéncia bastante superior entre varidveis com seéries temporais
estaciondrias e ndo estacionarias. No segundo estudo foi sugerida outra utilizacdo dos
algoritmos ADA para aeteccéo de relagBes causais entre componentes intrinsecos das
séries temporais (IMFs, do termo ingi@srinsic mode functiors O interesse desta
abordagem devse a capacidade destas IMFs em isolar fenbmenos com significado
fisico nas séries temporais de permitirem o calculo da frequéncia instantanea,
permitindo assim alocar a influéncia causal nestes valores especificos de frequéncia.
Foram utilizados modelos generativos baseados em osciladores de Kuramoto e testadas
combinacBes entre 10 algoritmos ADe 10 métricas de conectividade funcional
direccionada. Verificotse que a maior parte dos algoritmos ADA sao superiores a uma
simples filtragem das séries temporais nas frequéncias de interesse e que algumas
combinacfes destacase pela positiva das rastes. Este conjunto de combinacdes foi
testado com urmbenchmarkconhecido, com recurso a dados reais, tesgleevelado a

altura das estratégias tradicionais de inferéncia de causalidade o que demonstra que a
deteccdo de causalidade entre IMFs ndo comg®ra precisdo destas técnicas. No
geral, os resultados destes estudos permitem concluir que a adopcao de algoritmos ADA
traz vantagens na identificacdo de causalidade entre series temporais estacionarias e
nacestaciondrias pois restringe a frequénciatadeselacées a um conjunto muito
selectivo de frequéncias instantaneas e permite identificar relacdes causais entre

componentes com relevancia fisica.

No ultimo trabalho desta tese a andlise de conectividade funcional direccionada foi
aplicada a um conjuatde registos de EEG intracraniano de uma paciente do Hospital
Julio de Matos, diagnosticada com espasmos infantis. Este trabalho consistiu numa
investigacdo complementar deste caso, que decorreu durante 2010 e que egtagdam
invasivo com eléctrodos Bdurais de onde provém os registos EEG aqui utilizados,
resultou na necessidade de duas cirurgias da epilepsia: uma desconexao posterior
esquerda e, subsequentemente, urhamisferectomia esquerda devido ao
reaparecimento das crises. Uma analise prévia ragstos permitiu identificar

actividade rapida em duas bandas de frequéncia distinte20(66i1z e 206600 Hz)
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durante o periodo ictal. A localizacdo topografica da actividadés@0Hz coincidiu
parcialmente com a regido epileptogénica clinicamentatifilada, o que esta de
acordo com estudos recentes sobre este tipo de actividade. Como tal, a topografia desta
actividade e a regido clinicamente relevante foram utilizadas como termo de
comparacao para os resultados obtidos com a andlise de coneetivAddaderéncia

causal foi efectuada com e sem evolugdo temporal e, em ambos os casos, foi possivel
identificar um conjunto de eléctrodos como possiveis geradores da actividade epiléptica
cuja localizacéo é coincidente, e até mais especifica, com a regilicada com os
critérios anteriores. Estes resultados sustentam a utilidade dos resultados obtidos através
de técnicas de conectividade funcional direccionada como um critério adicional na
identificacdo da regido epileptogénica, principalmente quaraidividade 20600 Hz

nao esta presente no registo EEG, devido a baixa reprodutibilidade ou a ritmos de

amostragem insuficientes.

Na sua globalidade, esta tese confirmou a utilidade das técnicas de conectividade
funcional direccionada em dois contextastidtos: sinais fMRI BOLD caracterizados

por ritmos de amostragem e SNR baixos, representativos de interacgdes neuronais na
ordem das centenas de milissegundos, e sinais de EEG representativos de qualquer
interaccdo neuronal em diferentes gamas de fretpiéAdicionalmente, sdo também
sugeridas novas linhas de investigacdo tais como a combinacdo de algoritmos ADA
com técnicas de conectividade, e 0 uso dos resultados destas técnicas para a localizacao
da regido epileptogénica em epilepsias de espasmasisnfa

Palavras-chave conectividade funcionaldireccionada, causalidade de Granger,

modelos generativos, analise de dados adaptativa, EEG, fMRI, epilepsia
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1. GENERAL INTRODUCTION

The human brain is a highly complex organ, waghproximately 1x18 neurons that
communicate with each other via axonal connections forming complex neural networks
with a great number of structurally distinct, heterogeneous interconnamtgebnents.
Thedirect recording of its entire activityith currently available tools an impossible

task Direct measurements are possible with single cell recordings but are restricted to a
very limited number of units while indirect recordings abéeao cover wide areas of

the brain but lack in spatial or temporal resolution and, the relation between neuronal
activity and the recorded signal may pose additional challenges to its interpretation.
However, even with a complete knowledge of this refatiwhich would allow for the
correct solution to this inverse problem, or with direct measurements of the entire brain
activity, additional processing would be necessary to infer about the complex relations
that take place. This is where brain connectipiays a crucial role. Brain connectivity

is a wide and interdisciplinary area of research that ultimately aims at unraveling the
functioning mechanisms of the healthy and diseased human brain from the indirect

recordings provided by functional brain inmag

1.1. BRAIN CONNECTIVITY

Historically, the understanding of brain functioning began with deas of functional

localizationby the physician Franz Joseph Gall who proposed that the brain is the seat

of the mind and that the mind is composed of distinchtalefaculties that reside in
specificlocations A heated debate on the localization of brain function took place in the
nineteenth century with the rise of phrenology on one side and the arguments of
physiologist Jean Pierre Flourens on the other sidefliCtingly, Flourens suggested

that the brain was an undifferentiated generabose organ where all sensations,
perceptions, and volition resided concurrentipwever functional localization found

increased support after theell-known physician and anthropologist Paul Broca

claimed that the left frontal lobe was tbentero f s peec h. Broca’'s evid

patient who suffered an accident that damaged his left frontal lobe and produced speech



specific deficits butdid not affectall the other irtellectual capabilitiesMore recently
however it wasthe same studies of brain lesiqAdsher and Benson, 1998jatled to
the refutation of functional localization as a complete explanation cofftical
organization in favor of functional specialization and integration as a more plausible
theory. Nowadays, the understanding of brain functioning follows these two

fundamental principles of functional organization with connectivity as a mediator.

The functional organization of information processing in the brhas been
characterized by segregation of small neuronal subsets and integration between
independent neuronal subsét®noni et al., 1994)These functional intactions occur

with synchronized activity between multiple local and distant brain redioeco et al.,

2011) and can be mapped in different networansisting in spatially distributed
regions with anatomical connections that, depending on the information processing
requirements, can present different patterns of statistical association and causal
relations. Therefore, brain connectivity can be analyrem three distinct perspectives,

characterized by three different networks, as depict€thurel.1:

1 Anatomical connectivity or structural connectivity consists in a network of fiber
trads connecting neurorubsets in spatially distant brain regions.

1 Functional connectivity is defined as the temporal dependency of neuronal
activation patterns of anatomically separated brain regions thus reflecting their
statistical dependencies during task or rest in undotewd@vorks. These are context
dependent and occur on multiple time scales ranging from millisetorsésonds.

1 Directed functional connectivity andeffective connectivitydescribe the influence
one neuronal system exerts upon another and provides direetewrks that
represent causal interactions between activated brain areas. Like functional

connectivity, these are also context dependent and can occur on multiple time scales.



Directed functional
connectivity

BT S

Anatomical connectivity Functional connectivity

Figurel.1l: Examples of diérent types of brain connectivity netwoiksd respective adjacency matrices.
Adapted from http://www.scholarpedia.org/article/Brain_connectivity.

1.1.1. ANATOMICAL CONNECTIVI TY

White matter (WM) pathways are the structural connections of the brain and can be
investigated using diffusieweighted (DW) magnetic resonance imaging (MRI)
(Hagmann, 2005)This is & MRI technique that indirectly measures the local mobility
of water molecules andan provide information about the geometry of the underlying
tissue microstructure, at smaller scales than the imaging resoluédsihan, 2003)In

WM, water molecules tend to diffuse more along the fibers, allowing DW MRI to
obtain the diffusion map with the orientation density function and iyegf the
underlying tissue which is used by diffusion tensor imaging (DTI) to reconstruct the
white matter pathways. Although DTI is limited to a single fiber per voxel and voxels
may contain contributions from several differently oriented fiber pomuatia number

of improved methods exist that are able to extract multiple fiber orientations from the
DW signal (Hagmann et al., 2007)Fiber tractography integrates the local WM
orientations derived with DTI or multiple fiber reconstruction algorithms in order to

infer longrange connectiwt patterns between distant brain regions.

Combining whole brain tractography with regions of interest (ROIs) with clear
anatomical landmarks allows a complete description of the human brain structural

network, the human connectonjdagmann et al., 2008; Sporns et al.020 This



network is organized in multiple scal@oétter, 2007)including individual synaptic
connections that link individual neurons at the microscale, networks connecting
neuronal populations at the mesoscale, brain regions linked by fiber pathways at the
macroscale and share compfeatures common in networks from other biological and

physical system@Rubinov and Sporns, 2010)

The importance of structural connectivity also spans to functional daretted
functional connectivity studies since anatomical connectiosisape functional
connectiongHoney et al., 2007)

1.1.2. FUNCTIONAL CONNECTIVI TY

Functional connectivity metrics rasure the statistical dependencies between two or
more timeseries variables. Several techniques exist and while some can only detect
linear relations, others are sensitive to both linear andiinear relations. Although
analysis is usually pairwise, tiee are distinct implementations for bivariate and
multivariate data analysis mostmetrics which, in the case of multivariate data, allows

for the exclusion of effects common to both the variable pair and the remaining dataset
(partial analysis).In thefollowing sections vector and matrix variables are presented in

boldface

1.1.2.1CROSSCORRELATION

One of the most traditional metrics of functional connectivity is ecosgelation which
measures the linear correlation between two variaX(i@sandY(t), with zero mean and
unit variance, foN samples as a function of the time delhy

(1.1)

Corlt) =& X(K +YY(B

N-7¢ -

This function ranges froml to 1, complete inverse correlation to complete direct
correlation respectively, where 0 suggests no interdependence between variables. The
time delayUcan be used to infer the correlation different delays between these
variables however, this cannot be used as a prediction of the neuronal delay nor a
measure of influenc¢Pereda et al., 2005\When Uis zero the croseorrelation is

Pearson’s product mo me npartialamalysis €dn dd¢ dbtaimed c o e f f |

with partial crosscorrelation where the effects of a set of controlling variables can be



removed by performing the cressrrelationin (1.1) for the residuals of the linear

regression between each variak{® andY(t) and the set of controlling variables.

1.1.2.2COHERENCY

To obtain the previous correlation in the frequency domain, coherence can be used. It is
equivalent to normalizing theokrier transform (FT) of (1) by the product of the auto
spectral density functions of(t) andY(t) or, alternatively, as the absolute value of the

following ordinary coherency functiofiNolte et al., 200%

Cw(f)= Ser( ) (12)

VS (NS

Here, S, ( f) is the crosspectrum between variableqt) and Y(t), S, (f) and

Sy(f) are their respective aulpectra and coherence is computed as
COH,, (f )=|C,,(f ). However, these measures of coherence can be problematic when

used in electroencephalography (EEG) since they can be affected by volume conduction
effects and activity at the reference electro@esdrew and Pfurtscheller, 1999; Florian

et al., 1998) Similarly to partial crossorrelation, a measure of partial coherence
(pCOH) pCOH,,, (f ) can also b obtained for mN-variate datasefN > 2) that removes

the effects common to a set of controlling variables. This can be achieved by fitting a
multivariate vector autoregressive model (MVAR) to the enireariate dataset and
computi ng t h-gpectrabddbresity matrif@SDM) $(H:

eS,(f) S(h - K]
é
s(f)zgSu:( ) %2:( f) %\1:( ) (1.3)

s

85u(h Sul D - Su( )

To obtain a partial coherency, formula?) is computed by replacing its cross and auto
spectra, given by§;(f) (i,j = 1N), .by the minors produced by removittee i-th

row andj-th column from(1.3). Its absolute value ipCOH,, (f ) (Korzeniewska et al.,
2003) Another alternative ppwosed by Nolte et al. is using the imaginary part of
coherencyiCOH,, (f) instead of its absolute value since this component of coherency

is only sensitive to phase delays and volume conduction propagates almost instantly

(Nolte et al., 2004)These measures are commonly used in their squared forms.



1.1.2.3PHASE SYNCHRONIZATION

Another concept of functional connectivity can be found in metrics of phase
synchronization. The most common metrics foag# synchronization is the phase
locking which consists in the persistence of a near constant phase difference between

two variables over a time period aitgl simpledefinition for variablesX(t) and Y(t) is
Foe®) =[N () -m L] donstan, where j,(t) and j,(t) are the respective
unwrapped phases andandm are integergTass et al., 1998Phases can be computed
with the Hilbert or wavelet transforms (HT and WT respectively) of hzasted

componentg(Tass et al., 1998pr in specific frequency components using wavelet

coherencélLachaux et al., 2002)

1.1.2.AMUTUAL INFORMATION

Mutual information (MI) can beeen as a nehnear information theoretic alternative to
correlation, based in the Shannon entropy fi@&hannon and Weaver, 1949 this
context, it represents the extra information that is gained from one random variable, by

knowing the outcome of other random variable and can be compu{&ailsgr, 2002)

. p(, j) (14)
Ml =a Wi j)log ———"—

o i Py () Py ()
which is a discretized version ofehcontinuous definition of M[Schreiber, 2000)
Here, variable X(t) and Y(t) are partitioned intoM bins of finite size

X(i=L..M)Y, (j =,..M | and, the p,(i), p () and p(i, ) (respectively the
probability of X(t)=X;, the probabily of Y(t)=Y and the joint probability of
X=X NY() =Y)and are estimated by the fraction of points falling intoi #hebin

of X, the j-th bin of Y and the in their intersection, respectively. The base of the
logarithm in (1.4) determines how information is measured (base would measure
information in bits) and the natural logarithm is commonly used. Fiof) i is evident

that when there is no relationship between these variables the joint probability in the
numerator rduces to the product between the individual probabilities and Ml is zero.
The former technique is usually referred as the naive histogram approximation to the
continuous definition; it converges to the continuous definition when the number of
variable samies tends to infinity and theize of all bins tend® zero. However, more
accurate discretization can be achieved by adaptively partitioning the data like the
method proposed by Kraskd@kKraskov et al., 2004ihat usek-nearest neighbokiin)



statistics to determine the partitioning scheme and results ier lagiproximations in
variables with fewer samples. Similarly to partial crosgelation, a partial Ml can also

be computed that removes the effects common to a set of controlling va(figlesel

and Pompe, 2008nd it has been shown that for Gaussian variables, Ml is proportional

to crosscorrelation(Barnett, 2009)

1.1.2.5FUNCTIONAL SEGREGATI®

Functional networks containing a large number of nodes can then be constructed by
using the former techques to infer all functional connections between variables
(Honey et al.,, 2007)put also with dimension reducth techniques, that identify
functionally segregated variables, like principal component analysis (Xbay et al.,
2009a) independent component analysis (IO®e Luca et al., 2006)selforganized
maps(Liao et al., 2008pr canonical correlation analygiBelews and Hulle, 2009)

1.1.3. DIRECTED FUNCTIONAL C ONNECTIVITY

Inferring causal relations from data is a problem that has mobilized scientists, engineers,
statisticians, econometricians and philosophers for centuries and consequently has been
approached from varieuyperspective@earl, 1999)In neuroscience, there are two main
avenues for causal inference: dynamic causal modeling (C¥ENéton et al., 2003nd
Granger causality (GQ)Granger, 1969)Over the years both approaches have evolved
and became increasingly adapted to deal with the challenges posed by d¢hendiff
types of neuronal data, with the development of sophisticated refinements but also, as a
response to critical comments and claims raised by the contenders for DCM and GC
(Friston et al., 2013; Lohmann et al., 2013, 2012; Smith et al., 2012, 2010; Sola, 2007)

Although this thesis focuses only in GC metrics, a brief summary of DCM fallows

Shortly, DCM interprets the brain as a deterministic nonlinear dynamic system that
receives inputs and produces outpiEiston et al., 2003) It is used to test
preconceived hypothesis and its results are specific to the tasks and stimuli used in the
experimental design. Henae, its basicform, it is not an explorative procedure but a
Bayesian model comparison procedure that tel$tinct generative data models.
Generally, it consists in models of interacting nodes (hidden neuronal states)
supplemented with a forward model of how the hidden states produce measured signal.
Effective canectivity is parameterized in the coupling between unobserved hidden

states. Depending on the observed data, DCM can assume specific configurations. For



example, for functional MRI (fMRI), DCM uses a network of bilinear differential
equations of neural dymics for the hidden states and a hemodynamic model that
describes the transformation of neuronal activity into bloxghenlevel dependent
(BOLD) responses(K. Friston, 2009) In case of evoked responses in EEG or
magnetoencephalography (MEG) DCM can use more biophysically realistic
representations of the hidden neuronal states such as neural mass(Daddi€t al.,
2006) More recently a stochastic extension of DCM has been deve{Daethizeau et

al., 2009)as well different approaches to perform explorative D(viston et al.,
2014b, 2011; Pyka et al., 201The concept of GC has alsoeberecently introduced in
DCM framework(Friston et al., 2014a, 2014b)

Friston argues thddCM is a measure of effective awectivity because the reasoning
behind its paradigm is to estimate the coupling among unobserved brain, digites
perturbing a physical system and measuring its respémnston et al., 2003and GC
metrics are a measure of directed functional connectbgtiause théheir principle is
to constrain the parameterization of statisticaletelgncies by preventing neausal
dependenciegFriston et al., 2014a)ndeed, i is an appropriate distinction since CG
metrics are datdriven exploratory and measure information flowhile DCM is
modetdriven confirmatory, relying on the comparison of how well different

hypothesized models perform compared to the observed\tdtlesSosa et al., 2011)

1.1.3.1PARAMETRIC FORMULATI®S

GC is based on the notion thla¢causecause must precedss effects, it must also

improve their predictionlts concept was contemplated by Wie(Mfiener, 1956)and

formalized by Grange(Granger, 1969)n the context of linear vector autoregressive

(VAR) models of stochastic tirageries variables. It states that if the prediction of a

certain timeseries variablé&(t) is improved by the knowledge of the past of aosec
time-seriesY(t), thenY(t) has a causal influence of{t). Granger’' s formal.
the GC index (GCI) t hat measur eserieshye direc
guantifying the prediction improvement in terms of reduction of the regression error

terms variance. This requires the estimation of a resticf AR model(1.5) that only

looks at the past oX(t) and an unrestricted MVAR mod§£l.6) that also includes the

past ofY(t):



X(0=8 Ao, X( ) E(D (15
X(t):é Ao, i X(1 -]) :a'&v,jY(t y EM (16)

wherep is the model order. ¥(t) addsrelevant informaiton for the prediction ok(t),
then the prediction errbrsariance of the unrestricted model is smaller than that of the

restricted model anthefollowing value is positivesoY(t) i s s-aadX@®bd “ G
cal, , =InRE) (1.7)
var(E )

This has ben the approach predominantly followed in the context of neuroimaging
applications, although nonlinear extensions of the GCI have also been developed, for
instance using radial basis functions instead of linear regression nfddetma et al.,

2004) and were later gendized with kernel method@varinazzo et al., 2008)

GCI can be generalized to the multivariate case (paireoseitionat GC) by testing

the causality of two variables conditional on an additional subset of variables, in order

to distinguish between direahdindirect causalretai ons (or asprimaual |y
f a cdausdlities). The implementation of conditional GCI is based on the variance
reduction of the prediction error when accounting¥i)y, when the subsei(t) is added

to the regression model (Geweke, 1984). Thhe restricted and unrestricted MVAR

models for conditional GCI given by:

X(0=8 Ao, X(t ) BAZ( ) EO 19
X058 A, X(E-) BALNE b B Z(t ) ED (19

where the autoregressive (AR) coefficients for the influenc& (©f to X(t) are in
matricial form since this $1set can have more than one varial§l&(t) helps predicting
X(t) while takingZ(t) into consideration, then the following value is positive (il is
s ai d -ctaau X(®CGonditional taZ(t):

! pairwiseconditional analysis refers to a causality test between pairs of variables, condlitorthe
remaining variables in a multivariate dataset. Painaisalysis consists in a causality test only between
pairs of variables in a bivariate or multivariate dataset. In an analogy with functional connectivity,
pairwiseconditional analyses relat® partial crossorrelations while pairwise analyses relate to
correlations. Throughout this document both pairvaésaditional and conditional terms refer to the same
concept.



var(g)

GCly. 4z =In V)

(1.10)

Statistical validatiorof a causal relatioly Y Xcan be accomplished with ant&st on
the null hypothesis that all the valugsy; (i= { 1 p}).(wherep is the model order) are
zero(Seth, 201Q)After applying Bonferroni correction for multiple observations to this
test (in this case the model orgecorresponds to the number ofsalvations), causal

influence is detected if alxy; arejointly and significantly different from zero.

An important spectral decomposition of GC was proposed by Geweke in 1982, usually
known as Ge we KGeweke, 10&2)THis@&@mposition is additive in the
sense that the sum of all spectral GGC components from zero to the Nyquist frequency
is equal to the GCI. In thiformulation, the causal influence at a given frequency range
depends on the ratio between the total and intrinsic power, which can only be computed
if the total power is amenable to decomposition into an intrinsic and a causal part. This

can be achievedith the coefficient matrix from the following MVAR model:

P p
TX(O=8 Ag, X(t-) BAy Yt b Ed)
i ::1 :)* (1.11)
1|Y(t)=é. Ax i X(t-D) A, Mt } EH
i=1 I3
and by Fourier transforming the MVAR components by:
(1.12)

A()=1 -AA (e

j=1
wherel is the identity matrix. This is followed by the computation ofttia@sfer matrix
H(f)=A(f)! and the CSDM S(f)=H(f)E H(f), where * denotes complex
conjugate and matrix transpose #ht the covariance matrix of the model error terms.
Then he GGC influence of variabl¥(t) on variableX(t) can then be computed as a

function of frequency.

GGC,. , (f)=In Sulh

Su(D- % 5 B 49

The intrinsic spectral power of the variabt) in the deominator is obtained by

subtracting the causal part from the total spectral poWehere are more than two

10



variables in the dataset, for instance the subggtfrom (1.8) and (.9), formula 1.13)
is not valid because the denominator does not exelysreflect the intrinsic power any
longer. Therefore, GeweK&eweke, 1984proposed a different method to implement

the pairwiseconditional analysis with two MVAR models assumthg equivalence:

Rz (F)=Fy o(f)

AX(f) 538G (f) Gy (f) oQkf) 60
(1) 2. () G, () LOF) EiéQ(n 6 Qi) Quf) Qf) EXH
AX(f) 6 Ha(f) Ho(f) Ho(f) Eq8 i 3§ N Q(h Q4N BE (114
J(h) 2 HR(H HMH H(H EFEIRM 2 oD Quh Qh B&AF
&(f) € HE() M, (f) Hu(f) EAEFY O

The spectrum of © can be computed by:

S(N=QUNELQ( X+ .0Q) £, E)Q+f) LLD (1.15)

where * denotes complex conjugate and i s t he covariance matr.i
model error terms in1(14). GGC can now be computed as the ratio of total power to

intrinsic power:

_ [So( )
K. X|Z(f) F\ﬂ/- Q(f) #n ‘Qn(f)SnQ*n( f)‘ (116)

Prior to (L.14) both matrice& andH of the MVAR models must be normalized so that
(1.16) produces a separation of intrinsic and causal power in the denominator similar to
(1.13). Refer tdChen et al., 2006pr multivariae X(t) andY(t), for more details on the
aforementioned normalization procedure and for improvements that solve the problem

of meaningless negative values inherent to the use of two MVAR models.

Other spectral multivariate approaches with valid causasitynates(Eichler, 2006;
Schelter et al., 2006)Iso exist such as theirectedtransferfunction (DTF)( Ka mi A s k i
et al., 2001)pr thepartial directedcoherence (PDC)Baccala and Sameshima, 2001)

DTF uses the coefficients in matrbt(f) to measure the inflow in one target variable

from another driver variablg relative to all inflows present at this target. Its squared

version is compd as:

11
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DTF_  (f)=————
a ,[Hi (f)

(1.17)

On the other hand, PDC uses the coefficients mak(ik) to measure the outflow from

one driverj to another target, relative to all the outflows at the driver. Its squared

version is comped as:

A

PDCzj_i(f):__ — .
a A

(1.18)

However, DTF does not distinguish direct from indirect causal effects; a modification is
required for it to be sensitive to direct flows only. Korzeniewska et al. developed a full
frequency DTF, similar to the oiigal metric but relative to all frequencies of the
inflows, and by multiplying it by the pCOH produces the direct DTF (dDTF) which
only detects direct flowgKorzeniewska et al., 2003PDC has also suffered several
improvements since its inception. A reformulated metric termed generalized PDC
(gPDC) has been proposed by its autt{Bccala et al., 200Fyhich makes this metric
invariant to scaling factors in theariables. Two additional modificationaere
proposed by A. Omidvarnig@midvarnia et al., 2014br increased resilience to volume
corduction: the orthogonalized PDC (oPDC) and the generalized oPDC. There is also
an alternative gPDC that, similarly to DTF, measuresadinflow from a driver to a
target, relative to all the inflows in the targand is referred to as rewise gPDC
(Plomp et al., 2014)

These frequency domain metrics have been defined as ratiosehetine causal and
total power, obetween the causal influence (measuredAgy) or H(f)) and all the
incoming influences at the target or all the outgoing influences from the driver. Due to
these ratios, frequencies with small spectral power can still have high estimated causal
influences (Plomp et al., 2014; van Mierlo et al., 2018pectral weighting proped by
Plomp(Plomp et al., 2014fackles this issue by multiplying the causal matrices, at each
time and frequency bin, by the corresponding normalized-spgotrum of the driver

variable.

All the previously described GC techniques were computed from strictly causal MVAR

models in the sense that thesaly models lagged effects. However, zéag
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correlations may exist between the variables agdot accounting them in the model,
its residuals myp become correlated, resulting in a rdingonal 2. While this is not
problematic for GGC since it accounts for the-ditigonal terms ir¢, other metrics
based in PDC may be affecté@aes and Nollo, 2010There are two ways to address
this problem: by estimating an extended MVAR (eMVWARodel { = 0p) that
reflects the instantaneous correlations in the coefficientg ef O or, by extending
existing MVAR models as suggested(fraes and Nollo, 2010With any of the two
strategies, it is possible to compute the pulafjged causality metrics by accounting
only for the lagged parametelisf 1 p) af,the eMVAR model§Deshpande et al.,
2010; Faes and Nollo, 2010)

Time-varying (TV) regression coefficients provide a way to model -stationary
signals with intermittent interactions that would have been disregandedhe former
time-invariant parametric modeling.o computethe former metricat each timestep,

different paths can be taken to estim#te necessaryV coefficients and residuals
covariance matrix, from sliding windows analysis to Kalman fil{&stolfi et al., 2008;
Luo et al., 2013a; Omidvarnia et al., 2014)

The statistical distribution of thiermer spectral metrics is not definadd as a result

their gatistical significanceneeds to bassessed using surrogate meth@kth, 2010Q)

A null population has to be created using the origiiaa for which the causal
relationship between thsurrogate datas removedwhile preservingtheir time and
spectral distributions. This null hypothesis tested with a ortiled test, the
connection being deemed significant if the measure falls above a chosen percentile of
the null distributionCommon methodfor surrogate generation usually congisphase
randomization and correlation nullificatidoetweerthe original timeseries(Baccala et

al., 2006)using Fourier transformed surrogatégheiler et al., 1992)pr amplitude
adjusted Fourier transformed (AAFT) surrogdtecheiber and Schmitz, 1996)

1.1.3.2NON-PARAMETRIC FORMULATNS
VAR modeling has been presented asptacedure to obtain the AR parametééf ),

transfer functionH(f) and noise covariancé matrix necessary for the GC metrics
however, anonparametric(NP) approach can also be used to compute tmegeces
(Dhamala et al., 2008)'he parametric approach is effective for data modeled by low

order AR processes but may fail to capture complex spectral features in datauinat req
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higher order AR model@Vitra, 1999) The model order that provides the most accurate
fit must be obtained, usually with the Bayesian infororatriterion (BIC)(Schwarz,
1978)or the Akaike information criterion (AIQAkaike, 1974a)NP approaches avoids
these AR parameterizations by performing spectral matrix factorization under the
constraint that its spectral factors are minimpinase filter{Dhamala et al., 2008The

first method, by Dhamalg§Dhamala et al., 2008)uses the Wilsourg algorithm

(Wilson, 1972)for spectral factorizationf a CSDM S(f)=q(f) d(f) into a unique
set of minimum phase functiong](f)=§ E:o A€E“’" that have a Fourier series

expansion in nonnegative powersedf By extractingA, from q(f) the computation
of the covariance matrix of the residuals and the transfer function translates into
E= A Aand H(f)=q(f) A" respectively.Recenty, Barnett and Seth proposed a

more efficient and accurate spectral factorization techn{@aenett and Seth, 2014)
that consists in obtaining an autocovariance sequence $8@mn computing the
regression coefficientA and residual covariandgé matrices fom this autocovariance
sequence by solving the YuWalker equations, and finally computing the transfer
matrix H(f). The CSDM $(f) can be computed with the FT for a thimwariant causality
measurefor stationary data rowith the WT for TV causalityfor stationary and nen
stationary datéDhamala et al., 2008\l the metrics and procedures introduced for the

parametric formulations can now be compuisthgthese matrices.

The concept of transfer entropy (TE) was propqSshreiber, 20003s an information
theoretic NP measure of information transfer between two variables. Its original
formulationis based on Shannon entropy, but the TE from the driver to target can also
be interpreted as the average MI between the previous state of the driver and a future
state of thetarget conditioned ort a r gpast stateglLizier et al., 2011) These past
states (1.19) are constructed by delay embeddiifakens, 1981)with specific
embedding delayJand embedding dimensiath estimated by the Ragwitz criterion
(Ragwitz and Kantz, 2002)

X4) =(X(®), X(t £), X(t 2 ¥...,X(t (d 1)) (1.19)

The original femulation for TE can be computéar two variablegSchreiber, Q00)
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TE,. «= &  p(X(t )X ()Y (1)log p(X(t+ W)X (.Y (1)

1.20
X ()X ¢ p(X(t+ W)X (9) (29

For more than two variables, a partial TE (pairagsaditiond) can be obtained if the
statespace(SS)representations of the conditioning variables are taken into account in
each probability functiorfVakorin et al., 2009)Comparably to Mlkernel estimaon

based inknn statisticscan be used to handle continuous data with few observations
(Kraskov et al., 2004and, for Gaussian variables, TE is equivalent to (B&rnett,

2009) Statistical validation of TE measures also requires the use of the surrogate
methods presented for spectral parametric formulations. Hownepeservation of

the original timeseries ‘intensity histograms only guaranteed by the AAFT method
and this is an important asset fOE sinceit leavesthe individual probabilities used in

its calculation unaltered, therebyavoiding changesin the conditional and joint

probabilities

The phas slope index (PSI) is another NP metric that is based on the average phase

coherency slope over a frequency band between two vari@iddte et al., 2008)Its
mathematical formulation PSI_; (f )= Aga fI,FCU.* (fF)G (f &f) is based on

coherency where, U frepresents frequency resolution aRdthe frequency band of
interest. This measure is then normalized by an estimate of the standard deviation using
the jackknife methodndabsolute values above 2 are considered signififdolte et

al., 2008) The use of the imaginary part of coherency allows this metric to be resilient
to mixtures of nofnteracting sources, like volume conduction, resulting in a potential
lower number of false positives when compared @ (Molte et al., 2010)Nolte has
proposed PSI for ordinary coherensyg a partial formulation, conditional on a subset of
variables, did not exist untflvang, 2011that used partial coherency and DTF instead

ordinary coherency.

1.1.3.3PAIRWISE PAIRWISECONDITIONAL AND PARIALLY CONDITIONED AMLYSES

Until now, all metrics have been presented in their pairwise and paioeisditional
forms. Pairwise analysis infers causality between a pair of variables (from a driver to a
target), without accounting for additional conditioning variablesa multivariate
dataset Pairwiseconditional analysis infers causality between a driver and a target
variable, conditional to the remaining dataset or to a subset of conditioning variables.

The latter has the advantage of being able to distinguish between direct or mediated
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cauwsal relations, which is not possible with pairwise analysis, but requires the modeling
the entire multivariate dataset which can lead to computational and numerical problems
if few samples are availabl@larinazzo et al., 2012)furthermore, the sensitivity of
pairwiseconditional analysis can be reduced bgiundancy effects thatcur when the

driver variable is highly correlated or synchronized with a subset of conditioning
variables(Stramaglia et al., 2014bJo tackle the problem of an oversized conditignin
dataset Marinazzo proposed a partial conditioning analysis of GC with a smaller subset
of variables that share the most of their information (measured with MI) with the driver
variable (Marinazzo et al., 2012)To avoid false negatives due to redundancy effects
Stramaglia suggested combining pairwtemdiional analysis with pairwise analysis
(which is not affected by redundancy since it only infers causality between a pair of
variables) with an algorithm that is able to select only the direct causal relations from
the pairwise analysis and use them to clemgnt the pairwise€onditional analysis
(Stramaglia et al., 2014b)n this thesis this strategy was not adopted since it was
published recently, when most studies presented here were already completed.

1.2. DIRECTED FUNCTIONAL CONN ECTIVITY IN FUNCTION AL

IMAGING

Functional imaging is the study of human brain function with data acquired using brain

imaging modalities such as fMRI, EEG, electrocorticography (ECoG), MEG, positron

emission tomography (PET) or optidataging. SearchirfgPubMed Centr& (PMC)

for articles with *‘connectivity’” and each ¢
abstracts or titles results in the following total number of published works: 1467 for

fMRI, 299 for EEG, 21 for ECoG, 12%i1f MEG, 81 for PET and 20 for optical

imaging. Clearly, fMRI and EEG stand out as the most popular functional imaging
modalities used in connectivity studies indexed by PMC. Seth compiled the most
relevant milestones in the development and application @ft@&functional imaging

data(Seth et al., 2015vhich are depicted iRigurel.2.

2 performed in 0403-2015 using the formulary &ttp://www.ncbi.nlm.nih.gov/mc/advanced
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GC applied within a

GC shown to be
invariant to
hemodynamic
convolution given
fast sampling and
low noise [12].

Pairwise GCl applied state-space GC from dorsal to
to BOLD time-series framework ventral attention
Pairwise GCl is GCl estimated with revelas top-down incorporating explicit network predicts
applied to BOLD sparse MVAR of influences during observation equations behavioural
time-series from BOLD time-series human visual for hemodynamics performance [11].
ROlIs [3]. from ROIs [5]. attention [7]. [10].

1999/

Pairwise GGC Pairwise GGC of LFPs from GGC of monkey data shows top-down

applied to local-field dif:éfitengrill‘::}ffiere:eez:c NP GGC with FT and WT and bottom-up information flow in
potentials (LFPs) q Y introduced and validated on distinct frequency bands, validated by

recorded from cat Interactions in ? large scale monkey LFP data [8]. microstimulation and pharmacological
network during motor
blockade [13].

behaviour [4].

visual cortex [1].

Time-varying MVAR modeling (moving GCl validated on Equivalence shown
windows) applied to multichannel event-related electrophysiological data from between GC and TE
potentials, showing rapidly changing cortical rats after deconvolution of for Gaussian data

dynamics during visuomotor integration [2]. hemodynamics [6]. [9].

Figure 1.2: Timeline of relevant milestones in the development and application ofoGiGnctional
imaging dataBlue boxes refer to fMRI studies, orange boxes to electrophysiological studies and green
boxes show theoretical/modaiiradvancesThe embedded references are: [Bernasconi and Konig,
1999) [2], (Ding et al., 200Q)[3], (Goebel et al., 2003]4], (Brovelli et al., 2004)[5], (ValdésSosa et

al., 2005) [6], (David et al., 2008)[7], (Bressler et al., 2008B], (Dhamala et al., 2008]9], (Barnett,

2009) [10], (Roebroeck et al., 2011c)11], (Wen et al., 2012)[12], (Seth et al., 2013)[13], (van
Kerkoerleet al., 2014)Adapted from(Seth et al., 2015)

1.2.1. FUNCTIONAL MAGNETIC R ESONANCE IMA GING

In order to metabolize glucoser energy the brain requires oxygen which is supplied

by the hemoglobin in the bloodstream. It is known that localized neural activity results
in a rapid increaseni blood flow to that area and that the magnetic properties of
hemoglobin depended on the amount of oxygen it car@&ygenated hemoglobin, or
oxyhemoglobin (HbO), is a diamagnetic metalloprotein while deoxygenated
hemoglobin, or deoxyhemoglobin (HbR), aramagnetic. Neuronal activity is
immediately followed by a small increase in oxygen extraction from the kAoadd
succeeded by a much larger and slower increase in cerebral blood flow. This incoming
blood flow is also richer in HbO. The presence of HbRa blood vessel causes a
susceptibilityinduced field distortion, different from its surrounding tissue, leading to a

| ocalized faster dephasi n(ghulbofnettalh 8982ndot on’ s
a consequent reduction in the relaxation time T2* producing a darker i(@agsva

and Lee, 1990)Because HbO is diamagnetit does not produce the same dephasing.
Hence, T2* weighted images are what enables fMRI to measure changes of oxygenation
in the blood: a lower signal implies a higher concentration of HbR than HbO while a
higher signal implies a higher concentration HifO than HbR. Because neuronal
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activity elicits a substantial supply of oxygenated blood, a substantial increase in signal

in the corresponding voxel is also expected. This signal is the BOLBstnnes.

The application of GC to BOLD timseries was intduced byGoebel(Goebel et al.,
2003) by inferring causal relations beten ROIs using the GCI metric applied in
pairwise fashion. This study was based in the initial assumption that the slow temporal
dynamics of the BOLD timseries would not allow GCI to reveal the underlying
neuronal interactions but would contain sufficiéemporal information to determine
directed influences based on temporal precedenceedsts suggested that the BOLD
time-series could allow the identification of temporal dependencies between ROIls

involved in complex cognitive tasks or fMRI mentat@hometry paradigms.

However, the use of GC metrics with fMRI data has triggered a number of controversies
in the last years, not only due to its inhergiotv temporal dynamics and low sigtial

noise ratio (SNR) but also due to hemodynang@avid, 2011; David et al., 2008;
Roebroeck et al., 2005; Seth et ab13; Smith et al., 2010Yhis mainly concerns the
detrimental effect that the long delay between neuronal activity and the peak of the
vascular response (time to peak) and its eventuatiatgonal variability(Handwerker

et al., 2004)can have in GC estimation. Although the debate is still unresolved, Seth
provided an elucidating analysis of this problem by proving the invariance of GC to

hemodynamic variability under specific settings.

In addition,recent neuroimaging studies, focused on the resting state brain functioning,
have shown that an organized baseline level of activity is present in resting periods and
is suppressed during goal oriented mental activiigansson, 2005)These resting
state networks (RSNSs), usually aotirrelated with sensory related netwofRsan et

al., 2007) can be detected in the resting brain with probabilistic ICA as low frequency
componentgDe Luca et al., 2006 hese networkbhave beemssociated with stimulus
independent or taslnrelated thoughfMason et al., 2007)episodic memory, memory
consolidation or selfelated processe@Jddin et al., 2009)and one of these RSNs
matches the Default Mode Network (DMN) previously described based on PET studies
(Raichle et al., 2001) There ha been a substantial amount of interest in the
neuroimaging community in inferring causal relatibbesweerRSNs(Deshpande et al.,
2011; Liao et al., 2010a; Stevens et al., 2009; Uddin et al., 266&n a technical

standpoint, it is also a favorable situation since the number of variables is considerably
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reduced, the effect of physiological and scanr@senis mitigated to some extent and
the RSNs time courses are attirrelated which suggests that the eventual causal

relation’s | atency i s amenable to be detect

In the clinical context, fMRI data has beewidely used for directedfunctional

connectivity analysis in studider epilepsy(Luo et al., 2010; Szaflarski et al., 2010;

Tana et al., 2012)schizophreniaDemirci et al., 2009) autism spectrum disorder

(McKay et al., 2012) Al z h e i m@d Jacsobs @tiak, 22 Bliao et al., 2Q11)

mild cognitive impairmen{Z. Liu et al., 2012) anxiety disorde(Liao et al., 2010h)
attentiondeficit/hyperactivity disorde(Petersonteal., 2009) Par ki ns@®@wm’ s di s e
et al., 2012)hepatic encephalopati{@i et al., 2013) pain relief(Zhong et al., 2012)
neurofeedback therapiLee et al., 2012and language processiiBark et al., 2009)

Directed functional connectivity analgshas thus proved its applicability in clinical

research contexts despite the above mentioned limitations

1.2.2. ELECTROENCEPHALOGRAPH Y

EEG is a recording of the brain activity as electric potential differences between pairs of
scalp electrodes. There are diéfiet possible electrode montages for the recording and
the reference electrodes. The most popular are the referential montages (fixed reference
electrode), bipolar montages (difference between pairs of adjacent electrodes) and
average reference (differencketween recording electrode and average of all
electrodes). The brain activity reflected in the potential differences is mostly a result of
the propagation of volume currents from excitatory postsynaptic potentials of apical
dendrites of synchronized pdptions of cortical pyramidal cells through the
cerebrospinal fluid, skull and sca(unez and Srinivasan, 2005Fortical synaptic
action generates electrical signals that change in the 10 tons0@nge and EEG,
contrarily to fMRI, has sufficient temporal resolution to follow these dynamics. On the
downside, its spatial resolution is low when compared to fMRI due to the volume
conduction of spatially distributed current sources thad up in each recording
electrode. Neverthelest)ere are several strategies to improve spatial resolution or to
obtain source localization from simple techniques like the surface Laplacian to more

elaborate and precise on@®o and Dewald, 2005)

Recently the authors of the DTF metric disclosedrtbpinion on these prprocessing

strategies prior to the application of directed functional connectidgminski and
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Blinowska, 2014) They argue and demonstrate that, since some metrics likeaBd' F

its phaserelated counterparts are immune to volume conduction, th@rpoessing
procedures such as prdjens on the cortex surface, Laplace transform or ICA are not
necessary and can actually hamper causality inference by influencing the correlation
between signals and disturbing theiaph relations. Hence, data ym®cessing should

be limited to detrendg, demeaning, division by the variance and digital filtering
without disturbing phase relations (forward and backward filtering). The authors also
advise in favor of the referential montage and against common average or bipolar

references.

Clinical applcations of directed functional connectivity with EEG datasets are mostly
related to epilepsy, more specifically, the identification of the epileptogenic focus
(Cadotte et al., 2010; Chéavez et al., 2003b; Epstein et al., 2014; Gow et al., 2009;
Sitnikova et al., 2008; Sysoeva et al., 2014; van Mierlo et al., 2014, 2013; Wilke et al.,
2009) However Al z hei mdDauwels ahd Yiaattes 8009; Dauwels et al.,
2011, 2010pnd anesthesi@arrett et al., 2012; Nicolaou et al., 201ve also been
studied with these techniques.

1.3. DIRECTED FUNCTIONAL C ONNECTIVITY STUDIES IN THIS

THESIS

The following subsections provide a brief description of each work package that
constitutes this thesi€omputer procedures haleendeveloped for all work packages,
consiging in novel implementations or adaptations of existing software, which resulted
in a directed functional connectivity open sourgellbox for Matlab®,availableonline

at http://braincausality.fc.ul.pt/

1.3.1. SYNTHETIC NEURONAL DA TASETS FOR BENCHMARK ING DIREC TED

FUNCTIONAL CONNECTIV ITY METRICS
Datasets consisting of synthetic neural data generated with quantifiable and controlled
parameters are a valuable asset in the process of testing and validating directed
connectivity metrics. Generative models often usedtudies that simulate neuronal
activity, with the aim of gaining insight into specific brain regions and functions, have

different requirements from the generative models for benchmarking datasets. Even
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though the latter must be realistic, there isadéoff between realism and computational
demand that needs to be contemplated and simulations that efficiently mimic the real
behavior of single neurons or neuronal populations are preferred, instead of more
cumbersome and marginally precise ones. Thezefdhapter 2 addresses two main
points: how simple generative models are able to produce neuronal datasets for
benchmarking purposes that reflect the imposed causality and, how forward models can
be used with the resulting data to obtain synthetic recgsdof EEG and fMRI BOLD.

The generative models covered here are AR processes, neural mass models consisting
of linear and no#linear stochastic differential equations and populations with thousands
of spiking units. Forward models for EEG consist in timepte threeshell head model

while fMRI BOLD is modeled with the BalloeWindkessel (BW) model or by
convolution with a hemodynamic response function. The simulated datasets are tested

for causality with GGC.

1.3.2. FUNCTIONAL DIRECTED C ONNECTIVITY APPLIED TO FMRI: A SIMULATION

STUDY HIGHLIGHTING D EPENDENCE ON EXPERIMENTAL PARAMETERS AND

FORMULATION
Although several studies have previously assessed the performance of functional
directed connectivity metrics in fMRI, their validity in different conditions remains
unclear. InChapter 3, several metrics are tested and benchmarked using simulated
fMRI data, conceived to reflect a broad range of different situations with practical
interest. The main goal is twlold: 1) to provide a thorough overview of functional
direded connectivity metrics, and 2) to assess their performancespetific
experimental conditionsthereby providing guidance for futumirected functional
connectivity studies involving fMRI. This work explores wkiown metricsand
covers existing impnements and alternative formulations. Benchmarking consists in
identifying causal relations in local field potential (LFP) networks that have their output
convolved with a canonical hemodynamic response function (HRF) with varying node
number, topology, agpling strength, neuronal delayme of repdition (TR), SNR and
HRF variability. In a first set of simulations, all possible combinations of discretized
values of the previous variables are covered, for networks with 2 and 3 nodes. Measures
of accuracysensitivity, specificity and minimum identifiable neuronal lag are used. The
second set of simulations teshetworks with a varying number of nodes and link

density under three scenarios of experimental parameters: a worst case, realistic case
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and best cge. Measures of accuracy, sensitivity, specificity and network complexity are

used.

1.3.3. NON-PARAMETRIC GRANGER CAUSALITY WIT H THE HILBERT HUANG

TRANSFORM
Current measures of causality and temporal precedence have limited frequency and time
resolution and thefere may not be viable in the detection of short periods of causality
in specific frequencies. In addition, the presence of-stationarities hinders the
causality estimation of current techniques as they are based on FTs or VAR model
estimation.Chapter 4 presents a combination of techniques to measure causality and
temporal precedence between stationary andstetionary timeseries, sensitive to
frequency specific short episodes of causality. This methodology aims at providing a
highly informative timefrequency representation of causality with existing directed
functional connectivity metrics. This is done by decomposing eachskmes into
intrinsic oscillatory modes with an empirical mode decomposition (EMD) algorithm
and, subsequently, calculatitigeir complex Hilbert Spectrum (HS). At each time point
the crossspectrum is computed between tiseries and used to measure coherency and
compute the transfer function and error covariance matrices with \ABisn method
for spectral factorization. ehimaginary part of coherency and any GC metric can then
be computed. This work covers the most important theoretical background of these
techniques and tries to prove the usefulness of this new approach while pointing out

some of its qualities and drawlkac

1.3.4. CAUSAL INFERENCE IN N EURONAL TIME -SERIES USING ADAPTIVE

DECOMPOSITION
Current directed functional connectivity methods aim at discriminating causal effects
both in the time and frequency doma@hapter 5 investigates the effect of adaptive
data analyis on the GC framework by combining EMD and causal analysis of neuronal
signals. EMD decomposes data into simple amplitude and phase modulated oscillatory
modes, the intrinsic mode functions (IMFs), from which it is possible to compute their
instantaneoudrequencies (IFs). This work presents a strategy where causality is
estimated between IMFs with comparable IFs, in a statid\orprocedure, with
improved frequency localization due to the allocation of the causal strength in the
frequencies corresponding the IF of the driving IMF. A thorough simulation
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benchmark with realistically simulated datasets is used involving 100 possible
combinations of EMD algorithms and causality metrics. A selected set of EMD
algorithms and metrics are then chosen for en&rinalysis with stationary and non
stationary synthetic data and in another benchmark with intracranial recordings of rat
LFPs (with known dynamic properties) during whisker stimulation. This study aims at
presenting empirical evidence that proves thdap#ive data analysis is a fruitful
addition to the existing causal framework.

1.3.5. CAUSAL ANALYSIS IN A CASE OF INFANTI LE SPASMS PRESENTINGICTAL HIGH -
FREQUENCY OSCILLATIO NS RECORDED WITH PRE-SURGICAL
ELECTROCORTICOGRAPHY

Chapter 6 consiss in a complementarystudy using pre-surgical ECoG data from an

infant that had beenliagnosed aa symptomatic case of infantile spasms at Hospital

Julio de Matos. This chilthad presented myoclonic jerks and arrested psyuolotor

development and wasvaluated witfMRI and FET scan imagingThe latter identified

left hypo metabolisnthat together with videdeEG, lead to the decision of resective

surgery in theosteriorleft hemisphere. Thelinical identificationof the epileptic focus

consisted in the presence ldfh frequency oscillations (HFOY60-80 Hz)in the pre
surgical ECoG recordingdowever, he first surgical procedure was unsuccessful to
eliminate the epileptic spams which reappeared after 4 manthéeado the decision

of performing a left hemispherectomiw. this work, the ECoG data during spams is re

analyzed with directed functional connectivity metrics estimated with-itiwesriant

andTV-MVAR models. A metric of causal influence is also proposed for both analyses
that aims at identifying the seizwomset zone (SOZ) with the information obtained
from theGC metrics. Overall, this work presents a series of methods, from thresholding
algorithms to timerequency GC metrics thatrovide a way to interprethe seizure

dynamics in the viewpoint of directednictional connectivity.
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2.SYNTHETIC NEURONAL DA TASETS FOR
BENCHMARKING DIRECTE D FUNCTIONAL
CONNECTIVITY METRICS

2.1. INTRODUCTION

The field of brain research that studies connectivity relies in an ever evolving array of
methods that aim at finding directed ondirected connectivity links from recorded
neuronal datasets whicim turn, pose different challenges such as having nonlinear
relations, norstationary dynamics, low SNR, linear mixes or slow dynamics. Therefore,
most studies that introduce or discussinectivity metrics use not only redtabut

also simulated datasets for demonstration and validity purposes on controlled
environmers. These simulated datasets are obtained through generative models that
simulate the conception of neuronal activitke LFPs, with a certain degree of realism
and can be followed by forward biophysical modeling where LFPs are transformed into
other neuronal recording datasets like EBEG or fMRI BOLD, for example. With
these controlled simulations it is possibledolate the effect of certain parameters and

understand how directed connectivity metrics perform in a realistic range of values.

As far as directedlunctionalconnectivity is concerned, GC based metrics have been in

the center of several studies that dssad their plausibility in the analysis of fMRI

BOLD datasets due to the inherent low SNR, slow dynamics compared to neuronal

activity and confounding effects due to variable vascular latencies across brain regions
(Deshpande et al., 2009b; Rodrigues and Andrade, 2014; Seth et al., 2013; Smith et al.,

2010; ValdesSosa et al.,, 2011)Most of these studies used simulated datasets to
support their claims with genefdti vieeumoadel
(Smith et al., 2010) MVAR processes with real LFP@eshpande et al., 2009b;

Rodrigues and Andrade, 2014d0d colums of thousands of spiking uni(Seth et al.,

2013)and BOLD forward models consisting of linear operations or more biophysically

realistic models. Other problems such as the effect of volume conduction in directed
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connectivity has also been addressed with LFPs being modeled asdsrasd the

forward EEG model as a linear mix of different LKRaminski and Blinowska, 2014)

The objective of this work is to present and test the ability of popular generative and
forward models to produce synthetic neuronal datasets with modeled causal effects, to

be used as benchmarks.

2.2. METHODS

In this setion we succinctly present the methodological framework used in this study
from the modeling techniques to the connectivity metrics empldyigdre 2.1 depicts

the generative models to simulate LFPs and the farwendels for fMRI BOLD signals

and EEG signals. The ensuing subsections expand on each technique separately by
laying theoretical foundations, mentioning available software and explaining why these
simulations have been important in the development oinbcannectivity tools.
Although we present the generative model definitions in their general terms for any

given network, in this work simulations only encompass two nodes.

Local Field Potentials
generative models fMRI BOLD
FrT forward models
_____________ ?______________I | Repeattime | i SNR i
i Each macrocolumn is an AR i =y Canomca_l HRF | R I
i process with explicit spectral ! convolution
| density. ! Down- Add
ettt tetetelele ! Balloon- sampling noise
Time-delayed Ki,; Windkessel model
oscillators
| Each macrocolumn isa K, |
I set. 1
---------------------------- ' EEG forward
Phase-delayed oscillators del pemmmmmmmaes
I mode | Sampling i T,
! Each macrocolumnisasetof | | frequency ! i SNR
| Kuramoto oscillators each with E bo---- reoes ' T
i explicit natural frequencies. ! | | Three layer Down Add
____________________________ spherical head —> ' %l )
Izhikevich macrocolumns model sampliing noise
i— Columns with excitatory and i
i inhibitory spiking units (>=5k !
i each) |

Figure 2.1: Strategies used forysthetic neural data modeling.FPs are simulated by four distinct
generative models and the resulting tisggies can be used by EEG or BOLD forward models to produce
the respective signals.

26



Simul ations ran on a desktop -PRPEOOK&€RW i pped
@3.4GHz, 8 GB of RAM and an NVIDIA® GeForce® GTX 580 GPU with 3 GB
graphics memory. Simulations of Izhikevich columns ran on modified CUDA/C++
routines from CARLsim 2.QRichert et al.,, 2011pand used the parallel processing
capabilities of the GPU. The remaining generative and forward models were
implemented and ran in Matlab® and used only the CPU without any explicit
parallelization.

2.2.1. AUTOREGRESSIVE MODELI NG

AR modeling is the simplest and most straightforward method for simulating neuronal
datasets. By specifying the MVAR equations and parameters it is possible to simulate
datasets from networks with different number of nodes, tmpyolnoise, interaction

del ays and duration. Although it has been
function has a transfer function that resembles the transfer function of a simple
physiological model of EEG generati¢Blinowska and Franaszczuk, 198@s most
connectivity metrics are parametric, estimatmyMVAR model for datasets generated

by linear AR processes might not pose the required challenge expected when presenting
a novel connectivity metric. Nevertheless, this method has been used in many well
known works either standalone or as initial vdiida, followed by real neurobiological

or neuroimaging datasets. It has been used to demonstrate that PDC can correctly
identify the directed connectivity in multivariate datasets from elaborate networks with
reciprocal connections and interaction delayghwlifferent magnitudes and durations
(Baccala and Sameshim2001) Similarly, thed D T Fspesific sensitivity to directed
causal effects was also demonstrated with data from a MVAR model with unitary
delays between variabld&orzeniewska et al., 2003Equivalent models have been
used to further study metrics like DTEichler, 2006) improvements on spectral GC
(Chen et al., 2006pr demonstration of connectivity metrics in a vastly used toolbox
(Seth, 201Q)

MVAR models have also been key in data simulation for the still open dkette et

al., 2013; Smith et al., 2010; Vald8®sa et al., 20119oncerning the use of directed
connectivity metrics to assess causal influences from fMRI BOLD signals. Roebroeck
used synthetic data gentrd from a bidimensional firsiorder AR process as LFPs

which were later transformed into BOLD in which causality was assessed with GC for
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different experimental parametefiRoebroeck et al., 2005).ater, Schippers used the
same MVAR model to understand the effect of hemodynamic lag opposing the
interaction neuronal delay in group analy@shippers et al., 201Bnd Barnett used a
similar first order model to solve GC analytically after digital filteri(@arnett and

Seth, 2011)Other studies used MVAR models to study the effectiveness of GC applied
to cluster sets obtained witlA (Londei et al., 2006and PCA with partial canonical
correlation analysigSatoet al., 2010) Othes have used AR networks where real LFP
propagate according to predefined weights and delays to study the dependence of GC
metrics to experimental parametéBeshpande et al., 2009b; Rodrigues and Andrade,
2014)

A MVAR modd of order p can be represented by(t)=3 Jp:;l] Xt - D W)

where X(t) is the multivariate timeeries,t ; is the MVAR coefficient matrix for

time-lag j, p is the model orderD is the interaction delay matrix and(t)is the

innovation matrix consisting in independent white noise. With these parameters it is

possible to define all the network propertieentioned in thaforementionedtudies

Here, we also consider the possibility of definthg spectral peak frequency of the AR
process that generates the activity of each variable. Considering the AR model for

variable n, without accounting for intevariable interactions

x.(H)=a jpzjjxn(t -J) w (t) a spectral peak frequency can be identiffeithe model

is causal which requires all the roots of the AR polynomijgk) =1 -a jp:1 i 7 to be

outside the unit circle. As proved W¥iru, 2008) when the absolute value of the AR

coefficient for the timdag p is close to unity,V p‘o 1, the spectral peak frequencies

have approximately the same values as the arguments of the rodke AR
polynomial. Other properties, specially for models with 2, 3 can be found ifJiru,

2008) The posthility to manipulate the spectral peak frequencies of each variable in
the MVAR model adds up to the previous parameters so now it is possible to generate
synthetic data for a given number of variables with a known connectivity pattern
(reflected in thentervariable AR parameters distribution), interaction delays (reflected

in D), interaction strength (reflected in the inrt@riable AR parameters value), SNR

(reflected ins2) and peak frequency (reflected in the inteaiable paameters).

28



Although the intewvariable AR coefficients define the interaction strength between
variable, it is also possible to compute the required values for these parameters in order
to obtain a desired theoretical GC as don@arnett and Seth, 2011)his is done for

each variable pair by analytically deriving the expression for their theoretical GC value,
based in the MVAR coefficient matrix, transfer functiamdanoise covariance matrix,

and solving it for the intevariable coefficients.

For our simulations, a bivariate AR(2) model was created with variable 1 exerting

causal effect in variable 2 at a specific frequencywith variableintensity F,_, and

delay d,, following the expression:

X, (D=7 (X (t -2) £ DX, 1 w)

X0 =/ n@2Xo(t 2) DXt 1 HDX,E dy) Wit @D

Herew, andw,ar e t he model s uncorrel &Gaudsian zer o n

innovation processes. Causality was chosen to occur always in the gamma band, more
specifically at 33 Hz so, the AR parameters for variable 1 AR process were chosen so
the spectral peak occurs at this frequency. Following the relationship

w= ‘arccos(,, (D(4 (2) D/ (4,4 (2), between spectral peak frequency and AR

parameters found irfJiru, 2008)for AR(2) models,variable 1 parameters must be

/1, =1.337and/ ,,(2) = 0.9€ for a spectral peak to exist at 33 Hz.

The causal effect occurs due jo,(1). To establish a relationship between this

parameter and the consequ@cC value, GGC can be solved analytically for the model
(2.1) similarly to what occurs iBarnett and Seth, 2011$kipping intermediate steps
this results in:

& J 2(2)°

Fe. x, M) =INad +—F———&———
s ¢ /11(1) + /11(2) 2 :{1(1)003( Wlll(z) '1) 211 YZ)COS(Z )W

(2.2)

Solving @.2) for j ,,(1) allows an AR(2) model to be built with the desired causality.

Although LFPs simulation might seem redundant (GGC estimation from data modeled
with parameters obtained by the analgtisolution of the GGC formulation) this data is
helpful to analyze the effects of the forward EEG and BOLD models and to benchmark

or demonstrate other causality metrics. Varying theoretical causality is modeled (
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F. x, (83Hz)= [from O to 5 i steps of 0.5],d,, = 20mg) at 33 Hz for different
interaction delaysk, , (33Hz)=5, d,, =[4, from 20 to 100 in steps of 20]s). The

simulations produced 60 s of data and the first 20 & wiscarded to remove transient
effects, data was generated at 1k Hz and subsampled to 250 Hz. Each 60 s of data

required ~1 s of simulation time.

2.2.2. COUPLED OSCILLATORS

Coupled oscillator networks are a more realistic way to represent the dynamics between
neuronal populations. Each node usually represents a population of excitatory and
inhibitory spiking neurons that exhibit oscillations with varying levels of synchrony in
specific frequency ranges. The network can comply with one of two following
dynamical egimes: a synchronous state with sel§tained oscillationéBorgers and
Kopell, 2003)or in an asynchronous state with transient oscillatidmattia and Del
Giudice, 2002) These networks have been used to stimat DTF can be interpreted
within the GC framewor Ka mi ns ki @y modeling jnter&ctin@ aoytical
columns with excitatory and inhibitory populations with detaypled nonlinear
stochastic differential equations (SDE). Similar SDE delayed networks, called Wilson
Cohen models, are also usedeco et al., 2011fo study the dynamics of simulated
RSNs. A similar but more detailed dynamic causal model is used to studkrstn

et al., 2014ayvhere each cortical column is comprised of pyramidal and inhibitory cells
from supragranular layers, excitatory spiny cells in granular layers and deep pyramidal

cells in infragranular layers.

A general networlof coupled second order differential equations similaf € a mi h s Kk i
et al., 2001) represents a node as a system with detayled nonlinear SDE for the

excitatory population defined by:

%+@ By abx(} KA A% kSKk t A Dt+w) (23
and inhibitory population defined by:

Vot(@ DY, @by}l k& XN ) (24)
Variables x, and y, represent the LFPs of excitatory and inhibitory populations
respectively of node, k, and k. their respective coupling coefficient,, is the

coupling coefficient from node to nodem, d_, is the delay from nodm to noden, a
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andb are time constants that define the rate at which activity decays without input and,

w,and w, are the independent white noise processes for moead m respectively.
|,(t) is the external input to the excitatory population &nsl the following sigmoidal

function for a modulatory paramet§y, :

S(% %):?S“(l' e )if Xt

| -1 if x¢ 4, (25)
U, = 4Nl W@ 14S,))
Following the notations ifFreeman, 1987)2.3) and R.4) arethe coupling between
KOi and KOe subsets henceeach node can be seerK&, set. In this work these

parameters were used with the same values @géeman, 1987and( Ka mi n s k i et
2001) a=0.22/ms, b=0.72/ms, k,=0.4, k,=0.1, S, =5 and the independent

Gaussian white noise processes had zero mean and 0.04 varifinee. Sy st em’ s

numerical solution was approximated with a fourth order Rufigéa method (delays
where linearly interpolated for the intermediate increments) using astiepeof 0.1ms

with the noise term being integrated with the Euler method using the Smesteps.

The LFPs were initialized as zero for as long as the longest delay present in the

simulation required.

A network of twoKle; sets, defined by the interactions th3) and 2.4), was simulated
for 60 s with varying values of weak and stramgipling k,, = [0, 0.1, 0.2, 0.5, 0.7, 1,
3,5, 10, 15, 22, 30Jd,, =20msg) and interaction delayk(, = 30, d,, = [4, 20 to 100

in steps of 20jms) between sst1 and 2. The first 20 s were discarded to remove
transient effects, data was generated akH® and subsampled to 250 Hz. External

input | ,(t) lasted Imsand had 1% probability of occurrence for each set. Each 60 s of

data required-181 s of simulation time.

As (Friston et al., 2014ajoncludes that GC is not appropriate for data generated by
delaycoupled oscillators with unstable modesd because sedlustained oscillations
occur in largescale simulationgDeco et al., 2011)we also focus our simulations on
networks functioning in the synchronous mode. In this regime, since ossilkktow a

limit cycle phase space trajectohis phase can be modelled by a single dynamical
variable reducing the former models to a simpler phase oscillators where it is possible to

define the oscillating frequency. Cabral et(@labral et al., 2011inodeled RSNs with
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several delayeghase oscillator networks using the Kuramoto méidatamoto, 1984)
layered for each frequency of interest. Therefore, in this work, we use the same network
building scheme consisting of several stacked layers of two coupled oscillators (one

layer for each natural frequency) where each phase varigpls governed by the

following dynamical equation:

G= WA, Cnsin( gt d,) &) wx) (26)
Here, w;, is the angular frequency of each oscillator (radZy), is the relative coupling

coefficient from nodem to noden, k is a global coupling coefficient and the remaining
variables represent the same parameters as in the previous dynamic equations. The
neuronal activity can be obtained as tiireng rate of the population of neurons
represented by each oscillator. Following the procedur@Cabral et al., 2011)he

firing rate is the sine function, =sin(g, ¢ )) of thephase variable.

For our simulationst he system’s numeri cal sol wti on wa
Maruyama(Kloeden and Platen, 199&)ethod using ae-step of 0.1ms. Phases were
initialized randomly in the initial instants corresponding to the longesteleddelay. A
network of two nodes was simulated for 60 s (first 20 s were discarded to remove
transient effects) by having three independent lagepairs of phaselelayed coupled
Kuramoto oscillatorsharing,at each layerthe same natural frequency and follog

the dynamics ind.6). Layers 1, 2 and 3 oscillate at 5, 33 and 60 Hz respectively and
only layer 2 has a coupling coefficient betweamstillators different than 0. Therefore,
phasedelayed coupling can only occur at the 33 Hz and from node 1 to 2. Coupling
varied from weak to strong(= [0, 0.1, 0.2, 0.5, 0.7, 1, 3, 5, 10, 15, 22, 30}, = 20

ms) and interaction delays followed the same values as the previous simul&tiens (

30, d,, = [4,20 to 100 in steps of 20hg). Each 60 s of data required ~55 s of

simulation time.

2.2.3. |ZHIKEVICH COLUMNS

The former oscillator models can be simulated in greater detail by modeling their
constituting spiking units individually. In the context of testing directed connectivity,

this modeling was used i(beth et al., 2013) o under st and how GC’ s

affected by vascular latenciepposing the neuronal lag in BOLD tirseries sampled
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with decreasing TR. Besides spiking units, their synapses were also modeled with

explicit NMDA, AMPA, GABAa and GABAb conductances and sherm plasticity

(STP) The Izhikevich spiking model is able produce several firing patterns observed

in real neurons without the computational demand of more biophysically realistic

models like the HodgkuiHuxley swhich makes it appropriate for larger scale
simulations(lzhikevich, 2003) This model replaces the bpthysiologic meaning of the
HodgkinHu x| ey model ' s equations and parameters

dynamic nodelled withonly two ordinary differential equations and four parameters:

V=0.047 45/ 140 u- |
u=a(bv -y

And the additional aftespike resettingule: when v2 380mV, v=c and u=u +d.

2.7)

Here,variablevr e pr esent s t he neur ountsrecovergvariableane pot
Parameters, b, c andd are defined in order to implement one of the twenty spiking

neurons shown iflzhikevich, 2004) Similarly to (Seth et al., 2013)n this work we

simulate cortical columns with two difient neurons: regular spiking excitatory

pyramidal neuronsaE 0.02b = 0.2¢ = -65d = 8) and fast spiking inhibitory
interneurons &= 0.1p = 0.2c =-65d= 2) . Due to the model '’ s
computationally amenable to compute the synaptputinto each neuron with the

neurotransmitter conductances for each rece@Qf-f, Invoa: Joasaa 8NA Ocagap):

gv+80)/60 g
N 2 (V 0} gGXBAa(V 70)_ gGABXb(V 90} 2 8
1+gv 80) /60 g (28)

l :gAMPA(V 0) Gnmvoa

These conductances are modelgith spiketiming-dependent plasticity (STDP) by

being affected by incoming spike’s origin ¢
excitatory neurons can changg,,,, and g, While spikes incoming from inhitory

neurons can chang@g,s,, and Ogapap- This update depends upon the difference

between the timing of the post and ssmaptic spikespt, and two time constants for

slow (£ =0.1ms) and fast { =0.01 ms) synapsesand is modeled exponentially:

if Dt >0 and decrement €™ if Dt 0.

increment” e ™

STPis also modeled inhe synaptic weights, influenced by ggnaptic activity, with

the scale factos(t):
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s() =X uY

c_1-x(t) .
x-—tD u()x(alt &) (2.9)

0=2"8 yi uwlae

F

Here d is the Dirac functiorand the state variablegt) and u(t) have baseline levels

of 1 andU respectively. Parametets andt. are the depression and facilitating times

which govern how fas(t) andu(t) r et urn t o baseline. Excita;
modeled withU =0.5, t, =800 andt. =1000 while inhibitory synapses havwg =0.2

, t; =700 and t. =20. A small subgroup of excitatory neurons is stimulated by pre

synaptic spikes distributed randomly in time without STP or STDP.

At each column, LPF is obtained assuming dendritic AMPA curranésa good
indicator of this activity by averaging allAMPA conductance from all afferent

excitatory synapsg$eth et al., 2013)

In this work we simulated two columns of 5k randomly distributed Izhikevich neurons
(80% excitatory, 20% inhibitory) with STDP and STP between neurons of the same
column and withouboth learning strategies in inteolumn connections. 5 % of these
excitatory neurons are stimulated by -ggmaptic spikes distributed randomly in time
without STP or STDP. Instead of a single parameter to model the synaptic strength
between columns, Ke the coupling coefficients or the inteariable AR coefficient

seen in the previous models, here it is possible to model three parameters related to
inter-column connection strength. These are the percentage of neurons in one column

that project to ander columnp,, ..., the percentage of connections each brdrezh

in the target columrp, .., and the synaptic strength of the individual connectigps.

Simulations produced 60 s of data (fimst 20 s were discarded to remove transient
effects) with causal influence from column 1 to column 2. In this case, as three
parameters define the coupling strength, the simulations were done for each one

individually: for varying p,gecion ( Pprojection = [0 10 1 in steps of 0.2]p, ., = 0.05,
kunit = 11 d21 = 20 mS), for Varying pbranch (pprojection = 021 pbranch = [0011 0051 01’
0.3,0.6, 1],k =1, d,; =20ms) and for varyingk . ( Pprjection = 0-25 Porancn = 005,

k. = [0.01, 0.05, 0.1, 0.3, 0.6, 1d,, = 20 ms). In conformity with the previous
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generative models, simulations for different interaction delays were also perfoithed

Ay (Pprojection = 0-25 Poanen = 0-05, K, = 1, d,; =1[4,20 to 100 in steps of 20hs).

The spiking units are ate rest in their initial state. Each 60 s of data required ~52 s of

simulation time.

2.2.4. EEG FORWARD MODELING

EEGis simulated with a simple forward model that relates the LFP as the activity of a
current dipole to the surface potential measured at the scalp. This relation is obtained by
representing the head as a multilayer surface, with each layer having comdtaptas
conductivity. Although there are realistically shaped multilayer head models like the
finite-element method or the boundary element me{atvas et al., 2004; Fuchs et

al., 2002; Mosher et al., 199%hese are more importaim the EEG inverse problem
solution as they mitigate the distortion produced by simpler m@Betser and Mosher,
2001) As the scope of this work is to simulate a generic EEG signal we can adopt a
simpler model of the skull like the thresyker sphere with isotropic conductiviti@®erg

and Scherg, 1994)here the problem of volume conduction is obsenkdure 2.2
depicts a typicaliree layer model with an electrode placed in the scalp with radius

an intracranial current dipole with radius and momeniy and respective angles. This

experiment uses a setupthvtwo dipoles placed beneath the three layers with 8 cm
= 0.0042 S/myr, ., = 7.44 cm,

skull

outer radius §,.,, = 0.33 S/mr, ., = 7.04 cm,s

rain skull

S =0.33 S/m,r

scalp 1 'scalp

= 8 cm) spaced by 2 cm and two electrodes are placed in the

scalp also spaced by 2 cm.

Figure 2.2: Three layer spherical head modet one current dipole with radiug and momentj and
scalp electrode with radiusoriented with angles) and o respectively. Adapted fronMosher et al.,
1999)
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The solutionv'(r;r ry,d) at radiusr for the simplest case of a single spherical layer
head model for a current dipole with momenat radius locatiorr, canbe obtained by

the sum of the radial’ (r;r ry,q) and tangentials' (r; r r,d) potentials:

Gé@ %d qr_q

Vi ga aqcosU @(rcom- )1 1

(2.10)
Vi (rhreq) = ae_aqsma $sb sin 22 . d+r
ne C4p s @ %:1_3 rd(r - r,cos gd )

Here, U is the angle the dipole expresses intietato its location vector,, as can be

seen inFigure 2.2, U is the conductivity of the shelld is the value of the direct

distance beteenr, andr, and 4 is the angle between the plane formedrpynd g,

and the plane formed bry andr .

Following (Berg and Scherg, 1994; Zhang, 199%)three layer model can be
approximated with good accuracy by single layer spheres with the approximation
V(nraq) @it ety /9) w6 gy o) W rgg q). The & and / are the

“Berg parameters” and are used to create tI

scaling r, by € in its radial direction andcsling the momentq by /. The

approximation v>(r;r ry,d) is computed for each electrode and dipole present in the

simulation. Noise is added to the resulting tigegies.

Details aboutthe comut at i on of the “ Ber gZhpma,rl@fet er s”
and other methods for EEG forward modelg¢Darvas et al., 2004; Ermer and Mosher,

2001; Mosher et al., 1999The Brainstorm application offerseveral methods for the

EEG forward model among othessd can be used to produce these datéSatel et

al., 2011)

For our simulations, each generated LFP was fed to an EEG forward model with two
radial dipoles spaced by@n placed beneath the three layers with 8 cm outer radius (

Stain= 0.33 S/mr,,, = 7.04 cm,s,,= 0.0042 S/my, ,= 7.44 cm,s_,,= 0.33 S/m,

rain 1~ skull skull scalp

lap= 8 €M) and two recording electrodes placed in the scalp also spaced by 2 cm.

White Gaussian noise was added in order for a linear SNR of 10.
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2.2.5. BOLD FORWARD MODELING

The BOLD timeseries is the result of a series of neuronal and vaseuknts that
produce a measurable change in the blood hemoglobin concentration. It is therefore an
indirect and noisy observation of the neuronal actisiticeduring neuronal activation

local vessels are dilated to increase the blood flow and with igerxynd glucose
delivery. The increased metabolism results in a localized increase in the conversion of
oxygenated hemoglobin to deoxygenated hemoglobin and BOLD fMRI uses the latter
as the contrast agef@gawa and Lee, 19907 his activity can peak four seconds after

the neuronal event onset though this value varies within and between subjects
(Handwerker et al., 2004Hence, the location, dynamics and magnitude of the BOLD
activity are vastly influenced by the local vascular bed. This, combined with the fact
that fMRI scanners sample an entire volume with TR in the time scale of a second,
raised the question if directed functional connectivity, which aims at detectingredmpo
precedence between neuronal events in the order of tens to hundreds of milliggeonds
Pasquale et al., 2010; Formisano et al., 2002; Ringo et al.,,1&4)offer accurate
measures from BOLD signals. The simulation of BOLD sighals beenmportant to
answer this question by allowirgxperimental control over neuronal and hemodynamic
parameters and this has been achieved mainly by convolution with a canonical HRF or
by dynamic modeling of the vascular activity with the extengéd model(Friston et

al., 2000)

The first approach started being used with one gamma function for the HRF convolution
kernel (Goebel et al., 2003; Roebroeck et al., 20@8h the purpose of investigating

the effect of filtering, dow-sampling and noise in GC estimation. Following simulation
studies(Deshpande et al., 2009b; Rodrigues and Andrade, 2014; Schippér26i1;

Seth et al.,, 2013¥ktarted using a duglamma function as used in SPM software
(Friston, K., Holmes, A., Ashburner, 199@jth parameters as time to pedkne to
undershoot, onset time, dispersion of response, dispersion of undershoot and their ratio
following the distributions found ifHandwerker et al., 2004)o study the effects of
downsampling, noisand HRF variability. Compared to the convolution approach, the
BW model is more biophysically interpretable and can also present nonlinear neuro
vascular couplings althoughwhen used in simulation studjeshere were no
considerable differences in GC iesates between bot{Seth et al., 2013; Smith et al.,
2010)
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In this work, both approaches were used with the default parameters offered by SPM12
in the functionspm_hdm_priorfor the BW model andpm_hrffor the canonical HRF,

with a 0.5 TR and a linear SNR of 10. However, in these simulations, new LFPs had to
be created for all generative models with different interaction delays, duration and
connectivity frequency. Interactio delays are increased to 200s in order to
counteract the reduction in sensitivity due to the low sampling period of typical fMRI
TRs and low SNRDeshpande et al., 2009l3nd the LFP length had to be increased
due to the low sampling rate hence, 30@ere simulated. For the generative msde
where it is possible to control the frequency where the causal influence is exerted these
were set, from 33 Hz in the previous analysis, to 0.1 Hz in the Kuramoto oscillators and
< 1 Hz for the MVAR modeling.

2.2.6. SPECTRAL GRANGER CAUSALITY

We use the GGGneric (Geweke, 1982}o infer causality between synthetic time
series. Unlike other spectral directed functional connectiviggrics such as PDC or
DTF, GGC is not bounded between 0 and 1 which is uygaftiis studyto see how the
increase in the connection strength between variadiests the absolute value of
causality across the different simulation methods. GGC decsgspbe GC(Granger,
1969)into frequency components additively, meaning,tttee sum of all the frequency
components from zero to the Nyquist frequency result in the GCI. For bivariate time
series, which is the case in this study, GGC can be computed from a MVAR model

parameters by:

F ()=l _S(h ii 12
(- o s; ‘Q (0 (2.11)
S $§ S, g’ﬂ
(;; 0
HereSi s t he covari ance métisrthe xansief matrik, an8 mod el ' s

is the spectral matrix. The MVAR model order can be estimated with th€¢3gl@varz,
1978) or with the AIC (Akaike, 1974a) For multivariate timeseries refeto (Chen et

al., 2006)for more details.

2.3. RESULTS

This section presents the results of applyiBdX) to bivariate timeseries simulated

with the generative and forward models introducedrigure 2.1 and in the previosl
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sections with varying interaction strength and delay. This analysis aims at finding
whether these changes in the generative modeling are captured by standard causality

estimation by analyzing how GGCE swhehi fferen

F., is the true causal direction) varies with the modeled interaction strength and how

GGC’' s DOl and estimated MVAR model order
interaction delays. An increase in empirical model ordenfBIC or AIC suggests that
the interaction delays introduced in the generative model are detectedsimthated

time-series.

2.3.1. LOCAL FIELD POTENTIAL S

LFPs represent the local activity of neuronal populations without forward modeling

hence, without the edounding effects expected from fMRI BOLD or EEG data and,

the only randomness is due to the stochastic parameters from each model. This way, this
anal ysis tests each generative model’' s capcg
detectable causal effact

2.3.1.1AUTOREGRESSIVEIODELING

Results for GGC with varying modeled causality and interaction delays can be seen in
Figures2.3A and24A respectively and the model order estimated with BIC and AIC
for the different interaction delays are shown in Figusa.

The estimated GGC DOI present in Figdr8A shows, as expected, causal influence at

33 Hz with the same absolute value from what was modeled. Changing the interaction

delay from4tol0nsdoesn’t affect the estimaeéed caus
24A, and both BIC and AIC model orders increase linearly with the increase in
interaction delay (Figur.5A). Also, these model orders correspond exactly to the

neuronal delay: with a sampling rate of 250 Hz; the neuronal delaysg ircorrespond

to [1, 5 to 25 in steps of 5] lagged observations which equal the model orders suggested

by BIC and AIC (except for the neuronal delay ah4).

2.3.1.2TIME-DELAYED COUPLEKIg, SETS

Figures2.3B and2.4B respectively show the estimated GGC arying coupling and
interaction delay and Figur25B the respective model orders estimated with BIC and
AlC.
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Figure2.3B suggestshat there are two frequency bands where connectivity is detected,
around 20 Hz and around 60 Hz. These causal influeeasiore expressive for strong
couplings (>1) and are inexistent at weak couplings below 0.5. When the interaction
delay changes, the connectivity also chantggefsequency (Figur.4B). This occurs as
different delays change the oscillatory behaviothefse neuronal populations and also
because the MVAR gused in (2.11)model order also changeshich influencedts

AR spectrum. In Figur@.5B it is possible to see that both BIC and AIC are sensitive to
the increase in the interaction delay and ouernede the true model order by

approximately 2 lagged observations.

2.3.1.3PHASEDELAYED COUPLECKURAMOTO OSCILLATORS

Figures2.3C and2.4C respectively show the estimated GGC for varying coupling and
interaction delay and Figui25C the respective model ordestimated with BIC and
AIC

GGC only detects causal relations with positive DOI at 33 Hz as can be seen in Figure
2.3C. However, these only present expressive values on strong couplings (>3). Different
interaction delays do not affect the GGC intensity reqfiency distribution (Figure
24C) although the model order suggested by BIC and AIC is not linearly related to the
interaction delay (Figur2 5C) and is overestimated.

2.3.1.41ZHIKEVICH COLUMNS

GGC results for varyingp,, ..ion €aN be seen ikigure2.3D, results for varyingp, ..

can be seen in Figug3E and results for varying,,, can be seen in Figug&3F. GGC

results for simulations with varying are showrFigure 24D and the respective mdde
orders estimated with BIC and AIC kigure 25D.

From Figure2.3D-F it is possible to see that GGC detects connectivity below 20 Hz

and that a linear increase only occurs wik}), . Interaction delays change the

connectivity freqency distribution Figure 24D) as different delays change the
oscillatory behavior of the neuronal populations and different MVAR model order
produce different AR spectrums. Increasing the interaction delay produces a linear
increase in model orders estitad with BIC although these are slightly overestimated
(Figure 25D).
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Figure2.3: GGC DOI for the timeseries simulated with increasing coupling strength with the generative
models A) MVAR models, B) Klei sets, C) Kuramoto oscillators, D, E and F) Izhikevich columns.
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Figure2.4: GGC DOI for the timeseries simulated with increasing interaction delay with the generative
models A) MVAR models, B) Kle,i set, C) Kuramoto oscillators, D) Izhikevich columns.
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B) Model order for K\El sets
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Figure 2.5: Model orders estimated with BIC and AIC for the tis®ries simulated with increasing
interaction delay with the generative modél$ MVAR models, B) Kle,i sets, C) Kuramoto oscillators,
D) Izhikevich columnsThe lagged observations for these interaction delays with 250 HZ sampling rate

are [1, 5, 1015, 20, 25].

2.3.2. EEG FORWARD MODELING
Figure 26 shows the same experimentskagure 23 only ths time, the timeseries is

the EEG recorded at the scalp electrodes. It is possible to see that, except for the

Izhikevich columns, GGC amplitude is reduced.
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Figure 2.6: GGC DOI after EEG forwarding théme-seriesfrom the generative models with varying
coupling strengthsA) MVAR models, B) Kle,i sets, C) Kuramoto oscillators, D, E and F) Izhikevich
columns

EEG forward modeling does not affect the detection of interaction delays as can be seen
in Figure 27. However, for theKle; sets, causality around the 20 Hz dissipates and
causality at 60 Hz is maintained. At some delays (0.4 andn6.8he EEG from the

Kuramoto oscillatorsKigure 27C) shows GGC values similar to the LFPs.
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Figure 2.7: GGC DOI after EEG forwarding théme-seriesfrom the generative models with varying
interaction delaysA) MVAR models, B) Kle,i sets, C) Kuramoto oscillators, D) Izhikevich columns.

Overall model orders are overestied for EEGs from every generative models. In the
EEG from MVAR modeling andle, sets (Figure2.8A and2.8B respectively) this is
more pronounced in the lower interaction delays and in the EEG from the Izhikevich
columns Figure 28D) the opposite seems occur. The overestimation problems in the
LFPs from the Kuramoto oscillators are more pronounced after EEG forward modeling
(Figure 28C).
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Figure 2.8: Model orders estimated with BIC and AIC for thend¢tseries simulated with increasing
interaction delay after EEG forwarding with the generative modgIsAR models, B) Kle,i sets, C)
Kuramoto oscillators, D) Izhikevich columnghe lagged observations for these interaction delays with

250 HZ sampling r& are [1, 5, 10, 15, 20, 25].

2.3.3. BOLD FORWARD MODELING
The results for both the convolution with canonical HRF and the extended BW model

are shown in Figurez9 and2.10.

The results inFigure 29 show that GGC is greatly reduced after BOLD forward
modelirg regardless of the generative or forward models. In BOLD generated with
MVAR modeling causal effects are more visible after a modeled causality dfiguse
29A) although these remain around 0.5. The same values are achiekbd $sts and
Kuramotooscillators after a coupling of 1 and 10 respectively. The Izhikevich columns

only achieved these values f@, ccion > 0-4, Pyancn > 0.6 Or k> 0.3. Both the

canonical HRF and the extended BWbw similar results.
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Figure 2.9: GGC DOl in the 0.0D.1 Hz band after BOLD forward modeling thime-seriesfrom the
generative models with varying coupling strengtA3 MVAR models, B) Kle,i sets, C) Knamoto
oscillators, D, E and Rxhikevichcolumns.

By keeping the coupling strengths at the maximum valu€ggure 29 and varying the
interaction delay from 100ns to 300 ms the results inFigure 210 suggest that all
generative and forward models b&n&om higher delays. With MVAR modeling, 150
msis the value when causality is detectattegre 210A) whereas for the remaining
generative models this value is at 20 Again, there are no relevant differences
between canonical HRF and extended Biddels.
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Figure2.10: GGC DOI in the 0.0D.1 Hz band after BOLD forward modeling ttime-seriesfrom the
generative models with varying interaction delayd MVAR models, B) Kle,i sets, C) Kuramoto
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2.4. DISCUSSION

This study explores four generative models that represent distinct methodologies:
multivariate MVAR modeling, neural mass models and spiking neuron populations.

Although most of these models have been used preyiousimulation studies that aim

at benchmarking connectivity metrics, their capability to reflect causal interactions in

their generated neuronal tirseries had not been compared yet. Also, these neuronal

time-series are not limited to the LFPs, BOLD &G covered by this workowever,

these are the most widely usgghthetic dataseia connectivity studies.

Concerning the generative models in this work, both MVAR modeling and Kuramoto
oscillators offer the possibility to directly specify the frequemytheir oscillatory
activity and therefore the frequency where connectivity occurs wherddsisets and
Izhikevich columns this is not possible, at least directly. On the other Kbdets and
Izhikevich columns arenoreneurophysiologically @usible as they offer the possibility

to modulate different types of excitatory and inhibitory neurons. This suggests two
different uses for these subgroups of generative models. MVAR modeling and
Kuramoto oscillators, as these allow to manipulate thegtneand frequency of causal
relationships (or even the theoretical GGC in the MVAR modeling), seem more

adequate for initial testing of directed functional connectivity metfigaccala and
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Sameshima, 2001ktudying the effect of post processing or other transformations in
data prior to causality inferen¢Barnett and Seth, 201d) to compare di€rent metrics
performance in sargebenchmarkRodrigues and Andrade, 2014)ue to their superior
neurophysiologicafidelity, Kle sets and Izhikevich columns are more useful to inquire
about the effectiveness of certain connectivity metrics for data recorded in specific brain
locations with known dynaros (Friston et al., 2014a)-or example, ifFreeman, 1987)
coupledKl sets are used to simulate chaotic EEG emanating from the olfactory system
and in(Richert et al 2011)Izhikevich columns are used to simulate a lesgale model

of cortical aeas V1, V4, and middle temporalith color, orientation and motion

selectivity.

All generative models are able to produce LFPs with detectable causal relations
however,only the MVAR modeling allows for a direct specification of causality by
solving the analytical equations for GGC applied to the MVAR coefficients.
Concerning the neural mass models, Kig; sets show causal effects with lower
coupling strength than the Kamoto oscillators as the first start having causal relations

with k,, = 0.7 while the second required valueskof 3 for identifiable causality. In

the lIzhikevich columns the percentage of projecting neuhmms the source column

Porojection 1S the variable with least influence in the observed GGC, except for when it is

zero. Increases in both the percentage of target connections per projegtignand
the synaptic stregth k,, | ead to increases in the obseryv

tested in this work it is possible that these values change for different number of
neurons per column. In all generative models the modulation of the interactignsdela
possible without loss of causal relations although the neurophysiologically realistic
models show different frequency spectrums for different interaction delays. This
neuronal delay is also detected by the BIC and AIC which suggest higher model orders

for higher interaction delays.

Forward models lead to a decrease in the absolute value of GGC, specially the forward

BOLD model where negative DOIs could be found in worst scenarios. EEG forward
modeling reduces the estimated GGC due to the added nmisd¢oathe volume
conduction effectt alhknt kpeatoweuecre st hae “tcwo srse u r
electrodes and these effestsouldbe more adverse if more neuronal populations were

added inside the threshell sphere. Nevertheless, these resultsvghat all generative
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models produce LFPs that, when treated as activity from radial dipoles, preserve the
causal relations in the resulting EEG. BOLD forward modeling is more detrimental to
the preservation of causal effectd this work did noteven model hemodynamic
variability between brain regior{slandwerker et al., 2004yhich would further affect
causality preservation in BOLD tirreeries(Deshpande et al., 2009 ausality was
reduced approximately by a factor of 10 in all generathaelels and there were no
concise differences between HRF convolution and BW modekxgept for the

Kuramoto models where the last leads to smaller values of causality.

The overview from Table.1 confirms our initial suggestions that AR models are
suiteble for exhaustive benchmarks of causal measures to study their dependence on
experimental parameters and formulation due to their low computational load associated
with versatility and analytical solution. For benchmarks with fewer experimental
parameterand increased concern in emulating neuronal data from frequency specific
synchronized populations the Kuramoto oscillators offer the best compromise between
versatility and computational load. Finally, to study causality in specific known
neuronal dynamg both theKle sets or the Izhikevich are the most appropriate thanks

to their ability to realistically simulate varied neuronal populations.

Table2.1: Summary of the main results and characteristics fdhr generative models

AR models  Klejsets Kuramoto Izhikevich

oscillators columns
Causal relations with different strengths yes yes yes yes
Causal relations with different delays yes yes yes yes
Frequency specific causal relations yes no yes no
Analytic calculation of theoretical yes no no no
causality
Neurophysiological model no yes yes yes
Can simulate different neuronal no no yes yes
dynamics
Causality is preserved after EEG yes yes yes yes
forwarding
Causality is preserved after yes yes yes yes
hemodynanic forwarding
Expected computational load very low high average average

2.5. CONCLUSION

This work presented and analyzed different modeling strategies to generate artificial
neuronal datasetgith benchmarking purposes. LFPs are obtaineddmnerative models
and can be usead forward models to produce other recordings of neuronal activity such

as the BOLD signal or EEG. All the analyzed models were able to transmit their causal
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structure { ,,(1), Ky, Ky Pprojection + Poranchs Kunit ) 1NtO their generated data however with

different relations between these and the identified GGC. This study only covered
bivariate models but theame analysis could be performed with larger networks with
largescale fluctuationgCabral et al., 2011)This would be useful to identify the
directed functional @nnectivity metrics most appropriate to analyze large scale data

such as fMRI BOLD from resting state networks.
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3.FUNCTIONAL DIRECTED C ONNECTIVITY APPLIED
TO FMRI: A SIMULATION STUDY H IGHLIGHTING
DEPENDENCE ON EXPERIMENTAL PARAMETERS
AND FORMULATION

3.1. INTRODUCTION

Connectivity studies are widely recognized as a powerful approach to probe the
functioning of the human brain. A vast repertoire of methods is currently available to
assess connectivity based on brain imaging data, ranging from firmly established
techniques to more recent and innovative proposals that have yet to prove their value.
Following (Friston, 1994)a distinction is usually made between functional connectivity
and effective connectivity. Only the latter take explicitly into consideration the
existence of a causal link between two or more brain regions. Historicakkytie
connectivity research has branched into two formally distinct approaches: DCM
(Friston et al., 2003)and GC(Granger, 1969)vhich recently is referred tcsairected
functional connectivity Although both have been applied several times to fMRI, EEG,
or MEG (Deshpande et al., 2009a; K. Friston, 2009; Gow and Segawa, 2009; Marinazzo
et al., 2010)they have beeariticized or deemed less than adequate for application in
specific contexts. Concerning the applicability of GC methods to fMRI, skepticism has
often been expressed due to the inherently coarse temporal resolution of this modality
and to the influence ofascular latencie@Handwerker et al., 2004This clearly poses a
problem for the use of lagased measures in fMRI: spurious causality may be detected
due to temporal relations induced by different hdymamic profiles across the brain,
instead of actual causal floPavid et al., 2008; K. J. Friston, 2011; Roebroeck et al.,
2011a) Even thouglpast studies have found that neuronal delays can assume values
from 5msto several secondgle Pasquale et al., 2010; Formisano et al., 2002; Ringo et
al., 1994) in a large fraction of typical experimental situations relevant neuronal delays

will be potentially offset by the variability odiemodynamic latencies, which ranges
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from hundreds of millisecondddandwerker et al., 2004p 2 s (Bright et al., 2009)
thus threatening the accuracy ofda@sed causality methods.

Thus, alttough GC has been tested in a neuroimaging context for about a decade in
controlled simulations with synthetic BOLD signals, and shown to be sensitive to
certain kinds of temporally lagged influences between interacting neuronal populations
(Goebel et al., 2003; Roebroeck et al., 2005)s only natural thathe application of

GC to fMRI should be viewed with some amount of skepticism. Both simulation studies
(Smith et al.2010)and studies using real dgf@avid et al., 2008have suggested that
lag-based techniques perform very poorly when applied directly to the BOLD signal,
without any knowldge about the underlying neural drivers. On the other hand, other
simulation studies have suggested that GC, albeit inefficient in adverse experimental
conditions (e.g. very sparse temporal sampling, high variability of the hemodynamic
response), performsatisfactorily in a subset of experimental parameters with practical
relevance for fMRI. For instance, a study that focused on the effect of the hemodynamic
delay, among other variables, in a controlled simulation, found that pairwise and
multivariate GC e sensitive to neuronal delays in the order of hundreds of
milliseconds(Deshpande et al., 2009d) (Schippers et al., 2011a simulation study
involving multiple subjects showed that detection significant differential GC is
unlikely when no true underlying information flow between thesgions exist
Moreover, the direction associated with
vast majority of the cases although it was suggei@edth et al., 2012)hat, in these
simulations, the presence of a systematic (giagrage) difference in hemodynamic
delay betwen two simulated brain areas may preclude the generalization of these
results to real data. Mapping of vascular latencies using hygerhypocapnic
challenges(Bright et al., 2009; Chang et al., 2008¥ers the possibility to apply a
correction for differential lags, tis overcoming the above limitation.

These partially contradictory results have emerged in parallel with a stimulating and
thoughtprovoking debate about the range of applicability and limitations of the two
main causality inferencepproachegDavid, 2011; K. Friston, 2011; Karl Friston, 2009;
Roebroeck et al., 2011biRecently, a very thorough theoretical revigvaldesSosa et

al., 2011)has put this debate into perspective by describing a common framework that
embraes both DCM and GC while suggesting future developments and refinements
that may, in the near future, help to clear the daunting hurdles that still pcavsality
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techniques from fulfilling their potential. Indeed, in recent years, several groups have
proposed refinements or innovative implementations of GC oilikéCconnectivity
measures, most of them representing a more or less explicit attempt at overcoming or
minimizing some of the limitations mentioned abdiavlicek et al., 2010; Sato et al.,
2006) Recently, an important finding (Seth et al., 2013) addressed the previous
concerns by demonstrating that GC is invariant to hemodynamic convolution, thus
giving additional credence to the scenario of appliogititi fMRI data.

One feature that runs through the growing literature concerned with the application of
GC and related methods to fMRI is the lack of a consensual methodological basis, so
that different groups use different formulations of their chosersunes, either house

made or embedded within one of the several software packages available to the
community. Strong assertions can be only be made and reach consensual status when
there is agreement about the methods to use. On the other hand, mogiapktisecited

so far cover only a limited fraction of the realistically possible situations that may occur
in practice in terms of the relevant parameters (hemodynamic variability, neuronal
delay, etc.), and some of them explicitly limit their scope to yenyicular situations.
Having this in mind, the main purpose of the presemk is two-fold: 1) to provide the
scientific community with an overview of GC and other-bmged measures that will
hopefully clarify the differences between several formutetidhat have been used
previously, and be useful for future studies; 2) to extend previous simulation studies to a
wider range of physiologically plausible parameters, thereby offering a firmer ground to

discuss possible scenarios of application of GG/RBIf

3.2. METHODS

3.2.1. DIRECTED FUNCTIONAL C ONNECTIVITY METRICS
This study is focused on the benchmarking of the-kesivn directed functional
connectivity measures, therefore most of the required toolboxes or code used in this

work are freely available whether byher authors or byhe authors of the current work.

3.2.1.1TiME DOMAIN GRANGER CAUSALITY
GCli s a measure of di r gnessezighin thertifhaidemamEBhisb et we e n
concept was proposed by Wien@Wiener, 1956)and it relies on the notion that if

prediction of a certaitime-seriesvariable is improved by the knowledge of the past of
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a secondime-seriesvariable thenthe second variablbas a causal influenacan the

first. This dependence on temporal precedence was formalized by G(@rgager,
1969)in the context of linear regression models, by quantifying prediction improvement
in terms of variance deease of the regression error tenvigen accounting for the past

of the second variahleThis has been the approach predominantly followed in the
context of neuroimaging applications, although nonlinear extensions of GC have also
been developed, for instamasing radial basis functions instead of linear regression
models (Ancona et al., 2004)and were later generalized with kernel methods
(Marinazzo et al., 2008)

GCl can be generalized to the multivariate cgsar(viseconditionalor conditional
analysi3 by testing the causality of two variablesnditional on additional variables, in

order to distinguishdirect from indirect causalitfGeweke, 1984).

In the context of fMRItime-series time GCIl was introduced by GoebéGoebel et al.,
2003)as a promising method to measure causal relations between ROIs using the same
time MVAR models previously proposéHarrison et al., 2003p model brain activity

in BOLD. Subsequsly, lag-based analysis validity was tested in real and synthetic
fMRI data (Babiloni et al., 2005; Roebroeck et al., 2005; Val8ésa et al., 2005nd

lately toolboxes like GCCA(Seth, 2010)or BSMART (Cui et al.,, 2008)became
available. In this work the GCCA toolbox is usecctompute GCkinceit is one of the

most widely used in other works concerning fM®hen et al., 2009; Hwang et al.,
2010; Liao et al., 2010a)

The potential advantages of using vector autoregressive mavergge models
(VARMA) or SS models for GC suggesten previous discussions (Solo, 2007; Valdes
Sosa et al., 2011; Roebroeck et al., 2011; Seth et al., 2013) lead to their inclusion in this
work. However, due to their computational demands, they could not be computed for
the complete set of networks anketefore only selected results are presented in
Appendi x B. Al s o, and for the same reasons
model orders higher than 4 (for both autoregressive and moving average polynomials).
Matlal® System Identification Toolbox was e for both SS and VARMA estimation.

For a free alternative, the R package Dynamic Systems Estimation can also be used.
Details concerning maximum likelihood estimation of both models can be found in
(Lutkepohl, 2005).
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3.2.1.2FREQUENCY DOMAINGRANGER CAUSALITY

A spectral formulation of GC is useful for neurophysiological studies because causal
influences between neuronal populations often depend on fregapacyic oscillatory
synchrony(Bressler and Seth, 20114lthough the deteatn of this oscillatory activity

is very challenging in the case of the BOLD signal due to the inherent temporal
smoothing, a spectral formulation can be important to distinguish different frequency
components or exclude non neuronal actiyibg Luca et al., 2006Furthermore, the

use of a frequenegpecific metric eschews the need for filtering which may cause
spurious causality when using the aforementiotigge-domain GC measuréSeth,
2010) Recent studies that explicitly probe into the spectral content of the BOLD signal,
especially within the low frequencies that play an important role in rest connectivity,
lend support to the notion that frequency specificity is a highly desirable defatuan

directed functionatonnectivity measur@Chang and Glover, 2010)

The spectral decomposition of GC was proposed by Geweke in(G28%eke, 1982)

This decomposition is additive in the sense that S@qual to the sum of all spectral

GC components from zero to the Nyquist frequenaythis formulation, the causal
influence at a given frequency range depends on the ratio between the total and intrinsic
power, which can only be computed if the total power is amenable to decomposition
into an intrinsic and a causal part. This can beeagu using the coefficient matrix

from anMVAR model of the variables. In order to provide a proper decomposition of
the total power into intrinsic and causal parts,MMAR model needs to be normalized

by premultiplying its coefficient matrix and errderms with a specific transformation
matrix that ensures that the normalized error terms are uncorrelated. The normalized
model carthenbe Fourier transformed and the elements required for the calculation of
the intrinsic and causal parts (transfer matixd error covariance matrix) can be
extracted. The reader is referred@hen et al., 2006; Geweke, 198@) further detalils.

Similarly to Gd, frequency decongsition can also be performed in the case of
causality between two variables conditional on additional variai@desveke, 1984)
Recent improvements have been proposed to overcoe@rtdblem of meaningless
negative values inherent of the original procéSken et al., 2006)Other measures
related to spectral GC have been proposed, such &th¢ Kami ns ki ,tha al
PDC, which might be numerically and computationally advantageous when compared

to any of the above measui@accala and Sameshima, 20@ihd direct couplingDC)
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measues (Baccala and Sameshima, 200Bpth DTF and PDC lend thesalves to a
multivariate approach and produce valid spectral causality estir(faigder, 2006;
Schelter et al., 2006)

AR modeling is the basis for the previously described GC techniques, which are all
parametric in nature. This approach has been proven to be effective for data modeled by
low-order AR processdsut may sometimes fail to capture complex spectral features in
data that require higher order AR mod€Mitra, 1999) Moreover, when using
parametic GC measures it is necessary to determine the model order that provides the
most accurate fit. This can be done automatically within the Bayesian framework
(Harrison et al., 2003yith the BIC(Schwarz, 1978pr the AIC(Akaike, 1974aput the

degree of accuracy may vary for different AR models. To overcome this limitation, a
NP approach to GC measures thatbines spectral density matrix factorization with

Geweke's spectral decomposition has been prop@teamala et al., 2008) Wi | son’ s
algorithm (Wilson, 1972)is used forthe spectral matrix factorization in order to
determine the spectral decomposition matrices required by the previously described

spectral GC formulations.

In the current study, spectral GC, PDC, DTF and DC were computed using the Biosig

toolbox (Vidaurre et al., 201). As for the remaining measures, the authors of this work

produced and validated the necessary codavailgble online at
http://braincausality.fc.ul.pt): conditional and pairwise spectral GC 4€len et al.,

2006; Geweke, 1984)partition method improvement as (€hen et al., 2006)NP
measures of GC wusing Welch’s method for est
Wilson’s algorithm for t heDhamalaettalr, 2008) mat r i X
Matlab® was used throughouthe spectral GC met offered by the Biosig toolbox has

a relevant modification in its formula that, due to its use in other known st(&ii@th

et al., 2010)is discussed in Appendix A.

3.2.1.3PHASES OPEINDEX

The PSI methodNolte et al., 2008)s based on the phase coherency slope (averaged
over a frequency band) between two variables, defimedway that ensures robustness

with respect to instantaneous mixtures of independent sources of arbitrary nature. PSl is
based on the idea that interactions between variables are not instantaneous and take time
to propagate. Considering two variabk$) andY(t), and provided that the propagation
speed is constant, the phase difference betw@®@rand Y(t) increases with frequency
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and the phase spectrum is expected to have a positive sl¥f@ drives Y(t) and a
negative slope ifY(t) drives X(t). Another useful feature of PSI is insensitivity to
mixtures of norAnteracting sources which leads to a lower number of false positives
when compared to G(Nolte et al., P10). In view of this, and even though PSI is not
strictly speaking a lapased measure, including it in the current study seems sensible.
In the current study, PSI was computed with the package for Mattalided in(Nolte

et al., 2008)

3.2.1.4TRANSFERENTROPY

TE was propose(Schreiber, 2000as a modefree, NP measure of information transfer
between two variables, within an information theoretic context. It has since been applied
to fMRI and EEG data(Chavez et al.,, 2003a; Hinrichs et al., 2006; Pansl
Stefanovska, 2003)WVhile its formulation is based on Shannon entropy, the TE from
the source to destination can be interpreted as the average mutual information between
the previous state of the source and a future state of the destination, cedditiopast

states of the destination. These past states are constructed by delay emiedeing),
1981)with specific embedding delay and embedding dimension. These parameters can
be estimated by the Ragwitz efiton (Ragwitz and Kantz, 2002 he sensitivity of TE
relies heavily on the correct (Lndnerietmagt i on of
2011) If the exactinteraction delay is not known but can be estimated to be within a

certain range, the average TE in that range can be computed.

The probability density functions for TE can be approximated by a naive histogram
technique, where frequency ratios in histogsaof the measured variables are used
instead of their real probability density function, or by kernel estimgt&uahreiber,
2000) However, a better approximation can be obtained if the computation of TE is
based on entropy estimates frdmn distances which provides minimal bias, adaptive
resolution and data effiency (Kraskov et al., 2004) TE can also be computed
accaunting for indirect influencescfnditional analysis) by adding a conditional

dependence on the past states from additional vari@béé®rin et al., 2009)

In this work, TE was tested in its bivariate and conditional formulation. TE measures

were computed with two MI estimatoKtizier et al., 2011) The naive histogram

technique was tested with binary quantization, usingdif®. Theknn approximation

was also tested with window sizes from 3 to 8. kha estimated MI was obtained

using Kraskov’s estimated MKraskoweta.t200d)n f r om
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TE was computed for an interval of the prediction tionéhat includes the real
interaction delay and four adjacent was. The embedding dimension and delay were
kept constant in all situations with unitary value. Although not used for this work,
TRENTOOL provides an alternative way to estimate TE withkiie approximation
and also provides all the previously describednhtiques for TE calculatioaxcept

conditional analysi¢Lizier et al., 2011)

3.2.2. DATA SIMULATION

The methods that are tested in the current study, with the exception of TE, require linear
and stationary systems to produce accurate estimates of causality. Thus, in order to
study their performance under the simulation variables, suchotbasiics must be
present in the simulated neuronal and BQle-series

The simulation procedure involved an autoregressive model with exogenous inputs with
controlled weights and delays. In order to achieve a satisfactory degree of realism, the
exogermus inputs were LFP signals recorded atttecaque lateral intraparietal area
during a reach and saccade task, already us@kshpande et al., 2009ahd available

in the Chronux databasenfw.chronux.or. These signals were recorded with a 1 kHz

samping frequency. The outpwh of a noden with inputin was obtained according to:

o,(t)= & wyo(t-d,) i (31)

j=Lj p

wherewjn andd» are the weights and delays between noedad node in anN-node
network. To ensure variability of inputs and indepemgebetween nodes, the LFP
inputs underwent phase randomization for each node in each simulated network. The
neuronal signal was then obtained by adding Gaussian white noise and down sampling
each node output to 200 Hz. For the BOLD signal, each node augsutonvolved

with a HRF, white noise was added and the ensuing signal was down sampled to
comply with the desired magnetic resonances. Thhis convolution step ensures that
there are no nonlinearities in the simulated BOLD and does not induce significant
differences in sensitivity compared to the hemodynamic forward balloon model used in
previous studie¢Seth et al., 2013; Smith et al., 201B)RF variability was controlled
through changes in the parameters of the camabninodel from the SPM package
(Friston, K., Holmes, A., Ashburner, 199%jamely: time to peak, time to undershoot,
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onset tine, dispersion of response, dispersion of undershoot and theifHatidwerker
et al., 2004)similarly to(Deshpande et al., 2009b)

This work attempts to teslirected functionatonnectivitymetricsin a wide range of
situations, from theelast favorable to the most favorable. A total of approximately
23,000 distinct networks were created and, each one of these networks was simulated 50
times with different initial conditions obtained by randomizing the phase of the inputs
for each simulatin. The range of variables used is shown in Téble Networks
involving the lowest sampling period (0.005 s) without hemodynamic convolution and
high delays were subsequently excluded because model order estimation required

extremely long computation tiree

Table 3.1: Simulation parameter§he simulation runs for every combination of these 6 variables. Net
topology refers to the network type, Weights refers to the link strength between nodes, SNR isrthe linea
signal to noise ratio, HrfVar is the fraction leémodynamic variabilityT R the repetition time anbelay

the neuronal delay. Matl&b style notation is used here: e.g., 150:50:500 stands for
(150,200,250,300,350,400,450,500).

Net Weights SNR(linear) Hrfvar TR or sampling period Delay(ms)
topology (s

2 nodes 0.3, 0.6, 1,4,1000 0,0.5,1  0.005 (w/o hrf), 5,25:25:100,

3 nodes: 0.9 0.025, 0.05, 150:50:500,
div, seq, 0.25:0.25:2 600:100:1000,
triang. 1500:500:3000

All the values in Tabl8.1 were used imetworks comprised of 2 and 3 nodes. Three

node networks can have a sequential, divergent or triangular strueiguwes(31).

a) x b) x C) x

Figure3.1: Network topologies used forrdode netvorks sequential (a), divergent (b) and triangular (c).

Weights between nodes assumed three distinct values to represent weak, average and
strong influence. SNR and HRF variability were also represented by three values
corresponding to worstase, averagand bestase scenarios. SNR values in Tahle

were linear and were obtained by adding white noise with a suitable variance. HRF
variability was controlled by the variabldrfvVar in Table3.1. Mean, maximum and
minimum values of the integubject and mgional variability for each random variable
controlling the HRF function from SPM were obtained fri#andwerker et al., 2004)

Each random variable was distributed normaHyfVar reflects the standardediation
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of the distribution in the following way: #firfVar equals 1, the'Sand 9% percentiles

of the distribution coincide respectively with the empirical maximum and minimum
obtained from(Handwerkeret al., 2004)and presented in TabR2; anHrfvar of 0.5
means that the'Sand 99" percentiles of the distribution of each variable coincide
respectively with the empirical maximum and minimum multiplied by 0.5. Thus, higher

HrfVar means a wider disbution of the variable, hence higher variability.

Table3.2: Maximum and minimum values for the random variables controlling the HRF

Timeto Timeto Time to Dispersion Dispersion Ratio
onset peak (s) undershoot response (s) undershoot response to
(s) (s) (s) undershoot
Maximum 3.65 6.5 16.5 1.9 1.9 7
Minimum -0.25 25 12.5 1.1 1.1 1

It is known that intessubject variability is higher than intsabject regional variability
(Handwerker et al., 2004)therefore the casddrfVar=1 reflects an extremely

unfavorable scenario in the present context of single subject analyses.

TR values were equally spaced and distributed within a realistic range (frons, 0.25

which was close to the lowest TR achievable with reasonable image qualitys),to 2

except for the lowest value (0.0@p that represents the 200 Hz sampling rate of the

neuronal signal and for the values of 0.025 and 61t try to emulate, respectiyel

the echeshifted inverse imaging (Inl) techniqueof (Chang et al., 2013) and the
generalized inverse imaging (GI N) techniqu
Neuronal delays ranged fromrbsto 3 s and were equally spaced within 4 distinct

ranges. These values account for intra and -imenisphericdelays as well as longer

delays due to cognitive processing, as stated in the Introduction.

In order to observe the effect of ssbcond TR and high SNR have in the sensitivity of
the different lagpbased measures to hemodynamic variability as seen ih (ail.,
2013), 2node networks were generated with neuronal delays arounts 5 moderate
amount of hemodynamic variability and very high SNR (1000). Both neuronal and
BOLD signals were simulated and dowampled with different periods (2, 0.2, 0.1,
0.04, 0.02, 0.08 and 0.G3}.

To study the effect of increasing network size and density, networks composed by 3 to
10 nodes with link densities ranging from O to 1 were created and simulated 50 times
for 3 different scenarios (see Tal8&) and fortime-serieswith 2.5 and 10 minutes

duration. The choice of two different values fone-serieslength was meant to assess
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the effect of signal length on the reliability of AR parameter estimation (Harrison et al.,
2003). The scenarios were meant to represdigsécase situation with unrealistically
high SNR and no HRF variability, an averagese and a worstase scenario. Sampling
rates assumed two different valuesn(s for neuronal signal and & for simulated
BOLD) so that the total number of differenttwerks tested in each scenaamounted

to 128 (8 node numbers, 4 link densities, 2 sampling rate v@ltiese-series length).

Table3.3: Simulation parameters for the three simulated scenarios

Scenario Network  Link Weights SNR Hrfvar TR or Delay(ms)

topology density (linear) (s sampling
period (s)

Best case 3:10 0, 0.9 1000 0 0.005 (w/o 1000
nodes 0.25:0.25:1 hrf), 1

Average case 3:10 0, 0.9 4 0.5 0.005 (w/o 1000
nodes 0.25:0.25:1 hrf), 1

Worst case 3:10 0, 0.9 1 1 0.005 (w/o 1000
nodes 0.25:0.25:1 hrf), 1

Each one of the 50 networks with the same set of parameters was generated randomly
while ensuring that links were unidirectional and randomly distributed across nodes.
This way, networks could be geated with uniform node degrees (every node has
approximately the same number of links) or with irregular node degrees (one or more
subgroups of nodes with higher than average degree). Setting Weights=0.9 ensures that
the intrinsic activity of each nodee@unted for 10% or 100% of its output, according to
whether afferent connections were present or not. If there was only one afferent
connection, its contribution was 90%. If there was more than one, their contributions
must have added up to 90%, so tlmeirtindividual contribution was substantial even if

the number of connections was high.

3.2.3. RESULT VALIDATION

For each network, 50 independent simulations were performed and the accuracy,
sensitivity and specificity of detection of causal connections werstifjed. Each one

of these 50 simulations resulted in a connectivity matrix that, before being compared to

t he net wor k'’ s true connectivity matri x,
validation. Preprocessing consisted in averaging the causalityem fitequency bands,

for the measures that provide spectral information, and keeping only positive DOI
connections, thereby excluding situations of bidirectional influence. The three
frequency band&Biswal etal., 1995)werelow (0.5-15 Hz for EEG and 0.00.055 Hz
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for BOLD), high (15-30 Hz for EEG and 0.056.1 Hz for BOLD) andall (0.5-30 Hz
for EEG and 0.0D.1 Hz for BOLD).

Significance testing was performed for each causaiétricin the following way.Time
domain GC statistical validation ehchcausal relation was achieved with ateSt on
the null hypothesis that all theorresponding ARcoefficiens are zero. Tests were
performed with an initial ywalue of 0.05 which was Bonferroni corrected wherethe
model order was higher than one.

Since the statistical distribution of the remaining causality measures is not defined, their
statistical significance was assessed using surrogate mégettis 2010jhatconsisted

in phase randomization and correlation nullification between vas#Bhccala et al.,

2006) Hence, a null population Hao becreated using the original variables, for which

the causal relationship between the new variables is removed but their time and spectral
distributions are preserved. For spectral GC and VARMA and SS based GC measures,
this was achieved using Fourier traorshed surrogatelheiler et al., 1992)Since the
previous method does not ensure the preservation of the intensity histogrartimaéthe
series, the AAFT surrogate meth@gchreiber and Schmitz, 199%as preferred for the

TE measures. Each PSI measure was normalized by its standard deviation, estimated by
the jackknife method. Normalized absolute values above 2 wer@ewst significant

(Nolte et al., 2008)

After statistical validation, the results for each simulated network can be reported in

terms of accuracy, sensitivity, and specificity.

Throughout this work, every pareetric measure (except GC based in VARMA and SS)
were estimated with model orders of 1, 3, 5, a value estimated with BIC and a value
estimated with AIC. In turn, these methods searched for model orders from 1 to 30 for
time-seriessampled with conventionalRs and from 1 to 50 for TRs below 0sl
Accuracy, sensitivity and specificity from each of the five model orders were computed
and only the highest values were chosen. By doing this we tried to mitigate the
problems related to inadequate model ordezcteln. In the case of large networks (5
nodes or more), additional measures were used to classify each network. These
measures were based (Rubinov and Sporns, 201@nd consisted 1 number of

nodes, link density, standard deviation tbk indegree, outlegree and degree in

1 An brief explanation of these methoidsprovided in the Results section 3.3.5.
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network nodes, median value of the clustering coefficient and assortativity coefficient.

A separation indexSl) was then computed:

gl = mediar{f B- mediah N (3.2)
std(P + std N

Here,P andN represent the estimated array otisality values for existing and non
existing links, respectively. Sl is positively influenced by the separation between the
population of true positives and false negatives and between the population of false
positives and true negatives, and negativelly@mced by their width, expressed by the

standard deviation.

3.3. RESULTS

Due to the large number and diversity of simulations, the results are shown and
analyzed under different perspectives. In the firstsediion, we present the overall
results for netwiks comprised of 2 and 3 nodes in the whole simulation universe and
for all tested measures. This way, measures with a poor overall performance can be
excluded and the focus can shift to the most sensitive ones, which will be submitted to a
more specific malysis. After identification of the most accurate measures, we search for
the simulations that led to the highest accuracy rates as well as the minimum neuronal
delay for an acceptable sensitivity, and we assess how they behave in larger networks.
From ths section on, lap ased names have been abbreviat
indicate the pairwise gpairwiseconditional version of the measure, respectively. The

full key is given in Table3.4. Detailed sensitivity and specificity results for each

measureacross a range of realistic values can be consulted in Appendix B.
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Table 3.4: List of measures used throughout this stuéhcluding abbreviationand examples of
application to simulated BOLD tirseries, ifthey exist.

Measure Description In simulated
BOLD

TE Transfer Entropy: linear quantizati¢8creiber 2000) -

knnTE Transfer entropyk-nearest neighborquantization Kraskov et al. (Lizier et al.,
2004). 2011)

binTE Transfer entropy: binary quantization. -

PartGGC Geweke’'s formulation for spec -
partition matrix improvemenfChen et al. 2006)

PSI Phase Slope Index: a phase dependent measure not based in the -
prediction improvement principle.

PDC Partial Directed Coherence: Spectral decomposition for Granger (Smith et al.,
causality based in the Fourier transfod#&R coefficient matrix. 2010)

GClI Classic Granger causality insensitive to frequency components  (Deshpande et
(Granger, 1969) al., 2009a)

GGC Geweke’' s Gr anpgcral decompostian far Grgnger S (Demirci et al.,
causality based i(Beweke d¥Bke' s f 2009)

BiosigGC Spectral Granger causality provided by Biosig toolbox based in ~ (Smith et al.,
Bressler’”s formulati on. 2010)

DTF Directed Transfer Function: Spectral decomposition for Granger (Smith et al.,
causality based in the transfer matrix. 2010)

DC Direct coupling: Spectral decomposition for Granger causality bas (Smith et al.,
in the Fourier transformed AR coefficient matrix. 2010)

6npo6 pr Nonparametric implementation of AR model dependent measure (Dhamala et

al., 2008)

3.3.1. OVERALL RESULTS

In order to provide an overview of the performanteach measure, the median values
of the accuracy, sensitivity and specificity distributions are presented in 3abfer
simulations covering all possible combinations of parameters shown inJable

Table 3.5: Median values for accuracy, sensitivity and specificity for simulations in 2 amod&

networks Results for 2hode networks are obtained with conditional analyBie complete distributions
can be found in Figure®2-4 for 2-node networks an8.6-8 for 3-node networks.

Measure Accuracy (%) Sensitivity (%) Specificity (%)
2-node 3-node 2-node 3-node 2-node 3-node

npPartGGC 68 68 60 56 92 89
npPDC 45 55 32 28 68 75
npGGC 68 68 60 56 92 91
npBiosigGC 30 42 12 11 46 60
npDTF 53 57 46 41 74 74
npDC 48 54 38 34 68 71
TE 50 63 2 4 96 95
knnTE 55 59 30 24 88 83
binTE 50 66 0 0 100 100
PartGGC 74 72 68 58 96 94
PSI 51 66 4 4 100 99
PDC 60 63 54 43 82 85
GCl 78 73 74 63 94 92
GGC 74 72 68 56 96 95
BiosigGC 38 51 18 19 62 74
DTF 60 64 54 49 82 81
DC 56 62 50 47 78 79
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The complete distribution pertaining to thex@de network simulations are presented in
Figures 3.2-4. These results are shown alongside those obtained with the neuronal
signals that originated the simulated BOltine-series This is meant to provide a
comparison with the neural driver, which is free from the effects of vascular smoothing

and low temporal sampling rate that are typical of the BOLD signal.

In Figure 32, it can be seen that measures sG&i, GGC and the pation matrix
improvement (PartGGC) as well as th&iP counterparts (npGGC and npPartGGC)
have the highest accuracy distribution for the BOLD signal. This was expected due to
the equivalence betwedBCl and GGC (Geweke 1982). In the case of the neuronal
signal, all the measures studied here, with the exception of binary TE (binTE) and TE
with 100 intervals linearly quantized (TE), almost always achieve 100% accuracy.
Aside from measures with median distribution points around 50%guare 32, the
causality measures (parametric ardP) based on the Biosig implementation of
Geweke’' s spectr al decomposi tion (Bi osi gGC
distribution predominantly below 50%, for the BOLD signal, meaning that they actually
perform worse than random egsing. However, for the neuronal signal BiosigGC
performs optimally, showing accuracies around 100% that are comparable to the
remaining measures. By consulting the theoretical formulation of BiosigGC, as used in
this study, in Appendix AA.2), it can beseen that it differs from the formulation of
GGC proposed by ifA.1) (Bressler et al., 2007). Although this is further examined in

the Discussion, we believe that this may be behind the unusual behavior of this measure

in context described herein.

Neuronal

npPartGGC
npPDC
npGGC
npBiosigGC
npDTF
npDC

TE

knnTE
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Figure 3.2: Accuracy distribution for all the simulatedn®dde networksfor the simulated BOLD and
neuronal signals. Bullets represent th&ributionmedian value.
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Accuracy is a very limited measure becausendrely expresses the rate of correct
classifications, thus mixing true positives and true negatives. Therefore, the sensitivity
and specificity of each measure were also computed and are shown in Biguses

34, respectively. It can be seen that nuees that show the highest accuracies in the
BOLD signal (PartGGCGCI and GGC) also show the highest sensitivities. Although
sensitivity is generally lower than accuracy in these measures, their spedHigitye(

34) tends to be close to 1 and higheart in other measures with average sensitivity.

This means that these measures may be insensitive to some causal relations but are

unlikely to produce spurious values of causality.

TE measures with linear quantization are highly insensitive in both né@mt&OLD
simulations. Theknn approachproves to be a worthy improvement to this Hioear
measure. There is no tradeoff between sensitivity and specificity in the BiosigGC and
npBiosigGC for BOLD signals, since their reduced sensitivity is not comgehby
improved specificity.

BOLD Neuronal
npPartGGC [ ——————— i« I—————
NPPDC | — — —
npGGC | - e« EE—

npBiosigGC | (e — sasusns)
NPDTF | —— s « I ——————
npDC .

TE| Cr—QEE0EEIIB O @ ©

(8]
(@]
5o@®5®®6

Cm—
knnTE c

binTE | ® — (e —
PartGGC ®
PSI | m@mmmm——————— COOOOOOECORC00000000000000000D ®
PDC | ——— s O]
GCl - S ®
GGC | ———————— I« ——— ®
BiosigGC | —— e m— -] ®
=)

p
(e

DIF | —— e«
DC | ———— - .

- ®

0 0.2 0.4 0.6 0.8 1

o
b=
n

Sensitivity

Figure 3.3: Distribution of the sensitivity for all the simulateeh®de networkdor the simulated BOLD
and neuronal signals. Bullets represent the distribution mediar

In order to understand the dependence between accuracy and simulation parameters, a
multiple linear regression was performed for the BOLD simulations, with the
normalized simulation parameter values as model covariates, for every causality
measure. . The salts are presented Higure 35. Most measures showed a strong
positive dependence on the neuronal delagnd connection strengtlv, a moderate
positive dependence on SNR, a strong negative dependence on the hemodynamic
variability and a moderate negatidependence on TRIP measures and PSI showed a
higher dependence on TR. GGC measures appeared to be less sensitive to hemodynamic

variability than the remaining measures, which may explain their better performance.



BiosigGC showed a negative dependenwidd SNR, most likely due to the fact that the
accuracy distribution of this method is centered below 50%, meaning that it actually
performs worse than random guessing, or worse than sseasitivity classifier (i.e. all

links classified as unconnectedhs SNR decreases, this method becomes less
responsive and itklse positiverate also decreases, which leads to an increase if the

accuracy was originally below 50%.
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Figure 3.4: Distribution of the spediity for all the simulated 2ode networkg$or the simulated BOLD
and neuronal signals. Bullets repregietdistribution median value.

The same analysis was performed femdgle networks, with similar findings. Figures
3.6-8 show the distributions of eoracy, sensitivity and specificity, respectively for all
studied measures. Both pairwise and conditional formulations are now included, since
the number of nodes is higher than 2. AgaB(Cl, GGC, PartGGC and theMP
formulations show higher accuracy wat than the remaining measures in the BOLD
networks, and near optimal accuracies in the neuronal signal networks. There is no
apparent difference between the accuracy in pairwise and conditional implementations.
However, there is a sensitivity/specificityadeoff: pairwise measures show higher
sensitivity whereas conditional measures show higher specificity. This was expected as

spurious causalities (sbal | e d prima facie’ causality)
undetected when conditional analysis is us¢dhe cost of reducing the sensitivity (due

to the additional knowl edge of other variab
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Figure3.5: Dependence of accuraagy 2-node network®n the simulated parametdiBR, delay, weigt,
SNR and HRF variability) fothe entire simulation univers@he color bar represents the regression

coefficient
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Figure3.7: Distribution of the sensitivity for all the simulateen8de networkgor
and neuronalignals. Bullets represent the distribution median value.
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The dependence between accuracy and simulation parameters remains identical to the 2

node situation. The strongest dependencies, showigume 39, belong to the neuronal
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delay d and the hemodynamic variability. Agail\P measwes show stronger

dependence on TR.
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Figure3.9: Dependence of accuraay 3-node network®n the simulated parametdi&R, delay, weight,
SNR and HRF variability) for the entire simulation universe. The@rcbhr represents the regression
coefficient.

For the majority of measures, triangular topologies lead to worse detection accuracy in
the case of BOLD simulations, as can be sedrigare 310. The opposite occurs for

the neuronal signal, for all measumscept linear TE and BiosigGResults for lag

based measures applied conditionally in realistim8e networks scenarios (SNR = 4,
HRF variability = 50% and Weight=0.6) can be examined in Appendix B for an array of
neuronal delays and conventional TRues from Table3.1 and an additional set of
equally spaced sub OsITR values. VARMA and SS based GC results are fremode
networks only, instead of-Bode networks. GGC ardCl offer the best overall results
(Figure B.1), while BiosigGC and PSI showfavorable performances in most cases
(Figure B.3). Except for npGGC (Figure B.1), that seems to have some issue with sub
0.1 s TR in threenode networks, every measure shows sensitivity increasing with
diminishing TR and neuronal delay and, on the otla@dha less pronounced decrease

in specificity. Even though VARMA and SS GC were tested only foo@e networks
(Figure B.4), their results are promising, especially when considering that AR and
movingaverage (MA) model order search was limited to 4 dalggbservations

(compared to the 1 to 30 or 50 model order search applied in VAR models)
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Figure 3.10: Median value of the accuracy distribution for all simulatedode networksComparison
between three etwork topologies: divergent networks (div), sequential networks (seq) and triangular
networks (tri).

3.3.2. CONDITIONS FOR HIGH A CCURACY

In order to understand in which conditions high accuracy can be achieved, we now
focus on the distribution of values presmhby the simulated variables for accuracies
higher than 90%. Due to the similar outcome betweemn &@d GGC measures, only
GClis presented. Within this accuracy range, only 6% of cases correspond to neuronal
delays between 5 and 1685 26% between 100nd 500ms, 34% between 50tsand

1 s and 34% between & and 3s. Also, 15% of the cases correspond to neuronal
weights of 0.3, 42% to neuronal weights of 0.6 and 43% to neuronal weights of 0.9.
Regarding HRF variability, 41% of the cases correspond ted@dability, 35% to 50%
variability, and 24% to 100% variability.

Figure 311 shows a multivariate mutual information analysis between simulation
parameters that highlights reciprocal relations in these values of accuracy. Correlation
between pairs of vables was also performed. A strong relationship is evident between
the positively correlated neuronal delay and hemodynamic variability, between the
negatively correlated SNR and connection strength and between the negatively
correlated TR and SNR. Thisuggests that high accuracy in the presence of high
hemodynamic variability can be achieved with high neuronal delays andesis®, and
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high SNR compensates for low connection strength andveisa. Also, the pairing of

low TR and high SNR suggests semesilience of this measure to hemodynamic
variability with subsecond TR and high SNR, in agreement with (Seth et al., 2013).
However, since this effect is less pronounced than the previously mentioned ones, we

explore it further in the next section iness strict selection of results.

0.2

Variables:
1-TR 4-SNR

2—delay 5-HRFvar

MI

Variable Combination

Figure3.11: MI for combinations of variables involving only the simulatiomish accuracy higher than
90 % infor the GCI measureHigh MI values for a given combinaticof variables means that their
values are highly correlated or antirrelat

3.3.3. INFLUENCE OF NEURONAL DELAY ON ACCURACY

Tables3.6 to 3.13 show the minimum neuronal delay needed to reach 80% sensitivity
for the GC and TE measures, forn@de and 3ode network, for different
combinations of TR, SNR and HRF variability. Hyphenated cells indicate that
sensitivities above 80% are never achieved. PSI (Taak) is only shown for sub
second TR and-Bode networks because the results foro8e networks are simia

and for higher TRs the 80% sensitivity threshold was rarely achieved. PDC, DTF and
DC are also omitted as they generally score below GGC and do not offer any additional

advantage. Results forr®de networks are only shown for conditional measurestadue

their i mproved specificity. Results are gr
values from 2 to 1.25, “l ow TR’ sfama@dm*®Vetry 005 TR’ refe
0.025s.

GCI (Tables3.6 and3.7) and GGC (Table8.8 and3.9) achieve a sensitityi higher

than 80% for neuronal delays below 586 for realistic scenarios (Weight = 0.6, SNR

= 4, HRF variability = 0.5) and standard
involving 2-node networks and for delays around 608in 3-node networks. In the

worstcase scenarios, these values stay below or aroumdod 2-node and dode

net wor ks, respectively. When the BOLD sighne
TR’ gr oup, -nce metworlss shHow that defays below 108 can be
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detected wh at least 80% sensitivity in realistic scenarios and, provided that SNR and
synaptic strength are high, this also occurs in the most extreme case of HRF variability.
Sub 100msdelays are not detected in the conditional analysisrafd® networks.

The NP implementation of GGC (Tabléx10 and3.11) has a similar performance for
slightly larger (O to 20bnsh i g her ) del

group are similar to its parametric counterpart only for Weight = 0.9.

neuronal ays. | mprove

The information thetic measure knnTE can only reach similar sensitivitiesnod
networks (Table3.12) if connection strength and SNR are high and, although sampling
t he ° ow TR’

results to Grangr measures. Similar conclusions apply in the case of PSI

from very | significantly impro

Table3.6: Minimum delay () required for 80% sensitivity for the GCI measure-ind2le networks

very low TR | W=0.3 very low TR | W=0.6 very low TR | W=0.9

SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 50 200 600 5 200 600
4 - - - 5 75 400 5 5 25
1000 75 300 - 5 50 350 5 5 25
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 200 400 700 200 400 700
4 1500 1000 - 75 250 700 25 250 700
1000 250 400 600 50 250 400 5 200 400
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 200 3000 - 300 450 800 200 400 800
4 800 1500 1500 150 350 700 100 350 700
1000 700 700 900 250 350 700 50 250 500

Table3.7: Minimum delay (ms) required for 80% sensitivity for the GCI measureniad® networks

very low TR | W=0.3 very low TR | W=0.6 very low TR | W=0.9

SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 300 600 1500 300 500 700
4 - - - 200 600 1500 200 600 700
1000 75 300 700 50 300 700 75 350 600
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 400 700 1500 350 700 1500
4 1500 1000 1500 250 600 900 200 450 1000
1000 350 400 600 75 400 600 50 400 700
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 2500 - - 450 700 1500 500 700 1500
4 1500 - - 300 600 1000 200 600 1000
1000 800 800 800 350 700 900 250 600 900
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Table3.8: Minimum delay (ms) required for 80% sensitivity for the GGC measureniod2 networks

very low TR | W=0.3

very low TR | W=0.6

very low TR | W=0.9

SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 1000 - - 50 300 500 50 150 400
4 1000 - - 5 75 400 5 5 250
1000 500 - 1500 25 75 400 5 5 100
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - 2500 - 250 400 700 200 500 700
4 1500 1500 - 200 400 700 75 250 700
1000 900 1000 2000 75 350 400 5 250 400
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 2000 2000 - 300 350 700 250 400 800
4 1500 1500 2000 150 350 700 150 350 700
1000 1500 1500 1500 400 400 700 100 300 500

Table 3.9: Minimum delay (ms) required for 80% sensitivity for the for the GGC measurenod@&

networks
very low TR | W=0.3 very low TR | W=0.6 very low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - - - - 25 400 2000
4 - - - - - - 25 300 1500
1000 - - - 400 600 900 25 250 600
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 2500 3000 - 450 700 1000 300 700 1500
4 1500 1500 2000 250 600 1000 200 500 900
1000 1500 1000 1500 300 500 600 150 450 800
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 600 900 1500 500 700 1500
4 1500 - - 350 700 1000 250 600 900
1000 1000 - - 500 700 1000 200 500 700

Table 3.10: Minimum delay (ms) required for 80% sensitivity for thd® GGC measure in-Bode

networks
very low TR | W=0.3 very low TR | W=0.6 very low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 25 450 800 5 50 300
4 - - - 5 300 800 5 25 200
1000 - - - 5 150 450 5 25 150
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 300 600 900 250 600 700
4 - - - 250 500 700 150 400 700
1000 900 1000 - 200 400 600 200 300 400
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 450 800 1000 350 700 1000
4 3000 3000 - 350 450 800 150 450 800
1000 1500 1500 1500 500 700 700 250 350 700
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Table 3.11: Minimum delay (ms) required for 80% sensitvfor the NP GGC measure in-Bode

networks
very low TR | W=0.3 very low TR | W=0.6 very low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 1500 - - 1500 2000 2000
4 - - - 800 1500 - 1500 1500 2000
1000 - - - 700 700 - 700 800 1500
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 600 900 1500 400 800 1500
4 - - - 350 600 900 250 500 1000
1000 - - - 400 500 700 600 600 800
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 1000 1500 2000 700 1000 1500
4 2500 2500 3000 700 900 1500 350 600 1500
1000 1500 1500 2000 700 900 1000 700 700 1000

Table3.12: Minimum delay (ms) required for 80% sensitivity for the knnTE maea 2node networks

very low TR | W=0.3

very low TR | W=0.6

very low TR | W=0.9

SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 450 1000 2000 450 700 700
4 - - - 200 600 2000 150 400 700
1000 - - - 200 300 600 50 400 600
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - - - - - - -
4 - - - 1000 1500 3000 400 700 1500
1000 - - - 500 700 3000 75 350 1500
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - - - - - - -
4 - - - 1500 - 2000 450 1500 1000
1000 - - - 400 700 2000 100 400 1000

Table3.13: Minimum delay (ms) required for 80% sensitivity for the knnTE measurenmd@ networks

very low TR | W=0.3

very low TR | W=0.6

very low TR | W=0.9

SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - 2500 - - 450 700 1500
4 - - - 1500 2000 2000 500 600 1500
1000 - - - 1000 1500 - 250 450 1500
low TR | W=0.3 low TR | W=0.6 low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - - - - - - -
4 - - - 2000 - - - 2500 3000
1000 - - - - - - 600 3000 2000
high TR | W=0.3 high TR | W=0.6 high TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - - - - - - -
4 - - - 2500 - - - - -
1000 - - - - - - 2000 2500 -
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Table3.14: Minimum delay (ns) required for 80% sensitivity for the PSI measure-imogle networks in
very low TR. Other values of TR are omitted due to the lack of results that fulfill these criteria

very low TR | W=0.3 very low TR | W=0.6 very low TR | W=0.9
SNRHRF 0 0.5 1 0 0.5 1 0 0.5 1
1 - - - - - - 1000
4 - - - 800 - - 450 800
1000 - - - 150 400 600 150 250 600

3.3.4. THE EFFECT OF LOW SAM PLING AND HIGH SNRON INVARIANCE TO

HEMODYNAMIC CONVOLUT ION.
The above results seem to substdatprevious findings (Seth et al., 2013) suggesting
that, given a sufficiently low TR and added noise, HRF variability is not detrinaatal
sefor lag-based measures, namely G&gure 312 shows how the most representative
measures in this study beindfom very low values of TR and added noise (SNR =
1000) by comparing their sensitivity (to a neuronal delay oiS@&nd synaptic weight
of 0.6) fortime-serieswith similar sampling with and without convolution with a HRF

with realistic variability (HFE variability = 0.5).

] neuronal |, . ..

Sensitivity

0.1
5 0.2
TR(s)

Figure 3.12 Sensitivity distribution for the most distinct Hogised measures fdime-series with
decreasing sampling periedth (blue bars) and without (white bars) hemodynamitvotution.

Every measure except knnTE shows improved sensitivity to this neuronal delay with
decreasing TR as the gap between sensitivity for BOLD and neuiroeaderiescloses.
Amidst these measureSCl and GGC (parametric adP) have the most pronooed
improvement and PSI suddenly improves at &0Phe small gain in PDC and knnTE
suggests that this neuronal delay may be too challenging.
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3.3.5. INFLUENCE OF NUMBER OF NODES AND NET TOPOLOGY .

The behavior of these measures when applied to networks withthare3 nodes is
clearly an important issue. Therefore, simulations involving networks with 3 to 10
nodes were carried out. Networks were randomly generated, according to the scenarios
defined in Table3.3, in order to yield connectivity matrices that cowahge between

even distribution of links and strong concentration of links (inward or outward) in a
single node. As the increase in the number of parameters to be estimated for the AR
model (consequence of a higher number of nodes) requires an incrédasaumber of
measures (Harrison et al., 2003) these networks were simulatithdeserieswith 2.5

and 10 minutesFigure 313 shows the distribution of relevant complexity measures
across the whole sample of simulated netwdrksk densityis the nunber of links per

node. In-degree standard deviationmeasures to what extent inward links are
concentrated on a small number of nodes (high values) or uniformly spread (low
values). The same definition applies@ut-degree standard deviatiofputward links

only) and forDegree standard deviatiafall links). TheMedian clustering coefficiens

a measure of the density of clusters in the netwAdsortativityis an indicator of
network resilience that distinguishes networks with a high number of intetamse
between high degree nodes or hubs (more resilient, since their hubs are highly
connected) from networks with few interconnections between these hul® ubesov

and Sporns, 2010pr more detailed explanations concerning these texnpetwork

measures.
In—degree Out-degree
Link density standard deviation standard deviation
300 300 300
200 200 200
100 100 100
0 0 0
02 04 06 0 1 2 05 1 15 2 25
Degree Median
standard deviation clustering coefficient Assortativity
400 600 400
400
200 200
200
0 0 0
0 1 2 0.2 04 06 08 1 -0.5 0 0.5

Figure 3.13: Distribution of network measures for the networksl@Bnodes)used to test the effect of
node number and link density.

Ideally, these simulations would have coveredhral lagbased measures considered so

far. However, this would not have been feasible in terms of computation time.
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Therefore, we focused on the conditional GGC, PartGGC @&@t measures, since
these perform better than the remaining ones. The neuronglwataraised to %in

order to avoid any influence of this parameter on the results. Results for pairwise
measures are not shown, due to their low specificity for higher node numbers. TR was
set to 1s as a compromise between long and short TRs. The mergavariables
assumed the values from Tal3I8, in order to recreate three distinct scenarios. All the
following scenarios were simulated resorting to the parameters from3.able

In the following three experiments, although we tested GGC, PartGGG@hdiue to

the close similarity between the results we only show those concea@mgFigures
3.14-16 show the sensitivity and specificity foime-serieswith 10 minutes from
networks with varying number of nodes and density. The difference between thes
results andime-seriesof 2.5 minutes is reflected in the color scale of these maps. For
the besttase scenario, in the case of BOLD signals (no HRF variability, high SNR),
sensitivity decreases slightly with the number of nodes and more markedly with
increasing link density, as can be seefRigure 314. As expected, sensitivity in large

and dense networks suffers with shottere-seriesand a marked decrease in sensitivity

is seen in high density networks for shiimie-series Specificity is alwaysigh (above

89%), and is not affected by the increase in the number of nodes. Neuronal signal
results are not shown as their sensitivity and specificity are always close to 100% and
weakly related to the number of nodes or link density. Additionally sihisilation was
repeated for a much shorter sampling period (TR of 0.025 with and without HRF
convolution) during 2.5 minutes. The decrease in sensitivity persisted but was less

significant (the minimum value of sensitivity was around 60%).

Sensitivity Specificity

coor it Ho
: Sl -0.5
25

059" 051

25

0

AT 5 S 50

’ 5 34 75 Link
5673 910 106 5678 910 100 Density (%)
Ne Nodes N° Nodes

3 4

Figure 3.14: GCI sensitivity and specificity for the besase scenariduring 10 minutes, for random
networks with increasing node number and densitysifoulatedBOLD signals. Adding the color value
to the surface-axs value results in the-axisvalue for 2.5 minutetime-series
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The averagease scenario is considered to be a realistic situation in terms of the SNR
and HRF variability. As can be seenHigure 315, differences with respect to the best
case scenarisvere small in terms of both sensitivity and specificity, however shorter
time-series showed a more pronounced decrease in sensitivity that seems to be
compensated by an unexpected increase in specificity for dense networks. Thus, the
performance of this pasure shows considerable robustness with respect to increases in
HRF variability, and the decrease in SNR does not seem to have a strong effect on the
performance of this causality measure. For the neuronal signal (results not shown) the

differences withrespect to the bestse scenario are very small.

Sensitivity Specificity

0.5 0.5

-0.5
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Figure3.15: Analysis similar to that dfigure 314 with GCI, for an averagease scenario
Application of this approach to the most pessimistic scen@eeFigure 316) leads to
a drastic decrease (up to 50%) in detection sensitivity especially intsherseries
However, the specificity remains reasonably acceptable for sparse networks, hence the
control over falsgositives remains satisfactory.

Sensitivity Specificity
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Figure 3.16: Analysis similar to those of Figur&sl4 and3.15 with GClI, for the worstase scenario

The dependence of the separation in@@2) on the network characteristics, for the
three causality meases with best performance, is showrFigure 317. The number of
nodes and the actual link density have a high negative effect on the separation of the

estimated causality value between existing links andexasting links in all situations.
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This separabn seems to improve with increasing concentration of inward links and
clustering coefficient and to worsen with increasing concentration of mixed links
(inward and outward). These relations are stronger for high SNRs and low HRF
variability. In all casesgoncentrations of outward links and assortativity do not affect

the separation.

Best case

GGC 9
PartGGC 1
GCTime 7 06

Average case

GGC b 0.2
PartGGC 1
GCTime 7 0

Worst case

GGC |

PartGGC F I ] 04
GCTime ¢ b

Neuronal

GGC ] -0.8
PartGGC 1
GCTime 9 -1

nodes  dens inStd  outStd degStd  clust  assort

Figure3.17: Dependence of the separation index of three causal measures on six network mieasures
three BOLD scenariosna for the neuronal signal with the highest SNR. The network measures are (left
to right): link density, indegreestandard deviation, owtegree standard deviation, degree standard
deviation, median clustering coefficient, and assortativity.

3.4. DISCUSSION

The application ofGC to fMRI, as well as related ldgased measures, has led up to
now to a considerable number of studies, but at the same time has raised a significant
amount of concern and skepticism due to inherent limitations of the technique. The
estdlishment of definitive conclusions and guidelines about the applicability of a given
method to a specific situation or modality requires a clear understanding of the
theoretical basis of the method throughout the scientific community. Up to know, we
feel that this debate has been marred by insufficient agreement on the specific
formulations of GC that are used and by a lack of thoroughness in the range of
experimental parameters covered. As we have shown, the choice of GC formulation is
critical for the otcome. We believe that the present study is the first to
comprehensively cover a very significant fraction of GC andr@é&ted measures and

to discriminate the results obtained with each of them. In particular, care was taken to
explicitly distinguish beteen pairwise and multivariate formulations, on the one hand,

and between strictly timdomain and spectral formulations, on the other hand.

82



Simulating different networks in near realistic conditions provides a way to compare
different causality measureqch gain a deeper understanding of their limitations,
thereby allowing for an informed use of the measures in question. This has been the
approach of most studies, although a few of them have extended their soopgvto

data (for example David et al.0@8). The current study resorted to simulations of
networks with 2 and 3 nodes, covering a broad range of plausible parameters,
complemented with simulations of networks with up to 10 nodes focusing on more
specific scenarios and (for computational reas@asering only the begierforming

GC formulation. The simulations carried out in the present study allowed to conclude
that time domain GC and spectral decomposi t
applied conditionally, provide the best compromiséateen sensitivity and specificity.
Additionally, the improvement in the computation of the partition matrix that was
described may lead to improvements in processing speed and may help to avoid
artifactual spectrum peaks and negative vali@sen et al., 2006)NP formulations

allow to dispense with the potentially problematic step of model order selection and
were shown to achieve results similar to their parametric counterpart, even when the
results of the latter are chosen to be the best among three difievdel orders (1, 3,

and 5) and two order selection techniques (BIC and AIC). Nevertheless, other aspects
such as the number of points for the computatioin@FFT or the use of other spectral
estimation methods need to be considered to guarantee gengerof the WilsoiBurg
algorithm, but these depend only on timae-seriesunder analysis. Transfer entropy
only achieves satisfactory results if quantization intervals are adjusted to the point
distribution density with th&nnalgorithm. TE was showrotbe less sensitive than GC
measures, but has the advantage of being sensitive #inean couplinggLizier et al.,

2011) although this advantage was not tested in this work. Phase Slope Index, despite
showing optimal results in the simulated neuronal signal, has poor sensitivity in the case
of BOLD time-seriesfor short neuronal days, even when BOLD is simulated without
noise or hemodynamic variability. However, as can be seen in Fig4es8 and B.3,

PSI shows high values of specificity in the few situations where its sensitivity is
satisfactory, meaning that when an intei@ttis detected, it is almost certainly a true
positive. The remaining measures included in the present study, nReBENDTF and

DC generally perform below GC measures, although their performances are comparable
in the realistic situation presented in Agoglix B. Regarding VARMA and SS based

GC methods, the long computation time required for the estimations hinders their use in

83



a simulation stug that aimed for exhaustivenesAs we stated previously, these
measures were limited to a maximum order of 44Brand MA polynomial. Even so,

the results, presented in Figure B.4, seemed comparable to those of parametric measures
whose model order had been chosen from an interval between 1 and 30 (or 50 for TRs
below 0.1 s) with BIC or AIC. These results are tfane in agreement with the claim
already present in previous communications (Solo, 2007; \V&ldéa et al., 2011; Seth

et al., 2013) that VARMA or SS models are promising alternativé4tAR modeling

with BOLD time-series

Concerning the unexpected betlwavof the GC measure obtained from the Biosig
toolbox, for which accuracies for neurortahe-seriesare on par with the other lag
based measures but significantly below for BOLD signals, it can be seen (Appendix A,
(A.2)) that the theoretical formulatidmehind the BiosigGC measure used in this work
differs from the formulation of GGC proposed by (Bressler et al., 200A.1), as it
represents the fraction of the total power at locati@n (Bressler et al., 2007) this is
locationi) that can be explned by the causal influence from locatjoto locationi.

The normalization of the causal term via the error covariance matrix also differs from
(A1). However, the transfer matrix terd(f) is the same for bothA(1) and(A.2) and

this may lead to siifar causality outcomes when total power at the locatiandj is
identical and thé;(f) is high enough for the normalization term to be neglected. This is
probably what occurs in the case of neurdimag-series Notwithstanding, as the low

pass filteing anddownsamplingsteps applied in BOLD generation tend to increase the
estimated undirected instantaneous causality and decrease estimated directional
influence (Roebroeck et al., 2005), thus reduchigf), the differences between
formulations becme more pronounced. We believe that this is the reason behind the

low vales of accuracy for BOLBme-seriesusing BiosigGC.

This observation reinforces one of the points that the current study tries to bring home:
in a project involvingdirected functionlaconnectivity of neurophysiological data, one
must consider very carefully whether the specific implementation of the desired method
that is chosen is appropriate. Having this in mind, a regression analysis was performed
in order to understand how theseasures depend on the experimental parameters, in
the case of hode and dhode networks. As expected, the measures globally tended to
show strong positive dependence on the neuronal dedaygl connection strength, a

moderate positive dependence on SNR,strong negative dependence on the
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hemodynamic variability and a moderate negative dependence on TR. This regression
analysis does not capture the strong influence of very low TR sampling as these results
belong to a small number of situations (very Id® and high SNR) compared to the
whole simulation universe. GC measures appeared to be less sensitive to hemodynamic
variability than the remaining measures, especiallytifoe-seriessampled with very

low TR. These trends were common tm@le and $odenetworks, although in the

latter improvements due to very low TR sampling are less marked. In addinaale3
networks allowed to assess to what extent pairwise and conditional formulations are
equally dependent on experimental parameters. Howevergaecat differences were
found. NP measures were shown to be more strongly dependent on TR than their
parametric counterparts, both fonade and 31ode networks.

For the majority of measures, triangular topologies lead to worse detection accuracy in
the case of BOLD simulations. This trend was common to every measure under study,
clearly showing that this topology, involving alternative paths for the information flow

(i .e., i n this ¢ askgure )58 th® mostXhalenghg ones e e
within a context that mixes hemodynamic and neuronal delays. In the case of the
neuronal signal, the global behavior was the opposite, i.e. better accuracy for triangular

networks, with a few exceptions such as linear TE and BiosigGC.

To complement the above anadgs a Mutual Information study was carried out with a
view to identify combinations of experimental variables that led to highest accuracy.
This analysis was confined to the measure that showed an overall best performance
(GCI). A strong relationship wasvielent between the positively correlated neuronal
delay and the hemodynamic variability, between the negatively correlated SNR and
connection strength, and between TR and SNR. This suggests that high accuracy in the
presence of high hemodynamic variabildgn be achieved for high neuronal delays,
high accuracy in the presence of low connection strengths requires high SNR and that
low TR and high SNR are associated with high accuracy in some scenarios. These
observations were expected and help to undergtangractical challenges entailed by
directed functionatonnectivity studies with fMRI. Notably, this analysis suggests that,
since hemodynamic variability cannot be controlled by the user, the applicability of
these techniques may be limited to situasion which the neuronal delays are expected

to be above a safety threshold (see below for further remarks on this). Also, the

importance of high SNR becomes evident. This analysis shows that the accuracy of
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directed functional connectivity studies will beefit immensely from recent
instrumentation improvements that tend to increase SNR, notably very high field
scanners, and to decrease TR, as seen in recent proposals-shiéeloinl and GIN

(Chang et al., 2013; Boyacioglu and Barth.,

The analysg involving networks with more than 3 nodes were limited to the- best
performing measures (GGC, Part GGC & @l) and to 3 specific scenarios, due to
computational time constraints. These analyses allowed to conclude that the
performance degrades very rdgivhen the number of nodes increase tnek-series
length stays the same. However, this observation should be qualified by two
observations: firstly, detection specificity is very resilient to the increase in node
number and network density, whereas #gefity is mainly responsible for the decay in
performance. This means that the false positive rate will remain low even if the false
negative rate will increase with node number However, increasirtgriteeeriedength

to improve sensitivity for largenetworks may lead to a decrease in specificity.
Depending on the actual goal of the study, low sensitivity may be acceptable provided
that the false positive rate is properly controlled. Secondly, the differences in
performance between the besise scenar and the realistic scenario were small,
suggesting that, within this range, the impact of changes in experimental parameters
(namely hemodynamic variability and SNR) is not sufficiently strong to rule out the use

of GClin realistic conditions.

Regardingthe measures with best performance, the minimum neuronal lag that can be
detected with satisfactory sensitivity in realistic situations is in the order of hundreds of
milliseconds for conventional TRs and below I08f or t he ‘very | ow TR’
is clearly an important limitation in the range of applicability of these measures with
conventional TRs and an encouraging finding for future causality studies with very
short TRs. Nevertheless, it is important to notice that some mea&@ésGGC and
npGQC) benefit more from this very fast sampling than others, as can be deguori@

3.12, and that high SNR is imperative. Moreover, neurtnad-seriesled to very good
performances for all the measures considered herein, suggesting that, in the ceses whe
it is possible to numerically solve the hemodynamic inverse problem and to correctly
estimate the dynamics of the neural activity underlying the BOLD resp{®ased et

al., 2008; Riera et al., 2004;0Bbroeck et al.,, 2011a; Vakorin et al., 2Q0hese

measures might accurately estimate causality.
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Our findings confirm some of the limitations described and discussed in previous works
about the use of lagased measures with BOLDime-series However, the
thoroughness of the simulations carried out in this study allows for the definition of
criteria for their proper application. The main overall conclusion is that theenderof
causality in BOLD timeseries, using layased measures such@€, is atievable in
various scenarios. With conventional TRs from 0.25 $ptBis can be the case provided
that neuronal delays are in the order of hundreds of milliseconds or higher. TRs below
0.1sgrant sensitivity to neuronal delays under b@Xintra-hemigpheric) provided that

SNR is high or noise is significantly reduced. In the case of shuetseries a small
number of nodes or network sparsity are necessary conditions. Liimgeseriesare
required in order for applicability to be achieved in tlesec of large and dense

networks.

Imaging studies concerning RSNs may fulfill the demand for low node number, since
networks are composed of few independent varigilete et al., 2010; Fernandes, n.d.;

Fox et al., 2005)nd anticorrelated time coursed-ox et al., 2009)In fact, other
studies have already shown that the use of dimensionality reduction witfLI&Aet

al., 2010a; Londei et al., 2006) PCA(Zhou et al., 2009bin synthetic data helped to
improve GC estimation in larger networkother possible field of application relates

to situations whex reaction times and activation latencies are proportional and neuronal
latencies are expected to be higher than the aforementioned limits for conventional TRs.
Some studies have shown that induced responses with durations in the order of seconds
result inpopulation average hemodynamic response onset differences across ROIs. In
(Bellgowan et al., 2003}he presentation of words rotated 120° produced longer
response times (by approximately 500 ms) veell as measurable delays in areas
involved in semantic processing and retrieval. In a MEG s{dghitani and Hari,

2000) cortical activations during execution and observation of handnacticere
associated with delays between Brodmann's areas (inferior frontal cortex and primary
motor area for execution tasks and left occipital cortex and primary motor area for
observation and imitation tasks) in the order of-260 ms. Cortical activatiothrough

time was also significantly detected in fMRI data: onset differences ofe2e detected
between auditory perception and motor response, during a mental clo¢kdasisano

et al., D02) and in(Sigman et al., 2007t was also possible to trace the temporal

evolution of brain activity at the timescale of 100 ms, during a stimulus response
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readirg task with BOLD signals. Similarly, in a simple auditonptor task with
response times of approximately 950 ms, significant causality was detected using GC
(Abler et al., 2006)In another study, the measurement of slow cortical potentials (SCP)
in human subjects during target detection in tasks led to the detection of a delay of a few
hundred milliseconds between stimulus perception and motor reaction, or between a
negative SCRreadiness potential) and awareness of intention to (gacand Raichle,

2009) Taken together, these and other studies provide a body of evidence concerning
situations inwhich expected neuronal delays between regions are compatible with the
use of laghased measures such as the ones described in the current study for
conventional TRs. Furthermore, vascular latencies can be identified and accounted for
in whole brain analys with the use of breathing exercises that lead to hypercapnia
(Chang et al., 2008)r hypocapnigBright et al., 2009) Correcting BOLDtime-series

with these latency values leads to differences in causality maps, resulting in more
significant influences and in alterddMNs (Chang et al., 2008)More importantly,

(Seth et al., 2013and our findings suggest that GC inferences are robust to variable
hemodynamic response, especially in its timvpeak variability, povided that severe
downrsamplingand noise, common in typical fMRI measurements, are considerably
reduced. Considering the current trend towards the use of very high field scanners with
higher SNR and the previously mentioned denser temporal samplinglgse@atwal

et al., 2013), where setfrganized maps and GC are combined to achieve a precision of
mental chronomeyrof tens of milliseconds at 7) Tt seems safe to assume that the most

optimistic scenarios analyzed in this work will be more commonpiattes future.

3.5. CONCLUSION

All things considered, this study indicates that it makes sense to disadad measures

with fMRI data from current scanners in single subject analysis in specific situations.
Due to the strong negative influence that hemodyoasmariability has in the accuracy

of these methods for standard TRs, it is not safe to assume that direct intra or inter
hemispheric causal effects can be correctly identified without a careful experimental
design. Provided that the correct precautioestaken, causal influence can be detected

for longer processes even for weak causal influences. Furthermore, with the use of the
aforementioned blind hemodynamic deconvolution methods and/or very high field

scanners that provide favorable combinations lodrts TR and satisfactory SNR,
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limitations concerning HRF variability and low neuronal delay will likely be less
problematic. Although these conclusions requite further validation, especially with real
data, we hope that this study provides support to esudhere lagpased measures are

applied to fMRI data in the situations that have been here shown to be viable.
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APPENDIX A. SPECTRAL GC IN THE BIOSIG TOOLBOX .

The spectral decomposition of bivariate GC in the Biosig software package is based on
(Bressler and Richter, 2007)

a Sﬁ N 2
é@u s, -E*u(f)‘ o (A1)
ji 1,2}

0= s

This is similar tothe traditional GGC for pairwise analydisit it is presented as the
fraction of the total power at locationthat can be explained by the causal influence
from other locatior). Like the former measure, it is meant to be used with bivariate AR
models. In BiosigVidaurre et al., 20113pectral GC is computed by:

a Sﬁ 0 2
?“ s, 'E""(f)‘ (A.2)

=

,(1)

F (f)=1n

There are two significant differences between this formula(Ant). In the first place,

this formula has no restrictions concerning the number of variables and can therefore be
used in a multivariate context, which is not valid as explained eabdlie second
difference is thafA.2) represents the fraction of the total power at locgtidwat can be
explained by the causal influence from the same locatian location i. The

normalization of the causal term via the error covariance matrixddfsos from(A.1).

APPENDIX B. SENSITIVITY AND SPECI FICITY : TR vS. DELAY

This appendix contains sensitivity and specificity maps, for a selection of measures,
referring to a realistic situation with an HRF variability of 50%, an SNR of 4, neuronal
delaysand conventional TR values from Tal8el and an additional set of equally
spaced sub 0.4 TR values. Thre@mode networks were used and measures are always
applied conditionally except for VARMA and SS based GC results where we opted to

analyze 2node neworks.
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4.NON-PARAMETRIC GRANGER CAUSALIT Y WITH
THE HILBERT HUANG TRANSFORM

4.1. INTRODUCTION

Identifying interactions of different temporal scales is a recurrent topic from
neuroscience to meteorological or financial research. Widely used here is the concept of
functional connectivity, which is def as the statistical dependence between different
variables. However, if activity from one variable directly or indirectly exerts influence
on other variable functional connectivity measures will not identify this dependence
(Friston, 1994) This influence is interpreted as the effectawad directed functional
connectivity or causal fluence and one solution for this problem time-series
inference is the concept of causality introduced by Wiener and formulated by Granger
(Granger, 1969)the GC measure. According to the concept of causality, one stochastic
process is causal to a second if the autoregressive predictability of the second process at
a given timepoint is improved by including measurements from the past of the first. GC
has shown to be suitable for the study of directionality in neuronal interactions by
assessment on neurophysiologic data in both the frequency and time d{Bnesster

and Seth, 2011 ps well as on simulated simple systems where the direction and relative

strength of causal influence could be simulgf@dshpande et al., 2009b)

The spectral decomposition of GC was formulated by Ge@kaeke, 1982and it is
compatible with the total timdomain GC as the last is equal to the sum of spectral GC
components over all frequencies from zero to the Nyquist frequ&pmsctral GC is
important in neurophysiologic studies because causal influences between neuronal
populations often depend on oscillatory synchrdByessler and Seth, 201B8nd

spectral decomposition helps to identify the deleerce between them.

Recently,NP methods for spectral GC have been developed allowing this measure and
its variants that depend on ti&k model estimation to be computed based on FT or
wavelet transforms (WT)YDhamala et al., 2008)This methodology has evident

advantages for the GC comptibn as it does not rely on the AR model estimation thus
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not depending on estimating the correct model order or having appropriate model
consistency. Furthermore, using WT enables the possibility of a-ftegaency
representation of causality with impexytime and frequency resolution.

The HilbertHuang Transform (HHT) can also be used for the {iraguency
representation of a tirsgeries amplitude and provides greater tineguency resolution
than the aforementioned methods by calculating the IF anglitude on a set of
orthogonal functions in which the tinseries is decomposed, IMKbBluang et al.,
1998) Also, it has the advantage of greatly radgcspectral leakage, replacing the
effects of harmonic distortion by intsmave modulation and can be used for non
stationary timeseries however, it is highly dependent on the quality of EMD
algorithm used to compute the IMBduang et al., 1998)Although, Hilbert spectrum
(HS) and Hilbert marginal spectrum have been widely used for the spectral
characterization of daf@iang et al., 2005; dnaka and Mandic, 2007; Yeh et al., 2010)
this method has also been used to study ploageng (Kroger and Lakey, 2008;
SweeneyReed andNasuto, 2007and coherencéHu and Liang, 2012a; D. Liu et al.,
2012) Until now nor GC nor any causality index has been computed with the HHT
despite Hu and Liang have propose¢(Ht and Liang, 2012aand we have previously
demonstratedpromising results by computing GC between IM@odrigues and
Andrade, 2012)

Therefore, in this work we propose the necessary methodology for the estimation of
instantaneous causality and test the computation of the instantaneous spectral GC

(ISGC) and instantaneous imaginary coheee(IIC) with the HHT.

4.2. METHODS

4.2.1. BACKGROUND

Measures of GC can be assessed in the time and frequency domain in a pairwise or
conditional fashion. For multichannel datasktth conditional and pairwise analysis
can be performed. In the first, an AR modelfitted to each distinct pair of data
channels whereas in the second, a MVAR model can be fitted to the whole dataset.

When applying pairwise analysis it is expected to suffer from the drawback that it is not
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possible to discern whether the influence bewvivo channels is direct or mediated by
other channgl Kami nski .et al ., 2001)

GGChas de advantage of providing the causality values for each frequency component
making it possible to distinguish different processes within each interaction. Besides
GGC (Geweke, 1982)DTF (Eichler, 2006)and PDC(Schelter et al., 200&)an also be

used to measure causal influence in the frequency domain. All the aforementioned
methods depend on the Fourier comgas of the MVAR model estimated in the time
domain however; they differ in how to calculate the influence betvieesseries
GGCthe MVAR spectrum is decomposed into an intrinsic and causal parts and the GC
measure is calculated as the natural logarittirtihe ratio of the total spectral power to

the intrinsic powerGGCis usuallycalculated by fitting a MVAR model into the dataset
however, aNP alternative has been proposed by DhanfBlaamala et al., 2008hat
consists in computing the spectral decomposifdh matricesfrom the Wilsam-Burg
method for spectral factorizatidfVilson, 1972) The basic principle of this method is

the factorization of the spectral degsihatrix into a unique set of minimum phase
functions{. The following steps represent the analytic implementation of the solution
proposed i{Wilson, 1972)

S(f)=a(f) q(f) (4.1)

a(f)=a, , A" (4.2)

From the minimum phase spectral factor it is possible to obtain a noise covariance

matrix and a transfer function (minimum phase):

H(f)=q(f) A (44)
with which it is possible to compute the cragsectral densitpy:
S(f)=H(f)E H(f) (4.5)

allowing the computation of angC metric in the same way as their parametric

formulation.
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The coherency betweewad timeseriesCjj(f) between timeseries andj is a measure of

their linear relationship at a specific frequemay requires therossspectruns;(f) and

their autespectraSi(f) andS;(f) . Because t het(ffie praportomlty ' s
the time delay between these thseries(Nolte et al., 2008)ts imaginary part can be

seen as the time relation weighted by the coherence (absolute value of coherency)

|Cij(f)|sin( (f)) and is insensitive to neinteracting source@\olte et al., 2004)

The EMD is an iterative algorithm that removes the highest frequency oscillation from
the analyzed data at each iteration. After eaplketrion, a lower frequency information
residue remains that is further decomposed until only a trend is left. The resulting
components of this adaptive decomposition are the IMFs and represent the intrinsic
oscillations of the signal that when summed tkbguld result in the original signal.
These IMFs are defined as functions with equal number of extrema and zero crossings
(at most differed by one) with zero average between their upper and lower envelopes.
As they represent a simple oscillatory mode tbay be seen as the equivalent to a
spectral line in the Fourier estimated spectrum with the difference that IMFs may be
frequencymodulated. The EMD is a fully dathr i ven mechani sm and
previous knowledge about the signal, contrary teritty. Norden Huang developed it
(Huang et al., 1998jor the analysis of nonlinear, natationary geophysicaime-

series which might have been the thation for the datalriven character of this
method, and has spread to different applications from biomedical to financial fields.
IMFs are restricted to have the same number of zero crossings as the number of extrema
(at most differed by one) so thateth havea well behavedHT. This allows the
calculation of the HHT. For nestationary signals, with its frequency content quickly
changing across time, the HHT tends to be more satisfying than the classical spectral
analysis like Fourier or wavelet trangio providing, at least, more frequency resolution
(Liang et al., 2005)

Recently this method has suffered several improvemerttseeienvelope computation,
applicability to complex and multivariate tinseries. Among these improvements we
denote theensembleEMD (EEMD) by Z. Wu and N. Huan§WWu and Huang, 2009)

The major drawback resolved BBEMD is the frequent occurrence of mode mixing en
each IMF: one IMF having signals of widely separate scales or the same signal scale
residing in different IMFs. Therefore, the physical meaning of élslé¢- can be difficult

to interpret as sever al oscillatory modes
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intersect in time or the same oscillatory mode can be present in more than one IMF. Due
to previous studie@landrin et al., 2004yvhere the EMD showed a dyadic filter bank
behavior when applied to white noise, Wu and Huang decided to test the possibility of
mode mixng reduction by a noisassisted data analysis (NADA) method. Therefore,
the EEMD algorithm consists of creating a large number of new signals that are the sum
of the original data and a set of different realizations of white noise. Each one of these
new sgnals is subjected to EMD resulting in a large number of IMF sets. The resulting
IMF set is an average of all the previous IMF sets providing a cancelation of the noise
in each IMF. Because of the dyadic filter behavior when decomposing white noise, each
IMF is forced to have its own scale and mode mixing is avoided. Wu and HWang

and Huang, 2009roved that having the capability isolating and extractingsjaiayly
meaningful signals facilitates the examination of how a system interacts with the

correlation between IMFs of different data.

After all the IMFs are determined, the IF of each IMF at each time point can be
calculated. For a given real valuéthe-series x(t) this calculation uses its analytical
signal z(t) defined asz(t) = x(t) + iH[x(t)] = a(t)exp[i ()] wherea(t) andd(t) are the
instantaneous amplitude and phase, respectively, of thetiaabbignal andH[x(t)] is a

signal orthogonal ta(t), its HT. Now, the IF can be obtained as the temporal derivative

of the instantaneous phale(t) = ( 1 /dfjtdt. This way it is possible to obtain a
time-frequency distribution of@c h | MF' s ampl i tude aWSd by
HS(f, t) = a(f, t) is obtained. In this work we need to determine the combigxy
computingcHS, t) = a(f, t)exp[i (€ t)] to calculate the crosspectrum necessary for the

causality measures.

4.2.2. INSTANTANEOUS IMAGINARY COHE RENCY

In this work 1IC is computed in two different ways: in the first its computation is based
in the noiseassisted instantaneous coherencgHn and Liang, 2012agxcept we
calculate the imaginary paand avoid the noisassisted process. In alternative, it is
computed similarly to the magnitude squared coherence {@mniLiu et al.,, 2012)
except we use the imaginary part instead the absolute value. In the first method the
cross-spectrumS;(f, t) is calculated as the product of the comphi& from variablei,

cHS(f, t) and the complex conjugate ofiS(f, t) from variablej. The IIC can then be

calculated by:
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(cHS(f, 9cHS( )

IC,(f,1) =
(10 J(CHS( 9 cHS( £ 1)( cHI £t cHg D}

(4.6)

wher e t he < > r enpltiple stimen tnsasuremems. dng ¢ase gthe
denominator o{4.6) is zero, IIC is assumed to be also zero as the -carsslation is

also zero.

In the second method IMFs must be aligned according to their time scale (mode
aligned) and 1IC is computed time tastt andIMF pairn:

<a"'” (t)aj,n(t)eg"'““)' g ®) é
(3 0)(a,0)

The IIC for each IMF pair at each time instant is then complemented bl tifeesach

4.7)

Ic;(nt) =

IMF in the pair. Again, when the denominator(417) is zero, so will its numerator be
and the indeterminatiors resolved by assuming IIC is also zero.

4.2.3. INSTANTANEOUS SPECTRAL GRANGER CAUSALITY

ISGC computation follows a similar implementation(Rhamala et al., 2008xcept
hereSj(f, t) is calculated in the same way it is for the two implementations of 1IC in the
previous section. Therefore, wks@ have two alternatives for ISGC. However, there is
one additional crucial step before using tN@ alternative proposed by Dhamala
(Dhamala et al., 2008)5aussian random noise of infinitesimal magnitude needs to be
added to the crosspectrumS;(f, t) at each time instant in order taarantee the correct
solution of the spectral decomposition using the analytic implementation proposed in
(Wilson, 1972) In (Hu and Liang, 2012an amount of noise four orders of magnitude
less than the clean tirseries results in satisfactory raoktansquare error between
estimated coherence and its theoretical vale thus we opted to use a noisededymat
times less than the original tinseries. When noise is added, this methods can be
computed several times and the result averaged in order to average out the noise
induced causalities. Causality can also be averaged acrospdint® using an

aveaaging window.
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4.2.4. SIGNIFICANCE TESTING

The null hypothesis of lack of causal interaction is tested. Hence, a null population has
to be created using the original variables, for which the causal relationship between the
new variables is removed but their tiraed spectral distributions are preserved. This
null hypothesis is tested with a oteled test, the connection being deemed significant
if the measure, for a given frequency, falls above a chosen percentile of the null
distribution for that frequency. Foboth 1IC and ISGC measures, the method for
creating surrogates consisted in phase randomization and correlation nullification

between variables using Fourier transformed surrogates.

4.3. RESULTS

We tested the proposed methods and both their variants in mmessituations:
stationary timeseries and a nestationarytime-series Due to the novelty of these
methods and the absence any previous applicationssenes have few oscillatory
modes and no noise is added. In case more oscillatory modes or neiseldeal, it
would be impossible to tell if poor results were due to this methodology or due to a poor
EMD performance. We need to infer the viability of the methodology as EMD problems

can be mitigated witkxisting improvementsn this method

4.3.1. STATIONARY TIME -SERIES

A network comprised of two nodes is used. Two tgsees are constructed presenting

a causal influence from the first tirseries to the second. Each tiseries have two
oscillatory modes for 10 Hz and 30 Hz each and the causal influenoby ipresent in

the 10Hz. We use one second and assume a sampling frequency of 200 Hz. Both time

series can be seenkhigure 41.
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Figure4.1: Stationary timeseries showing causal influence in the 10 Hefireode 1 to node.2

We chose to use the EEMD algorithm for IMFs computation. After having these IMFs
significance tested against the null hypothesis of being IMFs of Gaussian noise they are
aligned according to their temporal scale. In this casaligpment was needed. The
crossspectrum is calculatein both ways as explained ire&ion4.2.2 and IIC can be
readily computed for each time point. lIC based in the standard-gpestrum can be
consulted inFigure 42 and IIC based in the IMF pairs cressetrum is presented in
Figure 43.
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Figure4.2: 1IC based in the standard cross spectrum is computed for each timeSpeintral resolution
was set to 1 Hz for visualization effects. Positive values offid@ time-series 1 to 2 at 10 Hz can be
observed. End effects are present due to the EEMD.
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Figure4.3: IIC based in the IMF pairs cross spectrum is computed for each time $péattral resolution
was setto 1 Hz for visualization effects. Positive values of IIC from tisegies 1 to 2 at 10 Hz can be
observed. End effects are present due to the EEMD.

Significant positive values of I3(10Hz) point to a temporal precedence of tisegies

1 around the 10 Hfrequency for both IIC methods, as expected, however IIC based in
the standard cross spectrum has higher frequency precision. We opted for a 1 Hz
spectral resolution for visualization effects though, a much higher resolution could be

used.

After addingGaussian noise of infinitesimal magnitude to the espesctral matrix, the
Wilson-Burg method for spectral factorization is applied at each time point and the
noise covariance matrixt@3) andtransfer matrix(4.4) are computedo beusedby the

GGC metre. This way, a timdrequency distbution of causality is obtained’hese
computations were repeated for 20 times and their results averaged in order to average
out noise induced causalities. A time averaging window of 5 samples was passed
through the ISG matricesISGC based in the standard crsgectrum can be consulted

in Figure 44 and ISGC based in the IMF pairs crspectrum is presented Kigure

45. In both figures only significant ISGC values with positive DOI are presented.
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Figure 4.5. ISGC based in the IMF pairs cross spectrum is computed for each time $pautral
resolution was set to 1 Hz for visualization effects. Positive values of ISGC fronséines 1 to 2 at 10
Hz can be observed.

Significant positive values of ISG&10Hz) point to a causal relation of tirseries 1 in
time-series 2 around the 10 Hz frequency for both ISGC methods. While IIC is
consistent for the temporal delay, ISGC sometimes presents faliegsosf causality

from timeseries 2 to timaeries 1. Both alternative implementations show similar
results still, the ISGC based in the standard cross spectrum produces fewer false

positives.
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4.3.2. NON-STATIONARY TIME -SERIES

A network comprised of two nodes used. Two nofstationary timeseries are

constructed presenting a causal influence from the firstsenies to the second. In this

case three oscillatory modes are used. Two oscillatory modes are stationary and have

frequencies of 3 and 8 Hz. Therthioscillatory mode is nestationary and from 0 to

0.5s it oscillates at 20 Hz and from 0.5 tx it oscillates at 36 Hz. Also, from 0.5to 1

S, this mode’' s

this mode. IrFigure4.6 the resulting timeeries can be consulted.
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Figure4.6: Non-stationary timeseries at nodes 1 andsBowing causal influence in the 20 Hz from 0 to

0.5sand in 36 Hz from 0.5 to 1 Hz.

The EEMD algorithm is used agaifior IMFs computation and after having these IMFs

significance tested against the null hypothesis of being IMFs of Gaussian noise they

their alignment is checked. No alignment was required and no -modieg was

present. The cross spectruscialculated in both ways as for the stationary thees

and 1IC is computed for each time point. 1IC based in the standardsgessum can

be consulted ifrigure 47 and IIC based in the IMF pairs creggectrum is presented in

Figure 48.
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Figure4.8: IIC based in the IMF pairs cross spectrum is computed for each time Ppéattral resolution

was séto 0.5 Hz for visualization effects. Positive values of IIC from tgeees 1 to 2 at 20 Hz can be
observed until 0.5 and after this timeat 36 Hz. Spurious values of causality are present. End effects are
present due to the EEMD.

[IC based in the ahdard cross spectrum presents consistent values of time precedence

however, the instantaneous frequencies tend to oscillate around the correct value due to

intraawave modulation. The same effect is also present in the IIC based in the IMF pairs

cross specum. End effects are always present in both alternatives suggesting that the

first and last timepoints of the EEMD algorithm need to be discarded. This can be

104



avoided by starting the EEMD some points earlier and finishing it a few points later in
case tle number of timgoints is not limited. In the IIC based in the IMF pairs cross
spectrum spurious significant temporal precedence is found at 20Hz although only one

time-series presents oscillations in this frequency range.

After adding Gaussian noise iofinitesimal magnitude (five times less than the original
time-series) to the crosspectral matrix, the WilseBurg method for spectral
factorization is applied at each time pofotlowing the procedure in stationary data.
Computations were repeated 20 times to average out noise induced causalities. A
time averaging window of 5 samples was also passed through the ISGC misf&es.
based in the standard creggectrum can be consultedRigure 49 and ISGC based in
the IMF pairs crosspectrum is pesented inFigure 410. In both figures only

significant ISGC values with positive DOI are presented.
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Figure 4.9: ISGC based in the standard cross spectrum is computed for each time Speiotral

resoluton was set to 0.5 Hz faiisualizationeffects. Positive values of ISGC from tirseries 1 to 2 at 20

Hz can be observed until Oshand at 36 Hz from 0.50 1s. Spurious causality 251
lower frequencies.
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resolution was set to 0.5 Hz for visualization effects. Positive values of ISGC fromséites 1 to 2 at 20
Hz and 8 Hz can be observeqtii0.5 sand at 20Hz and 36 Hz from 0.5 to 4

is also present.

Significant positive values of ISG&20Hz) from 0 to 0.5 and ISGG2(36Hz) from 0.5

Spuri ous

causal it

to 1 s are present in both alternatives. However, in ISGC based in the IMF pairs cross

spectrum additional causality can be aled ISGG2(8Hz) from 0 to 0.5s and

ISGCi2(20Hz) from 0.5 to 1s and this is not consistent with the simulated data. Both
methods present end effects and from 200 tord€8purious 1ISGei(8Hz).

4.4. DISCUSSION

This work is the first attempt (known to the laoits) to formulate a spectral causality

methodology that makes use of the highly informative, in both time and frequency,

Hilbert Huang spectrum. This is a highly data driven method. The only assumption

made is that the IMFs are represented as sinusoits tixeir amplitude and phase

modulated through time. Therefore, the rsdmusoidal features will be represented by

intracwave or amplitude modulatiorfsluang et al., 1998)The possibility of being able

to identify causal relations at each time step, or a small average of contiguous time

steps, offers many advantages and we assume the most relevant are the detection of

causality between nestationary proesses and the ability to unfold in timelaieral

causal relations. Concerning the first advantage, all previous methods that depend on

AR models or crosspectral estimation based in th& can only be used in stationary

data. At most, if data is widemse stationary these measures can be calculated in
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several intervalas with the shoftime FT. Nevertheless, each interval needs to have
sufficient points and this process can degrade frequency resolution. Also, temporal
resolution is never exceptionalhd& only exception is thdP GC computation with WT
proposed by Dhamal®hamalaetal.,2008) I n f act , i f it wasn’t
of using the WilsofBurg spectral factorization algorithm to obtain the transfer matrix

H(f) and the error covariance matfxthis implementation would have not be possible.

Still, the time and frequency resolution of the HHT is far superior to the WT.
Concerning the last advantage, because previous causality methods need a considerable
number of points to be computedlaterd causal relations can be assumed to occur
simultaneously. Additionally, it is common practice to use the DOI between two
variables hence, only unilateral causal relations can be identified. Using our proposed
implementation it may be possible to identftywhich intervals each causal relation of

the bilateral causality occurs.

The decision of using simple tirseries and a causal network with only two nodes is
made to avoid limitations specific to the EMD algorithm used. There are several
extensions tohte EMD algorithm and it is reasonable to think that they will keep being
developed. We decided to use the EEMD to avoid mode mixing and then check for any
necessary mode alignmentlonetheless, we could have used the bivariate EMD
extensions(Park et al., 2011)In case mar timeseries were present, noiassisted
multivariate EMD (NAMEMD) methodgN. ur Rehman and Mandic, 201dgemto be

the correct choice akese alignoscillatory modes and avoid mode mixing. The ideal
spectral GC measure could be the one developed by Y. Chen based on a partition matrix
method(Chen et al., 200&)lthoughother simpler measures can be u@&dhler, 2006;
Schelteret al., 2006) Anyhow, it is extremely important that the EMD algorithms do
not alter the time relations between IMFs nor introduce spurious information. In case
they introduce spurious information it must be subsequently removed, like in the EEMD
or NA-MEMD. Albeit our results may seem naive due to the simplicity of the
simulations they prove something not proven yet: spectral GC can be calculated from
IMFs. Also, the responsibility to deal with more complex data lies on the EMD
algorithm and the studyf the best EMD algorithm for causality estimation is not in the

scope of thisvork.

We did not present the application of this methodology with real data as we wanted to

focus on simple and controlled data. Its use with EEG data seems promising specially i
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the case where nestationaries are present (for example epilepsy or glEbpvez et

al., 2003a; D. Liu et al., 201R)With our results both IIC and ISGC were able to detect
time lagged and causal effects in stationary andstationary data with great time and
frequency resolution. When these methods use the-gpessrum based in the IMF

pairs results with nostationary data show and elevated number of causal relations in
the wrong frequencies. When these methods are computed based in the standard cross
spectum of complex HHTs these effects are not noticeable, except in the extremities
due to EMD end effects, and both stationary andstationary influences are correctly
detected. Therefore, for now we must recommend the last-gpestrum calculation

procedire.

4.5. CONCLUSION

With this work we were able to enumerate the necessary steps for causality estimation
with the highest possible frequency and time resolution and demonstrate its initial
promising results and limitations to overcome. Furthermore, an asalifitstantaneous
measure of time precedence with arbitrary frequency resolution, based on the imaginary
part of coherency, is also presented. It can be used individually or as a complement to
GC. Other measures of phase were considered likeShgNolte et al., 2008)hough it
depends on the slope of the coherency phase in the frequency domain. Because HHT

presents instantaneous frequendieis, measure is not applicable.
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5.CAUSAL INFERENCE IN N EURONAL TIME -SERIES
USING ADAPTIVE DECOM POSITION

5.1. INTRODUCTION

The study of functional brain connectivity is a weditablished topic in neuroscience
research. However, its tools and methodological foundations are far from being settled.
In the last decade, directed fuioctal (or effective) connectivity models and metrics

from other research areas such as econometrics and physics have been adopted and
customized to deal with neuroimaging data. Specifically, the theoretic framewGR of
(Granger, 1969has gained popularity as a tool to search for causal networks in the
brain. Due to the rich speal content of neuroimaging data like EEG, frequency
specific interactions are often a target of study. This motivated the use of GGC
(Geweke, 1982and the development of frequency sensitive metrics like EE2Ccala

and Sameshima, 200ahd DTF( Ka mi n s k i  which uael Fourier ttafstrmed

AR coefficients. NP alternative methof®arnett and Seth, 2014; Dhamala et al., 2008)
came to light which eliminated the dependence on MVAR modeling and the necessity
of opti mal model order estimation by wusing
function and errocovariance, thereby enabling the use of the WT to achieve improved
frequency resolution antlv analysis of stationary and natationary datédDhamala et

al., 2008) TV-MVAR approaches were also developed with the same purpose by
estimating TV coefficients via sliding windows of statiobar{Ding et al., 200Q)

optimal window lengthgLuo et al., 2013h)Kalman filtering(Havlicek et al., 2010;
Omidvarnia et al., 2011)SS modeling (Sommerlade et al., 2012y recursive least
squaregAstolfi et al., 2008; Plomp et al., 2014)

Datadriven timefrequency analysis of nonlinear and rgiationary time-serieswith
EMD algorithm and HHT was pioneered in N .
(Huang et al., 1998)Although the author demonstratdulst analysis with examples

from wind data and numerical results of nonlinear equation systems, applications to

neural data processing were soon being prop@sadg et al., 2005)The appeal of this
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method is its potential ability to adaptively decompose data as a sum of physical
meaningful components, the IMFs, that present only one oscillatory mode at any instant,
making them vible for instantaneous phase (IP), IF and instantaneous amplitude (IA)
computation with the HT. A review of the applications of HHT in geophysical studies
(Huang and Wu, 2008highlights compelling findings involving lagged correlations
between IMFs of two timseries from meteorological and climatological evefis-
Askary et al., 2004)Later, EMD phase locking (EMDPL) analysis for neural data
consisting of timerequency localization of phase locking events between IMFs, was
introduced (SweeneyReed and Nasuto, 2007)The development of multivariate
extensions for the EMD algorithrfAhrabian et al., 2013; N. Rehman and Mandic,
2010; Rilling et al., 2007as well as the use of NADAN. U. Rehman and Mandic,
2011; Rehman et al., 2013; Wu and Huang, 200@pgated some of the shortcomings

of the original algorithms(Mandic et al., 2013)and motivated additional phase
synchrony studies using IMFs of multivariate neural ddatlu and Aviyente, 2011;
Omidvarnia et al., 2013)

EMD algorithms have proven themselves able to extract informbganng
components from multivariate neural data which are susceptible of time and frgquen
localization with increased resolution, and to retain temporal dynamics that can be
identified with correlation and phase locking analysis. This, along with the ever
increasing interest in timequency causal analysis, was the main factor behind our
purpose to study the effectiveness of causality inference between IMFs. Although
lagged correlations and phase relationships are preserved by EMD, it is not certain if
this is also the case for causality as there are known drawbacks in estimating GC (and
its MVAR counterparts) from digitally filtered da{Barnett and Seth, 2011; Florin et

al., 2010; Seth, 201@uch as overestimation of optimal AR model orders, prevalence of
causality in the stopand and instability due to near vanishing spectral power.
Nevertheless, EMD methods ax# operations that, unlike digital filtering techniques

in the former works, do not disturb the temporal ordering of the data and are not defined

by a transfer function or recurrences.

The goal of this work is to present andlidate a framework to apply adaptive data
decomposition, using different EMD algorithms, to causality estimation. Special
emphasis is given to the problem of thfinequency localization of significant causal

relations between IMFs from different variableds most EMD algorithms lack a
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mathematical basis, we have tried to accommodate the concomitant absence of
formalism with thorough experimental tests including realistically simulated datasets
and real animal epicranial recordings. The first experimer& #ll pairs of
combinations of EMD algorithms and causality metrics, with synthetic neural data
generated in networks with two and three nodes, for sensitivity and specificity. The
effect of EMD in model order estimation is also considered. Based oe tesslts,
specific pairs are chosen to exemplify this analysis in-tmaariant and timevarying
causality with stationary and neatationary data respectively. Finally, we subject the
same pairs to the tirfeequency causality analysis performance datérom (Plomp et

al., 2014)

To the best of our knowledge, this is the first time that an approach combining EMD
based decomposition and causal analysis of neuronal signals is proposed armghiyrorou
validated. We expect that this combination of two wesHlablished analytical
procedures will be a significant addition to the existing body of techniques applied to

the study of neuronal signal interaction.

5.2. METHODS

In this section, univariate vari@d are presented in italic and multivariate variables in

boldface.

The main idea of the approach followed in this paper is to infer the causal relations
between pairs of IMFs and localize them in a tineguency plane given by their
instantaneous functienlFs. Like other causal estimation approaches, causality can be
inferred for pairs of IMFs from two variables, conditional to all IMFs of remaining
variables and, if IMFs are scale aligned (see below), both analyses can be restricted only

between IMF oflie same scale:

1 Pairwise conditional: Between variablsandY conditional on the set of remaining
variablesZ, causalityY Y |Z X defined between all possible combinations of
IMFyj— IMFxiMFz wherej = 1 M,.[,= 1 N.andM, N are the number of
IMFs ofY andX respectivelyIMFz are all the IMFs from all variables of s&t

1 Aligned pairwise conditional: For variables and Y conditional on the set of
remaining variableg, causalityY Y |Z X defined between the combinations of

scale alignedMFy; — IMFx |IMFz; wherei = 1 N andN is the number of IMFs
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of bothY, X and each variable i#Z. IMFz; are all the IMFs of scale from all

variables of ser.

If the analysis is timénvariant, the causality values in the adjacency matrices for all
pairrs of IMFs are statistically validated and assigned to the IF distribution of each
driving IMF, for the length of the analysis. Timarying analysis requires the
computation of adjacency matrices for each time instant so that its causality values are

thenassigned to each driving IMF's IF at each instant.

Matlab® code that implements these analyses can be requested at the website

http://braincausality.fc.ul.pt/.

This section presents a brief introduction to adaptive decomposition methods, IF
computation isues andlirected functionaktonnectivity metrics studied in this work.
The structure of the section is the followingibSection5.2.1 describes approaches for
time-frequency, EMD based analysis. Ub-section 5.2.2 presents Synchrosqueezing
Wavelet TimeFrequency analysias an alternative to EMDBub-section 5.2.3 deals

with approaches for causal inference between the outputs of EMOMFs). Sub-
section 5.2.4 generically describes the approach for artificial data generation and the
real dataset that waused, as well as the procedures used for benchmarking and

validating the previously described methods.

Figure 51 is meant as a roadmap of potential analytical approaches that are ultimately
tantamount to the choice of a path that links boxes (repregesteps of the analysis)

from top to bottom.
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Figure5.1: Methodological steps that can be combined for-daiteen causal inferencémplementation

of a full analysis requires choosing a path from tofpattom that links boxes (analysis steps) at each
level. Arrows depict two examples of full analyses. Hostance, the yellow path: Noisessisted
multivariate EMD followed by Statistical Validation, Instantaneous Frequency extracted with NHT,
causality Bt we en r e s tinhetsariesgomputbtiFvath the GGC metric with [dP approach,
statistical validation of results and allocation of significant causality in the respective time and
instantaneous frequency.

5.2.1. EMPIRICAL MODE DECOMPOSITION TIME -FREQUENCY ANALYSIS.

EMD is an adaptive and datliven method for the analysis of nonlinear and-non
stationary timeseries proposed by N. Huarfgluang et al., 1998)Although it was
conceived for the analysis of geophysitiate-series its use has spread to different
applications from biomedical to financial fieldorden E. Huang et al., 2003; Liang et

al., 2005) It operates by expanding the tirseries into a finite set of orthogonal
monocomponent functions termédFs. These are defined so as to exhibit locality i

time and to ideally represent a single oscillatory mode with the number of zero
crossings and the number of extrema differing at most by one and zero average between

their upper and lower envelopes. This property ensures that the IMFs habehaied
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HTs which enables the calculation of the analytic signal with the HHT, which is a

requirement for the computation of the respective IF.

Nonetheless, there are some hindrances to the inference of causality with IMFs due to
the following undesired phenomena:

1 Modemixing occurs when an IMF contains different oscillatory modes or when one
mode is present in several IMFs. This may compromise the physical meaning of the
affected IMFs.

1 End effect artifactsdue to a required step of envelope fitting in the EMd@»athm,
the beginning and end of a data segment may lack the sufficient number of extrema
for a successful fitting.

1 Nonuniformity for different signals, EMD may not yield the same number of IMFs.

1 Scale misalignmenftor different signals, IMFs with theame index may contain
data in different scales.

1 Nonuniform frequency spreadindgue to the dyadic filter bank property of the EMD
(Flandrin, 2004; Wu and Huang, 2004the smallesscale IMFs have wider

frequency spreading than those of larger scales.

EMD has suffeed several improvements to deal with the former issues by using
optimization techniquefHuang and Kunoth, 2013; Meignen and Perrier, 208ADA

(Wu and Huang, 2009)xonfidence limits(Norden E Huang et al., 20Q33tatistical
significance test$Wu and Huang, 20049nd generalizations for complé&ltaf et al.,

2007; Tanaka and Mandic, 200#®)ivariate (Rilling et al., 2007) trivariate (N. ur
Rehman and Mandic, 201@nhd multivariatg(N. Rehman and Mandic, 201@ata. In

the following sections we succinctly introduce the EMD algorithms that are used in this
work. For a more comprehensive review of adaptive data analysis with EMD methods
please refer tfHuang and Wu, 2008; Mandic et al., 2013)

5.2.1.1STANDARDEMD

The definition of the standard EMD method was first present@duang et al., 1998)

Its aim is to decompose a reallued signal into a set of IMFs and a monotonic residue.
An i terative al gor i ikedtmensuelthateedch IME is ffreeioh g ”
riding waves (zero mean) and has wehaved HT. After each sifting iteration, the
process is halted if a stopping criterion is fulfilled. The resulting decomposition can

suffer from all the previously listed undesirphenomena.
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The following bivariate and multivariate EMD extensions are able to handle
multivariate data and avoid issues of nonuniformity and scale misalignment, and NADA

based extensions are known to be free of mode m{ihgand Huang, 2009)

5.2.1.2BIVARIATEEMD

The bivariate EMD (BEMD) extension replaces the notion of oscillation of univariate
signals with that of rotation of bivariate signalRilling et al., 2007) This is
accomplished by replacing the edienensional envelope with threedimensional tube

that encloses the bivariate signal. This envelope is sampled by projecting the bivariate
signal in N uniformly spaced directions along a unit circle. The extrema of each
projection are obtained and interpolated to yield the réispeenvelopes. Afterwards,
BEMD simply consists in applying the standard EMD to multiple data projections and
averaging the obtained local means to yield the bivariate local mean. The stopping
criterion for bivariate IMFs is similar to EMD, except for tb@ndition that the number

of zero crossings and the number of extrema differ at most by one is not infplosed
Rehman and Mandic, 2010n this work we use®l = 60. It can be defined as follows

for a bivariate signat(t) = x(t) + jy(t):

1) With a set of directionfik=  (kRA)twherek = 1... N projectz(t) on each direction:
Pk (t) = Re[exp{ A-@t)].

2) Extract theocationst for the extrema points qik (t).

3) Interpolate the set of points [ x(t)] to obtain the envelope in the directiori.

4) Compute the mean for all envelopad) = (IN) &(t).

5) Subtracim(t) from z(t) to obtaind(t) and proceed as in tistandard EMD.

Nonuniformly Sampled BEMD (NSBEMD) differs from BEMD because its
projections depend on the statistical nature of the signal. This adaptive sampling
provides a more accurate tisfrequency representation (for the same number of
projections)and is better suited for power imbalanced sigifalsrabian et al., 203).
Instead of assuming a circular pattern for the correlation coefficient of the bivariate
signal, NSBEMD uses a circularity quotieri©llila, 2008)that expresse$i¢ principal
direction of this pattern in the tilt of the major axis of an ellipse used for the projections.
The number of directions used in this work is the same as with the BHM®.

extension can be defined as follows for the bivariate sift)al
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1) Esimate the circularity quotient gs= cov(, y)/sqgrt[std&)-stdy)], wherecov and
stdare the covariance and standard deviance respectively.

2) Compute the degree of correlatiths sqrt[absf)] and its principal directionf =
arg[sqrtf)], wheresqrtis the square root.

3) With a set of direabns Uk = ( 2kiN), wherek = 1, N calculate a set of
elliptically distributed pointsik= exp( Raicos(ix) + ib-sin((ik)] wherea = sqrt[[1+
abs()]/4] andb = sqrt[[1- abs{)]/4].

4) Project the signal to the new elliptical directidiais= argf) as n the BEMD.

Recently, a different scheme that selects projection directions based on local signal

dynamics was proposefRehman et al., 2014which, for low values ofN (<10),

achieves the same accuracy that BEMD orBNEMID would acleve for higher values

of N (>10), making it more computationally attractive and more suited testationary

data. However, as the used in this work is large enough and no other EMD algorithm

possesses dynamic sampling schemes, this method is ndtarsed

5.2.1.3MULTIVARIATEEMD

For p-dimensional signalsp@2) the principle of BEMD is generalized. The notion of
rotation instead of oscillation is applied and projections are performed pp a
dimensional hyperspheré detailed description of theultivariate approachfor a p-
dimensional signal with uniform sampling EMD (MEMD) algorithm can be consulted

in (N. Rehman antandic, 2010)and shortly it can be described in the following steps:

1) Generate aN-point Hammersley sequen¢€ui and Freeden, 19979 uniformly
sample g-dimensional sphere and get a direction veétofork= 1 ,N. ...,
2) Projectz(t) in each direction and proceed as in BEMD (Step 2).

In this work, in order to deal with the eventual power imbalanced signals and still use
uniform sampling, each timgeries is normalized by its standard deviation, pigor
MEMD decomposition. The standard deviation is then restored for the respective IMFs
(Hu and Liang, 2011)

5.2.1.4ANOISEASSISTELEXTENSIONS

Ensemble EMD, or noisassisted EMD (NAEMD), is a NADA method to avoid mode
mixing that consists in addirgindependent noise realizations with amplitudie the
signal, performing EMD (or any of its bivate counterparts) to each member of the

resulting ensemble, and performing ensemble average of each set of\WwFand
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Huang, 2009) Adding white noise to paate the entire timérequency space
uniformly guarantees that extrema always exist and forces the dyadic EMD property
which mitigates mode mixingFlandrin, 2004; Wu and Huang, 2004he following

steps briefly describe this algorithm:

1) Generate the ensemble compd ofl independent realizations @fhite Gaussian
noise (WGN)added to the original signal.

2) Decompose each member of the ensemble using standard EMD, BEMD-or NS
BEMD.

3) Average thé IMFs of the same index to obtain the ensemble means.

The effect of the @ded WGN should become less significant afteraveraging process

following U= /sgrt(), where( is the final standard deviation of the er(®u and

Huang 2009) Still, the trace of residual noise that remains in the resulting IMFs
compromi se the “compl et(Rehmas st"al.,, 2013; Wihamd r et a i
Huang, 2009)and there is a chance that the decomposition for each element of the
ensemble does not yield the same number of IMFs which would result iaganger

misaligned modes.

To overcome these issues Rehman and Mandic proposed the use of MEMD in the
presence of WGNN. U. Rehman and Mandic, 2011; Rehman et al., 20N8)MEMD

deals with univariate signals, as does-EKD, and also with multivariate data. The
process differs from NAMD not only by its multivariate capability but also besau

the WGN realizations are treated as an additional subspace instead of being added
directly to the original dataset. Considering-dimensional dataset aridndependent

WGN realizations, NAMEMD creates af + I)-dimensional space comprising the
original dataset subspace and the noise subspace. Applying MEMD tq thid){
dimensional space results in a fixed number pft(l)-variate IMFs that retain the
dyadic filter bank property, are scale aligned and avoid mode mixingd. diheensions

of the IMFscan be discarded as they belong to the noise subspace resuftingriate

IMFs that correspond to the original signal decomposition. The variance of WGN
should be within 2 to 10% the variance of the d&tandic et al., 2013)

5.2.1.5CONFIDENCELIMITS ANDSTATISTICALSGNIFICANCE
Since the EMD is an empirical algorithm and requires a predetermined stoppage

criterion for its sifting operation, a confidence limit should provide a measure of the
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reliability of the decomposition for several stoppage critéharden E Huang et al.,
2003) Additionally, statistical validations can be performed on IMFs obtained from
noisy datasets to assess which IMFs contain information and which ones are mostly
noise. In this work we used the statistical test proposeim and Huang, 2004)
followed by another procedure that uses the Wasserstein distancesréMies (Hu

and Liang, 2014poth with confidence level of 99%. For scale aligpecariate IMFs,

the entire scale of IMFs is exclutlenly if p-1 IMFs are not significant.

5.2.1.6INSTANTANEOUSREQUENCY

Unlike traditional frequency analysis based on the Fourier transform, the IF represents
frequency as a function of tin{eluang et al., 2009)Fs have a different meaning than

the frequencies in the Fourier spectrum and, if the signal is not monocomponent, it is
expected that several IFs exist at a given time ingtéuding et al., 1998)The IF of a
monocomponent signal is determined by its quadrature, a 90° shift of its carrier phase
function (Huang et al., 2009¥esulting in the requirement of separating its amplitude
modulated (AM) and frequency modulated (FM) parts. Traditionally, the quadrature is
obtained by the HT to form an analytical sgyrfrom where the phase function is
extracted and used to calculate the IF as its time derivative. For this approach to yield a
meaningful IF the signal has to be monocomponent, have zero mean locally and be
symmetric with the zero mean; these requiremargsfulfilled by the IMFs. However,

these are necessary but not sufficient conditions. Other requirements such as the ones
imposed by the BedrosigBedrosia, 1963)and Nuttall(Nuttall and Bedrosian, 1966)
theorems are not implied by the definition of an IMF and need to be fulfilled. The
Bedrosian theorem establishes that the Fourier spectra ohtieéope and the carrier

must be noroverlapping, otherwise the amplitude variations might mix with phase
function of the quadrature obtained by HT and skew its IF. To circumvent this
limitation, Huang proposes the normalizétlr (NHT) (Huang et al., 2009}that
empirically decomposes the IMF into a purely AM envelope and a purely FM carrier.
Furthermore, Nuttall s theor embedifgrent. t hat
For this reason, Huang proposed an alternative method that bypasses the HT
computation to find the quadrature directly from the purely FM carrier, termed direct
guadrature (DQJHuang et al., 2009Errors with the DQ are one order of magnitude
smaller than with the NHT and appear near the IMF extrégtiuang and Wu, 2008;
Huang et al., 2009)herefore a threeor five-point medium filter can be applied to
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improve stability (Huang et al., 2009) Alternatively, both theorems can be
circumvented by finding the SS for a set of IMFs and using their natural frequencies as
the IFs(Yinfeng et al., 2008)

5.2.2. SYNCHROSQUEEZING WAVELET TIME -FREQUENCY ANALYSIS

In this section we introduce the use of synchrosqueezing wavelet transform (SSWT) as
an alternative to EMD. Like EMD, this nteid can extract, delineate and reconstruct
oscillatory components with timearying spectrum yet, contrastingly, it has a strong
mathematical foundation and is naturally robust to additive WBalbechies et al.,
2011) Although it may suffer from the nonuniformity and scale misalignment issues
that multivariate EMD extensions circumvent, the former qualities make it a promising

addition to the datdriven causal inference framework.

Al t hough t he rmusthoe¢ dnesen appw@iataedy| tieetdata driven nature of

this method can be justified by the operation of synchrosqueéRengpbechies et al.,

2011) This operation reallocates the energy in the wavelet speatmodkéa, b) to

different points in a timérequency plane by following a predetermined map of IFs

¥s(a, b) for each translatiom and scalea. This map follows the reasoning already

present in(Daubechies and Maes, 1996) spite ofW(a, b) being spread in its scade

(less localized in scale but more localized in time as the scale increases), its behavior
aroundb, at each scale, points to the original frequencyVGN still gets spread across

this new frequency plane. Therefore, for any paanbf whereWs(a,b) 20, t he | F mae
can be calculated as:

wia )= iw(a ] L wia G

The synchrosqueezing operation consists in reallocatyg b) according tod, b) -
(¥s(a@, b), b) and taking into consideration that, because hotind a are discretized
wi t h wy adnt da(sdifoimly or not) respectively, the synchrosqueezing transform
Ts(¥, b) has to be determined at the centetd successive bins by summindferent
contributions of each -th scalea, :

T(kbh=(* § W(a, ha( B, (5.2)

adma.b- K ¢ B2
In this spectrogram it is possible to identify wieltalized zones of concentration in the

IF lines. These can be considered intrinsic mode type (IMT) components, witR IA, |
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and IF (an analytical representation similar to the IMFs) that after reconstruction can be
treated similarly to the IMFs in the ensuing analysis. Recently, a multivariate extension
for this method was introduce(@®hrabian et al., 2015)the multivariate SSWT
(MSSWT), that is able to decompose a signal into multivariate -atigleed IMTs

using adaptive frequency scales. Because the IFshiget IMTs are simply the
previously identified frequency lines or scales, there is no need to compute them as for
the IMFs obtained with EMD methods. More details can be fouiDaabechies et al.,
2011)and(Ahrabian et al., 2015)

5.2.3. INTRINSIC M ODE FUNCTION BASED CAUSAL ITY INFERENCE

In the following sections, causality inference methods are desdhbéegroduce either

an estimate for the entire length of the IMFs or a tirag/ing estimate. In the same
way, some provide a spectral decomposition of causality and, as the IF of each IMF is

already known, computation focusasly in these frequency vads.

5.2.3.1PARAMETRIC MODELING ® GRANGER CAUSALITY

In this section we present the causal measures that make direct use of AR model
coefficients and prediction errors (through the error covariance matrix) in their
formulation. These are obtained fra’V/AR modelswith time-invariantandwith time-
varying coefficients (TWMVAR). MVAR models are estimated with Burg derived
methods, available in the Biosig Toolb@&chlogl, 2006; Vidaurre et al., 201I)he
model order can be estimated witte BIC (Schwarz, 1978)r the AIC (Akaike,
1974Db) In this work, theTV AR parameters and residual covariance matrix for TV
MVAR are obtained by estimating their equivale®$ representations with tirae
varying Kalman filters and recasting these into-MYAR again. At each iteratiok of

the Kalman filter,the residual covariance matixdetermined by the covariance matrix
of the filter’ s theARmparanetergareeastimateddy recassinge n d
filter to the autoregressive representatiora procedure similar t@Omidvarnia et al.,
2011) To avoid delving into excessive detail a generic implementation of the Kalman
filter can be found irfVaseghi, 2009and the algorithms for estimating the MVAR

in (Omidvarnia et al., 2011)

With the resliing modes, the transfer matrixo be used in the directed functional
connectivity metrics, for the whole tirseries of for each instan calculatedfrom

therc oef f iFEi ent s’
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The directed functional connectivity metrics chosen for this work a&tl(Granger,
1969) GGC (Geweke, 1982and gPDC(Baccala et al., 20078imilarly to PDC, the
latter uses the Fourier transformed AR coefficients mai(i® to measure, at each
frequency, the outflow from channeio channeli, relative to all the outflows gtand is
sensitive to direct flows only but is insensitive to scalar effects due to the inclusion of

each vari abl dtsfermdation folfowsv ar i anc e

Vs, |A (f)
8" Vs2|A (0

gPDC_, (f )= (5.3)

where s’is the variance of the residualbr thei-th element in the diagonal dfie

residual covariance matriAll parametric directed functional connectivity metrics are
used pawise-conditionally and frequency specific metrics are computed forlkhe
band or value of each IMF.

5.2.3.2NON-PARAMETRIOCGRANGER CAUSALITY

NP approacksareadoptedo compute the spectral decomposition matrices used by the
previous spectral GC formulations. The key operationthiase approacks is the
factorization of the CSDN§(f). There are at leaswo proposed methods for he first
method, by DhamaléDhamala et al., 2008uses the WilsoiBurg algorithm(Wilson,
1972) for spectral factozation. Its basic principle is the factorization of a spectral
density matrix into a unique set of minimum phase functi®ecently, Barnett and
Seth proposed and implemented a more efficient and accurate spectral factorization
technique in their Multigriate Granger causality toolbox (MVG(Barnett and Seth,
2014)that consists in obtaining an autocovariance sequence from a given G§DM
computing theAR coefficients and residual covariance matrix from the autocovariance
sequence by solving the YuWalker equations, and finally computing the transfer
matrix. From these values, and knowititat the AR coefficients can be obtained by
inverting the transfer matrjxcausality can be inferred with the same metrics used in the

parametric formulation.

Hence,the NP alternative can be used ftMF-based causality with the advantage that
model order estimation is not required. THneariant analysis is accomplished by
simply replacing the estimation of a tifmevariant AR model for the set of IMFs with

any ofthe previous approaches applied t€8DM of the same set of IMFIV NP
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(TV-NP) analysis requires @SDM for each time point&(f, t), that can be obtained
from the crosspectrogram resulting from cross multiplying the WT of each IMF pair.
Alternatively, the timefrequency causality matrices obtained from WTs of the- non
decomposed data, as proposed(hamala et al., 2008)can be squeezed by the
synchrosqueezing transform's IFs mggpof the driving variable. With this operation,

the ensuing step of frequency allocation is bypassed.

Other model free NP metric tee TE which measures the information transfer between
two variables, within an information theoretic conté®threiber, 2000)In this work
TE measures were computpdirwiseconditiorally with two MI estimatorgLizier et

al., 2011) In turn, Ml was computed eithéry u s i n g knKk distascksowitt tise
MILCA toolbox (Kraskov et al., 2004)or by following the Gaussian assumption
(Barnett, 2009)No TV analysis is performed with TE.

The PSI metric (Nolte et al., 2008)s based on the phase coherency slope (averaged
over a frequency band) between two variables, defined in ahafgnsures robustness
with respect to instantaneous mixtures of independent sources of arbitrary natise. PSI
computed using the software package for M&tlptovided by its autho¢Nolte et al.,
2008)which can only support pairwise analysd® TV analysis is performed with PSI.

5.2.3.3STATISTICAL VALIDATI®I OF CAUSAL METRICS

Significance testing was performed for each causality measure in the following way.
GCI statistical validation of a causal relatipni was achieved with an fest on the

null hypothesis that all the valuesj( { 1p}).(where p is the model order) in the
regression coefficient matrixi are zero. After applying Bonferroni correction for
multiple observations to this test (in this case the modg#er p corresponds to the
number of observations), causal influence is detected if@ll{ 1 p}).arejointly and
significantly different from zero. Tests were performed with an inittabjpe of 0.05

which was Bonferroncorrected whenever the modaeter was higher than one.

For PSI measures, each index value was normalized by its standard deviation, estimated
by the jackknife method. Normalized absolute values above 2 were considered
significant(Nolte & al., 2008)

The remaining metrics with no known distribution have their statistical significance
tested with surrogate methods that create a null hypothesis of lack of causal interaction
between IMFgSeth, 201Q)This null hypothesis is tested with a eladed testandthe
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connectionis deemed significant if the measure falls abtive 95thpercentile of the

null distribution. The method for creating surrogates consisted in phase randomization
and correlation nullification(Baccala et al., 2006pbetween IMFs using Fourier
transformed surrogatgdheiler et al., 1992Jor Granger based measures and AAFT
surrogategSchreiber and Schmitz, 1998y the TE measures. Statistical validation was

only performedn the tme-invariant metrics.

5.2.4. ARTIFICIAL DATAAND SEPs

In order to benchmark the proposed methodologies in realistic but controlled
environments, synthetic data must be able to reproduce neuronal activity realistically
and real neuronal data must have a known tyidg connectivity structure. Therefore,
synthetic data was obtainedth the model presented in (2.8)y simulating phase
relations with a network of timdelayed coupled Kuramoto oscillators for each
frequency intended to be present in the d&@bral et al., 2011)and by propagating
randomly generated envelopegh the same matrix as shown in the following set of

equations:

dt (54)
AM=k(®sin(t ¥, (1) G At )
Here,i = 1,...,N and N is the number of nodes in the netwofk; is the coupling

strength between nodeandj, wi is the intrinsic angular frequency of noded; the
phase of nodg () the connectivity delay between nadandj, d; uncorrelated Gausm
noise,Ai is the envelope of nodeandk; and'; are random variables for amplitude and
frequency of the envelope, uniformly distributed between [0, 1] and [1, 3] respectively,
that change every 50@s This way, the activity at node with the freqency offi =

w/ 21 Hz, X(&t) QA(t)sietn d).orye final multtcomponent activity in node

i is obtained by summing all the individual frequency contributions. Simulations ran in
Matlal®® with in-house code.

A benchmark analysis with multichael epicranial somatosensory evoked potentials
(SEPs) recordings from rats, during unilateral whisker stimulation, was also performed.
These recordings are presented and analyze@@uairiaux et al., 2011and have
already been used for benchmarking purposes in the ca3® aausality metrics

(Plomp et al., 2014)The reason for benchmarking with this datasefPlomp et al.,
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2014)and in this study is the known spatiotemporal patterntedidoy this paradigm.

As can be seen ifPlomp et al., 2014; Quairiaux et al., 201the rat's SEP is entirely
driven by the primary sensory cortex contralateral to whisker stimulation (cS1). This
activity shows during 5 to 25 ms after the stimulus and cS1 is known to haversiructu
connections to parietal and frontal sensomytor regions. TherefordPlomp et al.,
2014)define three performance criteria for benchmarking that are adopted in this study:
1) ¢S1 must be ideified as the main driver during the 5 to 25 ms interval after
stimulus; 2) the peak driving in cS1 is physiologically plausible (must be inside the 5 to
25 ms interval); 3) when cS1 driving peaks inside this interval it must target the parietal
and fronthsensorymotor regions.

The data consist of separate recordings of left and right whisker stimulation but in this
study they are grouped according to whether the electrodes are ipsilateral or

contralateral to the stimulus.

5.3. RESULTS

To understand the advagies and limitations of using lag based metrics on IMFs
resulting from different EMD methods or, in other words, which EMD algorithm is
more suited for each lagased metric, a benchmarking study was initially performed
where all the possible combinatioims Figure 51 were tested in different controlled
situations. Data was generated by networks with different number of nodes and causal
relations. Each node of these networks has 3 Kuramoto oscillators, each with a different
natural frequency, that can benmected with a finite 40 ms delay and 90% synaptic
strength to the corresponding frequency oscillator in other node resulting in networks
with causal relations in the same frequencies. Noise is added to each node's activity for
a measured linear SNR or@@hich is then sampled at 250 HZ. For each benchmark,
100 networks are randomly created with varying natural frequencies in order to compute
measures of sensitivity and specificity for each pair of EMD algorithm antdsgd
metric. These frequencies asmndomly determined but separated by at least 10 Hz. The
first benchmark consists in networks with two nodes while the second one consists in
two networks with three nodes with a sequential and divergent connectivity pattern (See
Figure 52), respectivelyOnly significant causality values between IMFs are accounted
for sensitivity and specificity calculations and a true positive is only identified when the

respective IF peaks close (x1Hz) to the frequency of the true causal relation.
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Figure 5.2: Network topologies used for-i®ode oscillator networksdivergent (A), sequential (B).
Networks have 3 layers of oscillators each with its own natural frequency. Connections are only made
between the same layers.

Dyadic filter bank decompositions are added to the pool of decomposition methods to
provide a baseline. It is expected that EMD methods yield superior results due to their

adaptive data driven and arithmetic nature.

Due to the inaased number of possible combinations between EMD methods and
causality metrics, only the best performing pairs are considered for further analysis in
more specific situations. To compare the advantages of data driven approaches to
traditional ones, examgd of time invariant (static) causality between two nodes with
recurrent feedback causality in different frequencies or-tiarging causality with non
stationary data are presented. Finally, these metrics are benchmarked with the

multichannel SEP recordys and performance criteria fraffdlomp et al., 2014)

5.3.1. 2-NODE NETWORKS

From Figure 53 it can be seen that parametric ad® (computed with the auto
covariance methodpC based metrics with spectdecomposition have high (>=80%)
sensitivity for all adaptive decomposition methods. TE metrics seem to perform better
in univariate decompositions while PSI is insensitive in all cases. Although encouraging
results are obtained with all the adaptive depositions, the decompositions with the
SSWT and MSSWT show a particularly positive impact in sensitivity. The best
combination of laghased metric and decomposition method was clearly the SSWT with
NP (based in the auto covariance meth@}l metrics with >95% sensitivity. As
expected, decompositions with the dyadic filter bank fall behind in practically all

situations.
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Figure5.3: Sensitivity and specificity for all the possible combinations of decompostgorithms and
lag based measures computed from tm®@e network benchmarks

From specificity results it is possible to conclude that the decompositions with the
SSWT provide the most robust estimates of causality with almost every metric,
followed bythe NAMEMD and MSSWT methods.

5.3.2. 3-NODE SEQUENTIAL NETW ORKS

In sequential causalities (one node influences other which in turn influences the
remaining), the sensitivity is greatly affected as can be sedfigure 5.4A Only
parametric gPDC with SSWT and B®/T decompositions achieves 80% sensitivity.

The specificities of these combinations are also high, suggesting these are the best

approaches for these networks.

5.3.3. 3-NODE DIVERGENT NETWO RKS

The same analysis was performed ferxd@le networks with divergent eoectivity (one

node influences the other two). In this situation, both parametric causality metrics,
combined with SSWT or MEMD, have the highest sensitivities although specificity
vales inFigure 5.8 are more favorable for the parametric spectral Gramggric than

for the parametric gPDC.
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Figure 5.4: Sensitivity and specificity for combinations of decomposition algorithms and lag based
measures computed frothe 3node network benchmarkgA) 3-node netwrks with sequential
connectivity and (B) $ode networks with divergent connectivity.

5.3.4. MODEL ORDER ANALYSIS

Figure 55 shows histograms of all the model orders estimated with BIC, in the previous
2-node networks used for benchmarking, for the IMFs of ealaptive decomposition
method, for the dyadic filter bank data and for the-decomposed data. Overall, it can

be seen that, unlike filtering, adaptive decomposition does not lead to model order over

estimation.
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Model order distribution for each decomposition algorithm
90 T T T T T

Model order

Decomposition algorithm

Figure 5.5: Model order, estimated with the BIC, distribution for adaptive decomposition, filter bank
decompositions and neaecomposed datarhin lines represent the 25th and 75th percentiles and the
thick line the median value.

For the parametricausal measures, the BIC was allowed to search for model orders
from 1 to 90.Figure 55 clearly shows that the filtering in the dyadic filter bank induces

a large increase in the estimated model order as values span from 10 to 80. On the other
hand, mosestimated model orders for nolecomposed data are spread between 10 and
20 while estimated model orders from adaptive decompositions can be lower, probably
due to the simpler decomposed tis®ries, spanning from 5 to 20. In order to
understand if a simar phenomenon to invariance of GC to filtering foundBarnett

and Seth, 2011plso occurs in the IMFs, we performed a separate analysis, see
Appendix A.1, which sugests that causality is limited to the frequency of each IMF
l.e., GC is not invariant to EMD algorithms and Appendix A.2 suggesting that EMD
based decomposition does not affect the stability of estimated MVAR models the same

way filtering does.

5.3.5. EXAMPLE : STATIC CAUSALITY

Here, the results of selected pairs of causality metrics and adaptive decompositions are
compared to standard causality inference methods in a simple recurrent feedback
example. In this case, two variables influence each other at diffeeguiencies. Node

1 influences node 2 in the 15 Hz and node 2 influences node 1 in the 44 Hz while both
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also oscillate independently at 6 Hz. This network is used to simulatefddata

sampled at 250 Hz. Causality is inferred for the whole-Berges lagth.

Figure 56 shows the comparison of gPDC computed with MVAR or NP approaches
from adaptive decompositions obtained with {8§MD, NA-MEMD and SSWT and

from nondecomposed data for baseline comparison. With-demomposed data,
significant values of gPO computed from MVAR models are above the threshold.
Thus, peaks in 15 Hz and 44 Hz are correctly identified, but some false positives occur
at 6 Hz from node 2 to node 1 and at 90 Hz from node 1 to 2. The same metric
computed with the NP approach has leiglsignificance thresholds that reduce false
positives while identifying the recurrent feedback correctly but struggles to detect the 15
Hz and 44 Hz peaks. Adaptive decomposition pairs, on the other hand, present a very
precise frequency localization thiatable to pinpoint the 15 Hz and 44 Hz peaks in all
cases. To obtain these representations the gPDC value was scaled by the IF content of
each IMF with significant causal relations. This choice was made to provide a picture
comparable to the traditionanalysis of nordecomposed data. In this example, the
decomposition offers advantages in the causality estimation not only due to the absence
of false positives but also due to the sharp frequency resolution provided by the IF
computation, in this case wmitthe normalized HT for NAAMD and NAMEMD and

SSNT IFs.

129



A) NA-EMD MVAR-gPDC B) NA-MEMD MVAR-gPDC

gPDC from 1to 2 gPDC from 1to 2

1 1
o : : ‘ Y : : : _
o : . o I )
0 : ; ; i ; 0 ; ; ; i ; ;
0 20 40 60 80 100 120 0 20 40 60 80 100 120
gPDC from 2to 1 gPDC from 2to 1
1 T T T 1 T T T
8 8 S | |
2 g 057 : : : : : .
o o
" H . L 0 L ' L L "
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Frequency (Hz) Frequency (Hz)
C) SSWT MVAR D) SSWT NP
gPDC from 1to 2 gPDC from 1to 2
1 T T T 1 T T T
Y : ] . : ) .
Q 05 Qo5 i e
o o
0 : . . : . 0 : : . : . .
] 20 40 60 80 100 120 0 20 40 60 80 100 120
gPDC from 2to 1 gPDC from2to 1
1 T T T 1 T T T
b= . (9]
o o
0 . : . : * 0 . : . : :
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Frequency (Hz) Frequency (Hz)
E) Standard WT NP F) Standard MVAR
1 gPDC from 1to 2 B oFocC value : gPDC from 1to 2 B oPOC value
: sig threshold : sig threshold
V] v}
Q 05 Q05
o o
] 0
0 20 40 60 80 100 120 0 20 40 60 80 100 120
: gPDC from 2to 1 I oFocC value ! gPDC from 2to 1 I orocC value
sig threshold sig threshold
]
2 05
o
0
0 20 40 60 80 100 120 0 20 40 60 80 100 120

Frequency (Hz) Frequency (Hz)

Figure5.6: Time-invariant @usal analysis with gPD€mputed with: A) NAEMD and MVAR model;

B) NA-MEMD and MVAR model; C) SSWT and MVAR model; D)IS®T and NP method; E) nen
decomposed data and NP method; F)-decomposed data and MVAR model. From A) to D) the
frequency content of IMFs with significant g°PDC values is normalized and multiplied by its gPDC value.
Significance threshold is not plottee@tdause only significant relations between IMFs are shown. Data
generated with a network of two nodes with bidirectional causality in the 15 Hz and in the 44 Hz.
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5.3.6. EXAMPLE : DYNAMIC CAUSALITY

If data is norstationary or there is interest in understandingdizeamics of causal
relations, the previous analysis can be performed with-MYMR or TV-NP approach
instead. As an example of a nstationary causal relation, a network similar to the one

in Section5.3.5 is used to generatesdf nonstationary datasampled at 250 Hz with

only one causal relation from node 1 to node 2 at 15 Hz that doubles its frequency (to
30 Hz) after 2s of activity and starts linearly doubling its amplitude. Both nodes also

oscillate at 6 Hz and 44 Hz independently.

The standar@nalysis methods chosen for the gPDC were the WT appprapbsed in
(Dhamala et al., 200&nd a frequency normalization similar to what is presented in
(Plomp et al., 2014)or the latter, a T\MVAR, with estimated model ordeff @5, was

used to fit the data. The resulting thwarying connectivity can be seen kigure 57

and it is evident that the stronger estimated direction is from node 1 to node 2 between
the 12 and 20 Hz from 0 tosand between 25 and 35 Hz from 2 te i both cases. In

the adaptive decomposition analysimta were decomposed asHigure 56 results

except that MVAR and NP were replaced by-MWAR and TV-NP, respectively. The

gPDC metric is computed for each time instant and plotted at the corraspdimie

and IF of the driving IMF. Significance limits were not computed so there might be
more spurious causality values than expected. It is possible to observe a causality line at
the 10 Hz until the Z and another oscillating close to the 30 Hz froto 2 s. The
frequency localization of NAEMD decomposition is poor especially when compared to
SSWT approaches. Despite the occurrence of false positives, most of these spurious
gPDC are below 0.4 so, hopefully, can be removed with proper significatiog tsd

are also present in the ndecomposed data results.
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Figure 5.7: Time varyingcausal analysis with gPDComputedwith: A) NA-EMD and TV\MVAR
model; B) NAMEMD and TV-MVAR model; C) SSWT and TWMVAR model; D) SSWT and T\NP
method; E) nordecomposed data and INP method; F) noecomposed data and IMVAR model.
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5.3.7. BENCHMARK ANALYSIS US ING RAT SEPs

The metrics from the previous examples were benchmarked with the SEP dataset and
the performance critex proposed in(Plomp et al., 2014)Due to the poor sensitivity
shown by NP methods in the simulation analysis foo8e networks, its timearying
implementation followsan alternative procedurewhere the timefrequency causality
matrices obtained from WTs of the ndacomposed data, as proposedDhamala et

al., 2008) are squeezed.he nondecomposed data FTMVAR or TV-NP approaches

are also kept for a baseline comparison. Electrode locations were grouped according to
contralderal (electrodes el to e7) or ipsilateral (electrodes €9 to el5) positions with
respect to the stimulus. There are 15 electrodes and every causal metric was computed
using a fully multivariate approach (pairwisenditional or aligned pairwise
conditiona). The adopted statistical analysis follows the same-pamametric
bootstrapping strategy as (Rlomp et al., 2014fp obtain the 95% confidence intervals
(Cls).

The first performance criteriorhecks whether cS1 (corresponding electrode is e4) is
identified as the main driver at the 5 to 25 ms after stimulus. To this end, the steps in
(Plomp et al., 2014)are followed so that, after comjng the timefrequency
representation of each metric (similarfigure 57), the outflow from each electrode to
every other electrode is summed, the frequency with highest causal influence is chosen
and the peak driving instant is searched inside tle25 tms interval after stimulus, for

ed. At this time instant, the causal outflow of e4 must be significantly greater than the
outflow of any other electrode. It is deemed not to be significantly greater if the lower
95% CI is negative. From the circulaormectograms irFigure 58, that represent
connectivity at this time instant among other information, it can be seen tladyuire
5.8Afor NA-EMD, outflow from e4 is not significantly greater than from elFigure
5.8Bfor NA-MEMD, outflow from e4 isnot significantly greater than from el14; and in
Figure 5.8Efor the standard TANP, outflow from e4 is not significantly greater than

from e2. Therefore, these 3 metrics fail at the first performance criterion.

The second performance criterion checks wdetthe peak driving from cS1 is
identified at the time instant found in the first criterion (inside the physiologically
plausible latencies between 5 and 25 ms after stimulus) or there is a higher value of total
outflow from cS1 outside this interval, whids not physiologically plausible. The

results of the peak latencies and the respective 95% Cls are shown irbTal@aly
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NA-EMD has a peak latency outside the desired interval, however the 95% CI of SSWT
with TV-MVAR exceeds it.

Table5.1: Peak latencies (in ms) of driving from cSZalues outside the 2 to 25 ms interval fail the
second performance criterion. The first four columns show the results from adaptive decompositions
while the last two columns sl the results from standacdusality metrics based in the NP WT approach
proposed in (Dhamala et al., 2008) and based in MVAR similar to (Plomp et al., 2014).

NA-EMD NA-MEMD SSWT SSWT NP Std WT Std MVAR

MVAR MVAR MVAR

31 (3056) 7 (7-12) 8.5(3.580.5) 14.5(12.5 145 (115 135(9
20.5) 18) 23.5)

Finally, the third performance criterion checks whether, at the latencies found in the
first criterion, driving from cS1 targets parietal (e2) and sensory motor (e6) regions
more than it does medial electrodeuidistant to ¢S1, e3 and e5 respectively. Hence,
driving from e4 to e2 and from e4 to e6 must be significantly greater than driving from
e4 to e3 and from e4 to e5 respectively. Again, driving is deemed to be not significantly
greater if the lower 95% IGs negative. Significant values are represented by blue
arrows, incoming from e4, ifrigure 58 and only NAEMD and SSWT with TV
MVAR, Figure 5.8AandFigure 5.8Eespectively, lack one significant connection.

134



tfl
A) NA-EMD MVAR ‘3” Oc.’;” B) NA-MEMD MVAR 0000
© 0.2 ‘ 0.4 0.3 = 0.7
$ .3 .5
inflow from ¢S1 inflow from ¢S1
0.,.0.1

0Q0.1
el 00 0.1

0.0

’Psilateral

tfl
ogos D)SSWTNP 0542

0.1 . 03

.2
inflow from ¢S1

0.0.0.1
0.0 0.1
0.0 o
v
—~
L
Z
2
S
&
&
Ny
L
~
S
S
outfiow F) Standard MVAR outflow

043.8
13 3.0 0.8 20
1 4

inflow fro;n cS1 inflow fro;x1 cS1
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5.4. DISCUSSION

In this work we explored the concept of EMiased timdrequency causal analysis.
Although previous studies have hinted that this type of analysis is a viable (tion

and Liang, 201B; Mandic et al., 2013; Sween®eed and Nasuto, 20Q7}his
combination of techniques and concepts remained yet to be studied. We have presented
an empirical exploration of this concept preceded by a thorough exposition of the
relevant theoretical framewk.

Synthetic data were generated using oscillator networks that allowed flexibility in
simulating different scenarios, control of experimental variables and similarity to
neuronal data. The simulations that were carried out perform a broad searcbpadhe

of possible combinations between EMD method and causal metrics while comparing the
resulting sensitivity and specificity with those where the EMD method is replaced by a
simple dyadic filter bank. This way it is possible to argue against the eveémitizl
skepticism that, since EMD behaves similarly to this type of filter bank in the presence
of WGN (Flandrin, 2004; Wu and Huang, 2004ifs contribution for causality
estimation may not be greater than using filtered data. Indeed, simulation results in
Figures 5.3 and 54 show that causality estimation generally benefits from EMD
decomposition rather than dyadic filter bank decompositionFagure 55 shows one

of the possible reasons for this to occur. As expe@adnett and Seth, 201 Ijltering
induced excessive model order estimation in the BIC and AIC which could have
impaired further causality estimation. Model orders estimated for decomposed data are
lower and abser to those estimated for unfiltered data. The additional observations
shown in Appendix A.1 and A.2 also suggest that, contrarily to digital filtering,
frequency specific causality exists only in the IMF with the corresponding frequency
and that IMFs ca be fit by stable AR models. This results further endorse the

combination of EMD algorithms with lalgased metrics.

Concerning the outcomes of different EMD methods in the simulation analysis, EMD
performed with the SSWT, MSSWT and NMAEMD stand out as #hmost reliable in

the 2node networks and in both 3 nedetworks. In the same way, causality estimated
with gPDC or GGC from MVAR models tends to perform better than other causality
metrics in the three scenarios. All NP alternatives show lower setysitivihe 3node

networks, both TE implementations have moderate to high sensitivity and specificity
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when applied to IMFs from SSWT decomposition, PSI was never able to provide
adequate sensitivity or specificity a@Cl always falls behind GGC in sensitiv as it
accounts for causality in every frequencies in the narrowband IMFs (while GGC and

gPDC are able to focus on the IF value, thereby enhancing sensitivity).

The four best performing and most distinct pairs of EMD and causal metrics are chosen
to exemplify the advantages in computing causality between IMFs and localizing it in
the IF of each driving IMF. Figures6 and5.7 show these results for a static antiva
analysis, respectively, and compare them to traditional parametricN&ndausal
analyss with nondecomposed data. Frofigure 56 it is possible to observe that
frequency localization of significant causal effects is much more accurate, especially
with SSWT decompositions, than traditional analysis with-decomposed data. The
results fran the nonstationary example shown Figure 57 show a similar advantage

in frequency localization accompanied by precise time localization in every metrics. As
the study of adequate significance testing for tiragying causality between IMFs was

not coriemplated by this studyigure 57 shows absolute values of causality with some
false positives. However, as these also occur withdemomposed data, it is not clear if

this can be attributed to EMD decomposition.

Benchmarks using freely available SBfsre chosen to present an application of these
methodology to recorded data and also to enable otheivnyeng causality measures

to be more easily compared to these using the three criteria propogehbroy et al.,
2014) The SEP timeseries proved to be challenging for the EMD methods, due to the
occurrence of mode mixing associated with the elevated spectral content of the
amplitude peak after stimulation. Nevertheless, resuksguare 58 and Tables.1 show

that NAMEMD with TV-MVAR and SSWT with T¥NP perform close to the standard
metrics with nordecomposed data.

In this work we focused mainly on the causality estimation between IMFs. However,
further study is required in the theoretieald experimental exploration of this concept.
Application tothe IMF’ ¢A or IP, for instance, would allow to test whether causal
inference is sensitive to, respectively, the causal relations in amplitude modulation
(Ginter Jr. et al., 2005; H Nariai et al., 20Bhd coupling directionalityfRosenblum et

al., 2002)between IMFs.

137



Although some concerns common to adaptive data decmtigppand causal analysis

were not considered in this proposal in order to preserve its scope, they deserve some
discussion. The effect of channel imbalance in this technique was not explored in the
current study. Nevertheless, we can expect its effectset incorrect IMF extraction
leading to a meaningless causal analysis or, impaired causality estimation due to the
channel imbalance being reflected in its IMFs. The first issue can be avoided using non
uniform sampling strategies in the EMD algorithmkelthe BEMD, while the second

issue could be mitigated by scale invariant causality metrics like the gPDC.

Another recent concern in causal analysis with GC is misidentification of synergetic and
redundant effect¢Stramaglia et al., 2014bRBriefly, synergetic effects can occur for
source variables that increase the predictive validity of other source variables and
redundant effects can occur between a target variable and a group of highly correlated
or syntironized source variables; while synergetic effects can only be detected with
conditional analysis and may require nonlinear extensions of GC, redundant effects can
be invisible to conditional, but not to pairwise, analysis. While in the real datasets both
effects could occur, in simulated data only redundancy could have been present due to
the high synchronization between Kuramoto units. The results of decomposition in
redundant and synergetic effects are uncertain, however it can be conjectured that
synepgetic effects may be decomposed in different scales, even with multivariate
decompositions, thus preventing their detection using the-aes¢eanalysis proposed

in this work. Although this was not within the scope of our benchmarking study, the
identification of these effects would probably increase sensitivity across all metrics and

it should be addressed in future work.

The use of EMD for prprocessing prior to causality estimation should also be
investigated considering it did not lead to overestichatedel orders, GC invariance or
unstable AR models as occurred both when applying a filter bank or in previous studies
(Barnett and Seth, 2011Finally, since partidy conditioning the causal analysis
(Marinazzo et al.2012)between IMFs might help reducing the computational load of a

fully multivariate analysis, its use should also be considered.
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5.5. CONCLUSION

Overall, the results herein presented argue in favor of using IMF decomposition to
estimate causality, notablyn ithe context of neurosciences. This approach offers
substantial improvement in frequency localization compared to traditional spectral
causal analysis and enables frequency discrimination in-itivaiant TE analysis.

Even though this work did not go kand the strict scope of data analysis, it is relevant

to acknowledge that IMFs are obtained in a data driven procedure and may represent
physical meaningful properties of the system under ana(fs@dic et al., 2013)
Hence, testing causality between IMFs does not just enrich causal relations with IF
values, it also forces causality tests to occur betm@mponents that are likely to be

meaningful for the functioning of structure under study.
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APPENDIX A. BEHAVIOR OF GGC UNDER EMD

In this appendix we empirically show how decomposing data into its IMFs affects the
spectral content of GC and the stapilof the estimated MVAR models. This is
purposely similar to what has been dongBarnett and Seth, 201,1however in this

case the spectral GC is computed empigcalVe opted to compute GGC and AR
stability with the MVGC toolbox(Barnett and Seth, 2014nd simulated 1000 two

node networks, each one comprised of three oscillators with natural frequencies of 6, 15
and 44 Hz, where causality exists from node 1 to ribdethe 15 and 44 Hz. Rige

A.1 shows the distribution of the spectral content and the GGC metric, from node 1 to
node 2, for the data without EMD decomposition. In the next session we briefly analyze
the results for three EMD algorithms: NAMD, NA-MEMD and SSWT.
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FigureA.1: Spectral content distribution of the 1000 runs for node 1 and the corresponding GGC metric
reflecting causality from node 1 to node 2.

A.1l. EMD ISOLATES FREQUENCY -SPECIFIC CAUSALITY .

Figures A.2 and A.3 show the spectral contentd &GC metric distributions,
respectively, for the filtered data and for the information bearing IMFs obtained with the
EMD algorithms.
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Figure A.2:Spectral content distribution of the 1000 runs for each IMF and filtered component.

141



GGC distribution of each IMF with NA-EMD
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Figure A.3:GGC distibution of the 1000 runs for each IMF and filtered component.

As expected, filtering does not isolate causality in the frequency domain as shown in
Figure A.3. However, as Figre A.2 shows, EMD algorithms are able to separate
frequency specific componensd, as can be seen in kg A.3, isolate the causal
effect of each component in its frequencies.-EMD shows some causality in both 15
and 44 Hz for its first IMF but Fige A.2 suggests it may be due to mode mixing
present in this IMF.

A.2. EMD STABILITY ANALYSIS .

Figure A.4 shows the percentage of unstable MVAR models for increasing model
orders, from 1 to 120, for the filtered data and for the information bearing IMFs
obtained with the EMD algorithms.
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Figure A.4:Instability rate for filtered comments and IMFs compared to the unchanged data.

Compared to filtering, IMF components lead to a much lower rate of unstable MVAR
models. The model orders estimated with BIC for this dataset are similar to those in
Figure 5.5, therefore they are not showAs these range from 5 to 20 it is safe to

assume that unstable MVARs are rarely a concern for IMFs.
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6.CAUSAL ANALYSIS IN A CASE OF INFANTI LE
SPASMS PRESENTING ICTAL HIGH -FREQUENCY
OSCILLATIONS IN PRE-SURGICAL
ELECTROCORTICOGRAPHY

6.1. INTRODUCTION

1] ”

Infantile spasms is a childhood epilepgyalifieda s catastrophic due
in controlling its seizures and because it is strongly related with mental retardation.
Based on the extensive description provided by Dr. James Frost and Dr. Richard
Hrachovyin 2003(Frost Jr. and Hrachovy, 20Q3)s overall incidence is around 0.03%

of live births and the peak onset age is at 6 months, the overall prognosis after diagnosis
is very discouraging as the averagertality rate is approximately 12% within the first
years and 84% of surviving patients never achieve normal mental development and,
although epileptic spasms are limited to the first years after oneathal mental
function may never be regained andrénes an elevated risk of progressing into other
epileptic seizure types. The most common manifestation of this disorder are motor
spasms, typically consisting of brief bilaterally symmetrical contractions of muscles of
the neck, trunk and extremities whienay difficult the initial differential diagnosis.
These spams can be isolated manifestations but must commonly occur in clusters, from
2 to more than 100 events. Besides motor spasms, mental and developmental retardation
are also very common (®6% of the cases) as well as major neurological deficits
(50%). EEG is considered the most useful diagnostic test of infantile spasms, especially
interictal random high voltage slow waves and spikes defined as hypsarrhythmia.
Although it is possible to have infalet spasms with nchypsarrhythmic EEG in
patients who developed infantile spasms before 5 months of age, the occurrence of this
EEG pattern is a strong telltale of this condition. In symptomatic patients, identification
of brain abnormalities can be ackeel with neuroimaging diagnostic techniques like
compued tomography, MRI, PET or singlghoton emission computed tomography

(SPECT). Treatment consists in choosing the most effective antiepileptic drugs, starting
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with hormonal therapy with adrenocortiagpic hormone anccorticosteroids and, in

case of unresponsiveness to the former, other agents like vigabatrin can be administered.
The urgency in treating this condition to avoid further mental function impairment
makes surgical treatment a common courfsaction for intractable cases that exhibit
focal or lateralized metabolic or perfusional abnormalities revealed by PET or SPECT.
If the patient is already hemiparetic, then a hemispherectomy is also considered.
Epilepsy surgery for symptomatic infantiipasms in an earlier childhood has been
reported to contribute to seizure control, better developmental outcomes, and higher
quality of life (Asarnow et al., 1997; Matsuzaka et al., 200d) it is crucial that the
epileptogenic zone is correctly localized and completely ex¢ldadhiwka et al., 2005;

Krsek et al., 2009)However, the localization of structural abnormalities with MRI can

be challenging in early infancy because myelination is nmipbeted and the distinction

between the cortex and white matter is unc{Pawus et al., 2001)

In recent years, ictal and interittparoxysmalhigh frequency oscillationsHFO9
recordedwith intracranial EEG have been suggested to be more related with the
epileptogenic zone than other ictal dischargksJacobs et al.,, 2012; Jacobs et al.,
2009a, 2008)In epileptic spasm3{FOs at 66200 Hz (commonly referred as ripples)
detected in ECoG recording are associated with the epileptogeni¢Aapama et al.,
2005; Hiroki Nariai et al., @L1b) From the range of HFO activity frequencies, fast
ripples (FRs) (208600 Hz) are considered the most clinically relevant since their
detection can be used to closely delineate epileptogenic redieffisrys et al., 2012)
HFOs at 86200 Hz have been found in SOZs and-#80Zs, whereas HFOs at 200

500 Hz were primarily identified in theeizure onset zoneSQZ9 (Bragin et al., 1999;
Engel et al., 2009; Staba et al., 2082hce being a more specific marker of this region.
The resection of the brain regions containing HFOs, especall 206500 Hz,
correlated with good seizureutcomes in adul{Jacobs et al., 2009@nd pediatric
patients(Wu et al.,2010) In (Akiyama et al., 2011%¥ignificant correlation was found
between resection of the regions with hrgle ripples/FRs and seizure outcome in
pediatric epilepsy (ripple regions were larger aowerlapped with FR regions).
Although the regions with highate ripples/FRs overlapped with the SOZ (determined
by clinical neurophysiologists) the size of this overlap was small and, more intriguingly,
the resection of the SOZ alone did not correlat@iaantly with seizure outcome.
Withal, because extensive surgical resection is often required for pediatric patients, the
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chance of success in these studies may have been increased due to the inclusion of both
brain regions with HFOs and the epileptogeniz one i n t he resecti on,
totally overlap(Akiyama et al., 2011)

Despite these associations between HFOs and the SQiraki Nariai et al., 2011b)

increaseof ictal HFOs (4670 Hz and 8200 Hz) in the surrounding areas was observed

in ECoG, especially in younger patiemigh epileptic spasmES). The authors termed

this pattern the * ' i ct afterthdeactagHF@surt thefs®2 n o me n
ceased, the augmentation of HFOs in the surrounding area remained, resulting in a
doughnut shape like topographic image. These findings also suggest that the presence of

these HFOs is not restricted to the SOZ and can pabpay adjacent areas. The

complete resection of sites showing the earliest augmentation of ictal HFOs was
associated with positive surgical outcome. In this case, the analysis of the temporal
precedence of the activity between electrodes in the freqeatimterest might be

enough to identify the *"ictal doughnut phe
is registered in a regular grid of electrodes. However, in the case of regular or irregular

grids orscalpEEG, visual identification may be misléing (Akiyama et al., 2011and

in any case, temporal precedence might not convey caufaligner, 1956) Hence,

SOZ identification procedures based on the causal analysis frameworks should provide

more reliable representations of ”Zae propagatior(van Mierlo et al., 2014)An

important example of SOZ detection improvement has been shown by Charles Epstein,
Mukesh Dhamala and collaborators by using GC analysis witacnainial EEG to

analyze practal seizure network&pstein et al., 2014)

In this work the directed functional connectivity frameworkinsroduced for the
identification of epileptogenic networks with HFO activity and SOZ identification in

ECoG recordings of a patient with infantile spasms.

6.2. METHODS

Two presurgical ECoG recordings from a patient with infantile spasms will be
analyzed, oneampled at 256 Hz and other at 5 kHz. These datasets were recorded with
intracranial strips containing a total of 48 electrodes displayed as shdviguire 61.

Electrodes A and B will be referred as the anterior and posterior electrodes respectively.
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Figure6.1: ECoG montageA total of 48 electrodes placed mostly in the left hemisphere of the brain
covering the frontal, temporal, parietal and occipital regions (electrodes B11 and B12 overlap to the right
hemisphere) and one electrode placed in the cerebditnage obtained witlCurry software versios
(Compumedics Neuroscan, El Paso, TX, USA)

The following sections describe the method@sgused from HFO detection to

causality network and influencealculations and also the clinical caseehind the

epileptic ECoG recordéngs Ictal HFOs will be analyzetbllowing common practices

(Ibrahim et al., 2012)Methodologies are presented in the same order as they were used,

starting with HFO identification, choice of@éhlnodes belonging to each epileptogenic

net work, causal analysis to obtain directed

causal influence, both with timiavariant and timevarying procedures.

6.2.1. HFO DETECTION AND INSPEC TION

Significant HFO events ametected in the entire ECoG recording using a thresholding
procedure similar to those found (@ardner et al., 2007; Jacobs et al., 2009a; Hiroki
Nariai et al., 2011a; Schevon et al., 2009; Staba et al., 2008jsting in:

1. Bandpass filtering the ECoG dataset in the frequencies of interes0(68z for the
256 Hz dataset and &D0 Hz for the 5 ki dataset) with a twavay leastsquares
FIR filter. These frequencies represent the upper half of thedasigima (HG) band
and the ripple band according @diroki Nariai et al., 2011band theirchoice was
based in an initial spectral analysis of the spasm episodes.
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2. Envelope computation kgplinefitting the absolute values of the filtered signal.

3. For each channel, identifying the eveBlsannei Where the envelope exceefige
times the local Mae of the standard deviation plus mean. Local values for the
standard deviation and mean are computed using a sliding windog of

4. For each channeEchannel Separated by less than 50 ms are mergedEfghel
shorter tharive periodsare discarded.

5. Contiguous and overlapping evelisannelin time from all channels are grouped to
define the total HFO evemhro which starts at the beginning of the earli€sfannel
andfinishesat the end of the lagnhanneiOf €ach group.

6. EventsEnro shorter than @0 ms are discarded. The remaining are considered ripple

events.

Time-frequency analysis is performed, for the unfiltered ECoG data at each ripple
event, with the WT and the SSWDaubechies et al., 2011lpata amples prior and

after eachEnro are used in order to obtain a window without edgiects and the
consequent conref-influence. The statistical significance of the wavelet power is
assessed with the null hypotheses that the signal is generated byreastdirst order
autoregressive process with a given background power spectrum, similarly to what is
done in(Grinsted et al., 2004 o obtain a concentrated tiffrequency picture of these
ripple events, the statistically significant wavelet power is allocated to its corresponding
instantaneous é&quency with the SSWT. This representation might be useful to
distinguish different HFO components that appear blurred by the harmonic dispersion in
the WT spectrum since it is known to be able to separate multicomponent signals
(Daubechies et al., 2011)

6.2.2. FINDING THE NODES OF THE EPILEPTOGENIC NE TWORKS WITH RIPPLE E VENT
CLUSTERING

The significant channel activation amplitudes, obtained in the previous HFO detection

strategy, are put in a matrix form with chanredsrows and ripple events as columns to

provide an overview of the distribution of these events. This way, ripple events are

grouped according to their similarity in activated channels, measured by the weighted

average Euclidean distances between theiditudps. Identifying these clusters allows

for a more efficient channel selection for causality analysis and also provides a way to

distinguish different epileptogenic networks. A network of channels is built for each
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cluster, havingonly thosechannels wh a number oEchanneievents higher than 1/3 of

the tot al cluster ripple event count. This
channels where ripple events warest frequent. The causal relations within each
epileptogenic network can thee inferred with directed functional connectivity for the

frequencies of interest.

6.2.3. DIRECTED FUNCTIONAL C ONNECTIVITY AND TOTA L INFLUENCE

Directed functional connectivity is used to find which channel is the most influential
and the main cause of the ES. Tiestend thegPDCis used as it provides a frequency
domain representation of multivariate GC relatig@sanger, 1969and is insensitive to
signal scalingBaccala et al., 2007This metric produces values between 0 aaad is
sensitive to direct flows onlyBecause it is based on the partial coherence of
multivariate data, gPDC is not influenckey the volume conduction effe(schlégl and
Supp, 200bwhich is also known to be present in ECoG record{bgsfer et al., 2013;
Whitmer et al., 2010)The causality analysis is performed pairwtsmditionally and

the multivariate dataset consists in all t
plus an additional number of channels that maximize the MI (in the frequency of
interest) with the driving channelhese additional channels are chosen in a process
similar to the partial conditioning approach {Marinazzo et al., 2012yith the
difference that we filter the dataset for the frequency bdndterest making the Mi
maximization frequency specific. This way, the pairagésaditional analyses are
supplemented with additional channels that might still have HFO events and are
relevant to the causal pair, but were left out of the cluster netwpoitkebl/3 rule in the

previous section.

The MVAR modek can be computed in a tirievariant or arVv fashion(TV-MVAR).
Besides estimating MVAR models with different algorithms, timeriant andTV
analysis differ in other aspects such as model ordectgeie statistical validation,
stationarity requirements and total influence metrics. The onlpmeessing applied to

t he ¢ han-sedds ’insbotht appreaches is piecewise mean and linear trend
removal Normalization by standard deviation is not fpemed since gPDCsi

insensitive to signal scaling
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6.2.3.1TIME-INVARIANT ANALYSIS

The primary condition for timénvariant causal analysis with MVAR models is that
data must be covariance stationary (CS) ,
variance do not varwith time. Deviations from CS are examined by testing for unit
roots with the augmented Dick&wller (Dickey, 1976)and the KwiatkowskiPhillips—
SchmidtShin (Kwiatkowski et al., 1992}ests. In case both these tests identify-unit
roots the timeseries is differentiated, but only once since this procedure alters the
interpretation of the causahalysis (it is now between changes in the iseges) and

can interfere with the spectral profile of the tiserieg(Seth, 201Q)

In thiswork we use aMVAR model, appropriatefor multi-trial data, estimated with a

Burg derived method from the BSMART Toolbd<ui et al., 2008) Data must be
prepared with concatenated mulépkalizations with the same length which are, in this
case, concatenations of the several ripple events in the cluster of the network under
analysis. Because the durations of these events must be the same, the duration of the
longest ripple event is usedlj the events are accounted since their start until the end of
the former durationModel order is estimated with the AlBkaike, 1974b) The result

is a model that represents the relationships between the network channels for all
c | u s ipge eventsThe FT components of this MVAR model are computed to be

used by the gPDC metric.

Statistical significance is assessed using surrogate methods where the null hypothesis of
lack of causal interaction between channels is tetBsdh, 201Q) Hence, a null
population must be freef causal relationships but preserve the time and spectral
distributions of the original data. This null hypothesis is tested with dailed test, the
connection being deemed significant if the measisesabovethe 95thpercentile of

the null distrbution. The method for creating surrogates consists in phase
randomization and correlation nullificatiofBaccala et al., 2006petween channels

using Fouriettransformed surrogates of the pair under analyEeiler et al., 1992)

The null population is comprised of 500 surrogates for each channel in the pair.

After averaging the adjacency matrix of significant causal relations in the frequency
band of interest and performing the DOI (in recgaiorelations only the highest causal

value is kept), a two dimensional matrix (with values from 0O to 1) is obtaed

(causality is read from columjnto row i) from where we compute complex network
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measures of causal inflow andiusal outflow simply by summing all rows and
summing all columns respectively, providing the notion of eventual sink and source

channels.

An additional measure of total influence is propgsesian original contribution of the
present thesis,for the degéction of the SOZ that accounts for the outflow of each
channel plus the total influences of its target channels. This way a channel with a
negligible outflow can still have a large total influence in the network if the few
channels it drives have largdlirences. Having each channel represented as a node, and

the values inF,_; as directed edges, in a network wimodes, the total influence,

for a nodg is computed with the following formula:

|J:§FJ, +Na(]) (6.1)
i=1j [ 2 I

The computation of this formula must however be performed recursively. Initially, the

value of |, is not defined so0,6(1) is called again for nodeand so forth (it is only

called for nodes wherds_ ; is nonvanishing), until the maximum path length is

i
reached. When this occurk, will just be the outflow in and the algorithm returns to

the previous node, doing the search path backwards and updating the enflakres.

To avoid circular search paths, the algorithm removes the visited nodes from the list of
possible nodes at each iteration. However, for large and dense networks this can be time
consuming so a maximum number of recursions is established. Whexgtrghm
reaches the last possible recursion, the influence is set to the outflow of the current node

and the algorithm behaves as if it has reached the maximum path length.

6.2.3.2TIME-VARYING

Time- varying analysis consists in finding an adjacency matrixdbatribes the causal
relations at each instant of a given time interval. This can be achieved thrdigh a
MVAR representation of the multivariate dataskt this work, the time varying
parameters and residual covariance matrix are obtainedtibyagsg their equivalent

SS representations with timearying Kalman filters and recasting these into-TV
MVAR again. Estimation always starts 200 time samples earlier to avoid transient
effects. The generic implementation of the Kalman filter can be foun@vieseghi,

2009)and the algorithms used can be found@midvarnia et al., 2011Because this
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computations are considerably more resource and-donsuming than the time
invariant MVAR estimation, model orders are estimated with the (Bkkhwarz, 1978)
for lower model ordersWith the resulting modelgPDC can be computed each time
point k for the frequency band of interest, which after averaged, results in the time

varying adjacency ntax F, (k). Because gPDC can have high values at frequencies

with low spectral power, its values were normalized at each frequency and time instant
by the corresponding spectral power in the driving channel, calculated with the
Stockwdl transform, following the recommendation(iRlomp et al., 2014jThe DOI is

not used in this approach.

Unlike the timeinvariant analysis, the CS requirement is not imposed sineBIVXR

can dehwith nonstationarydata, and statistical validation was not performed due to
the inadequacy of the phase randomization metfarchon stationary data and also due
to the unpractical computational demand this would impose. Additionally, a-tnailti
analysis cannot be performed with the TMAV/AR models as they would require similar
duration across all ripple eventswvhich is not the case. Therefore, thvarying

causality and total influence analysis are inferred for each ripple event.

As with the timeinvariant analysis, a total influence metricalso proposedor the
resulting timevarying adjacency matrices that aims at identifying the SOZ. Similarly to
the metric proposed ifvan Mierlo et al., 2013pur TV total influence (TVTI) accounts

for the outflow from each channel (in the cited work it is thedsgree that is used)
during each time instant but differs from it by giving more relevance to the initial ictal
instants. It can be seen as an unfurling in the time domain of the total influence shown
in (6.1) since itaccounts for the current outflow of éachannel plus the futuréVvTI
valuesof its target channelddence, at a given instant a channel with a negligible
outflow can still have a large total influence in the network if the few channels it drives

have large influences in the futurk.is compued for channej with the following

formula:
a w
N N e aTVTli(k+V\)
TVTIj(k): a Fj-i(k) + aaFJ|(DW:l (6.2)
i=1j i &R W
&
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Here, this formula is applied iteratively for each tipwnt k and backwards: starting
from the end of the ripple event until its beginning so that the future TVTI values are
computed first. The variabM/ is the length of a window that averag&Suture TVTI

values. IfWis greater than the number of these values, then only available values are
averaged; in the first iteration, since no future TVTI values exist, the leftemwstdf

(6.2) is zero and TVTI for that instant is the outflow. As the iteration proceeds the
average future TVTI values start being computed with the values from the former
iterations. The values of TVTI at the beginning of the ripple event should beate m
determinant for the SOZ identification and this is the potential benefit from using time
varying analysis over timmvariant ones. The resulting TVTI matrices are then

averaged across all ripple events.

6.2.4. CASE REPORT

In this work ECoG recordings fromahild diagnosed as symptomatic casenddintile
spasms at Hospital lid de Matos and targeted for epilepsy surgery are analyzed. This
child, born in 19/01/2007 female, started to shoflexion spasms at 5 months of age
and was diagnosed with infantilgpasms at 9 months of age starting vigabatrin
treatment with partial and transitory response. A retardation in the psychomotor
development, withright hemparesis, was also observed at 5 months of age. At 15
months of age this child was reevaluated. EE@atad slow and unstructured baseline
activity, brhemispheric multifocal interictal paroxysmal activity and lateralized ictal
activity spread over thizontattemporal areas of the left hemisphere. PET scan images
reveal hypometabolism in the ledtcipitd-temporal areas but MRI scans do not show
anatomical malformations. A reevaluation at 28 months of age confirms the prevalence
of the former symptoms and functional and metabolic abnormalities. Furthermore, ICA
analysis of the EEG reveals ictal Beta daagjes components both centered between
electrodes C3 and Cz, with diffuse distribution over the posterior regions of the left
hemisphere and with contralateral distribution in the anterior regions. The patient is
scheduled for epileptic surgery in the lefirietal cortex in the following month. Prior to
surgery ECoG recordings were taken to identifyS (determined from the temporal
precedence of activity in the @D Hz) in the electrodes Al15, Al15, A22 and Aaad
delineate resection area: a regiortlesed by the central sulcus and electrodes Al to
A8, half of A15, A16, half of A24, A22 and all posterior electrodes except B14.

Seizures had not occurred in the 4 months-posgery but reappeargpaduallyafter
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that period. Consequently h@mispheretomy wasperformed infollowing two months
There have been no reports of seizures since thenaftihementionedpre-surgical

ECoG recordings anme-analyzed in this study.

6.3. RESULTS

In the 5 kHz recordings, the first two electrodd4 and A2)had faultymeasurements
sothese channelwere not considered for this analydisgure 62A shows an ES from

the 256 Hz recording. Both recordings were preprocessed to remove the frequencies
below 0.5 Hz and D®iaswith a twoway FIR filter. To achieve an appropeabalance
between model complexity and the time span covered by the MVAR m(&kls et

al., 2015)and to avoid issues with computational performance and memory, a down
sampled version of the 5 kHz recordings was created, at 1 kHz, to be used in the causal

analysis.

Channel

A
A

W 60-200HZ
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Figure 6.2: Signal and cortical activation#\) 256 Hz recording during an ES for the 48 channels
EEGLAB software fttp://sccn.ucsd.edu/eeglabB) Channels from the 5 kHz dataset that presented
HFOs in the50-200 Hz ad in 206500 Hz band.
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6.3.1. HFO DETECTION

The threshold procedure presented in Sedi@ri is applied in both the 256 Hz and 5
kHz datasetsThe resulting significant ripple events, 30 events for the 256 Hz dataset
and 29 for the 5 kHz dataset, can be seefrigure 63 along with their average
amplitudes. Furthermore, 11 of the 29 ripple events in the 5 kHz recording presented FR
(200500 Hz) activity in channels A4, A8, Al15, A16, A22, A23, A24, B1, B2 and B13,

a much morefocalizedregion than the ripple (6R00Hz) region gee Figure 62B).
Besides, significant activity in the Beta (88 Hz) and Gamma (360 Hz) bands were

also present during these events.

A) B)
Significant amplitude values in the 60-100 Hz band Significant amplitude values in the 60-200 Hz band
80 A5 150
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A10
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5 10 15 20 25 30 5 10 15 20 25
Ripple event Ripple event

Figure 6.3: Amplitudes in the frequency bands of imst for the ripple event®r each channeld) 256
Hz recording. B) 5 k Hz recording.

Each ripple event was visually inspected with the WT and the SSWT transfoguse

6.4 depicts this process for electrode6Aduring the first ripple event of both 256z

and 5 kHz recordings, in order to check for the presence of significant activity in the
frequencies of interest. As can be seen in this figure, the significant activity in the WT
spectrograms correspond to the instantaneous frequencies between 60 Hzdrithe

256 Hz recording and to the instantaneous frequencies between 60 and 200 Hz (with
short periods of 5@ns of fast ripples in the 320 Hz) in the 5 kHz recording. Although
only the first ripple event of each recording in electrod® &ldepicted,all events in

every channels were inspected with this procedure resulting in the confirmation of

activity in the frequencies of interest in every case.
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Figure 6.4: Time-frequency analysis used for visuaspection of ripple events the channel from
electrode A®. This is a snapshot the first ripple event for each recording; the WT and SSWT were
computed with additional samples outside this window to aeoid effects. The uppermost windows
show the timedomain, the middle windows its WT, with black contours delimiting the significant power
and the bottom windows show its corresponding localization in their instantaneous frequencies: SST: A)
256 Hz recording. B) 5 k Hz recording.

6.3.2. CLUSTERING RIPPLE EVE NTS AND CHANNEL SELECTION

Due to theheterogeneoushannel activation pattes inbetween ripple events present in

the previous analysis, especially for the 256 Hz dataset, a clustering analysis was
performed. Ripple events were clustered according to the tedigtverage Euclidean
distances betweesignificant channedctivities resulting in the dendograms in Figures
6.5A and6.5B for the 256 Hz and 5 kHz datasets respectively.

Hierarchical clustering: weighted average Euclidean distance Hierarchical clustering: weighted average Euclidean distance
140 250
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g 100 g
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AN~ MO OMF~0NXNNROANNT OO O N— NN Nt OQOMT— AN - NDNONONONNO S~ Oom
-——- A NN @& NN - - NANANNNN—— ——
Ripple event Ripple event

Figure6.5: Hierarchical clusterig applied to the ripple evenfitom Figure6.3: A) 256 Hz recording. B) 5
kHz recording.
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For the 256 Hz dataset, after inspecting the resulting dendogram and the corresponding
ripple events irFigure 65A, two groups of events were chosen: Group 1 congpase

ripple events in the leftmost cluster (1, 2, 3, 4, 5, 6, 7, 8, 11, 13, 16, 24 and 26) while the
ripple events from the rightmost cluster (9, 10, 12, 14, 15, 17, 18, 19, 20, 21, 22, 23, 25,
27, 28, 29 and 30) were attributed to Cluster 2. The 5 kHasdatresulted in an
increased number of subgroups despite its apparent simpler channel activation pattern
found inFigure 65B. Considering both the dendogram and the activation pattern only
one group of ripple events was chosen from the leftmost andnaghtclusters (1, 2, 3,
4,5,6,7,9, 11, 13, 14, 15, 16, 18, 19, 20, 21, 22 and 28) while the ripple events from
the middle cluster (8, 10, 12, 17, 23, 24, 25, 26, 27 and 29) were discarded due to
insufficient activated channels and low or irregulanation patterns.

The channels for the epileptogenic networks were chosen following the rule in Section
2.2. Cluster 1 network is comprised of Channels A04, A07, A08, A10, Al1l, Al2, Al4,
Al15, A16, A21, A23, A24 and B02. Cluster 2 network contains the ctaA®d, A02,

A03, A04, A09, A10, Al11, A12, A13, Al17, A18 and A19. The network from the 5 kHz
recording is attributed channels A04, A08, Al15, A16, A22, A24, BO2 and B13.

6.3.3. CAUSALITY AND INFLUEN CE

Causal analysis was performed with the timeariant and timevsarying procedures
introduced in Sectior6.2.3 in thepreviously definedepileptogenic networks for the
Gamma (3660 Hz) and HG/ripple (6A00 Hz in the 256Hz dataset and-B10 Hz in
the 5 kHz dataset) frequency bands. These were the most predominaebhésefands
in the ripple events and have been reported to be related to théH8GKL Nariai et al.,
2011b) hence their choice. An initial tiraavariant analysis was also performed for all

channels and ripple events to provide an overview of causality in all electrodes.

6.3.3.1TIME-INVARIANT ANALYSIS
Time-invariant analysis consisted in fitting groups of selected ripple events with a
multi-trial MVAR model and computing the corresponding gPDC valiies resulting

matrices were used to compute the causal inflow and outflow and total infl&eice (

Figure 66 shows the timénvariant significant causal relations, between all channels,

resultingfrom fitting all the identified ripple events to a muitial MVAR model.
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Figure6.6: Overview of directed functional connectivity (gPDC) in all ripple events between all electrode
channelsfor the 256 Hz and 5 kHz recordings in different frequency baBdahical representation
obtained with eConnectome softwdhitp://econnectome.umn.edu)

In the 256 Hz dataset when causality is assessed for all frequdrigese (66A) it is
possible to identify a cluster of causal relations between channels A6, A7,143, A
Al5, A16 and A23 where Al16 shows the strongest causal relations. Moreover,
propagation from this cluster to anterior regions can also be observed. Posterior
propagation is also present from channel B10 and A26 projectspbsthariorlyand
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anteriorly The analysis in the Gamma band fréigure 66C presents the same cluster

of influences centered in A16 that propagates to anterior regions, posterior propagation
from A10 and A26 propagating onbnteriorly. In the ripple band irfFigure 66E the
cluster d influences is now centered in A6, A16 projects to A8 and A24 which in turn
projectsposteriorly Projections from this cluster to anterior regions are not present and
the electrodes adjacent to A26, inclusive, propadteriorly The results from the lHz
dataset have similar features however, in both Figéré8 and6.6F the cluster of
influences now has a predominant posterior projection and A26 has no significant
causal relations in the ripple band. The Gamma band causakigune 66D presents

similar patterns 256 Hz counterpart.

Although these results point to a SOZ in the vicinity of A16 there is an intriguing issue
with A26 in Figure 66E since this channel rarely presents significant ripple activity as
can be seen irFigure 63. Neverthelessmost causal relations occur between the
channels selected for the Cluster 1 network and for the 5 kHz network. In the following
analyses we expect to obtain additional evidence for the SOZ by analyzing causal
relations within these networks for their @sponding ripple events.

256Hz DATASET

Figure 67 depicts the resulting connectogram for the Cluster 1 network in the two
analyzed frequency bandbigure 67A suggestsghat A7, A1l5, A16 and A24 have
strong causal outflows but the total influence mdtom (6.1) put A15 and Al16 as the
most influential in the ripple band. As for the Gamma bdfidure 67B leaves no
doubt about A16 since it has the strongest causal outflow and total influence and is

among the channels with lower causal inflow. It isdlear candidate for the SOZ.
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A) Cluster 1. Ripple band. B) Cluster 1. Gamma band.
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Figure 6.7: Time-invariant g°PDC connectogram for the 256 Hz dataset and ClusteCdusality

represented in the black arrows, inflow, outflow and total influence from the iosetmthe outermost
rings. Analysis in the ripple events and network (highlighted with boldface laheal#ferent frequency
bands: A) Ripple band. B) Gamma band.

Figure 68 depicts a similar connectogram, this time for Cluster 2 and its corgiagon

ripple events and network.

A) Cluster 2. Ripple band. B) Cluster 2. Gamma band.
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Figure 6.8: Time-invariant gPDC connectogram for the 256 Hz dataset and Clust€&a@sality
represented in the black arrows, inflow, outflow and total influence from the innetonttst outermost
rings. Analysis in the ripple events and network (highlighted with boldface labels) in different frequency
bands: A) Ripple band. B) Gamma band.

In this case, unlike Cluster 1, there is no evident consensus between the causal networks

in the ripple and Gamma bands. Moreover, by inspedtiggre 63, the channels (A9
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to A13) that show the highest levels of activity in the ripple band in the events assigned
to Cluster 2 are those that present the lowest values of outflow and total inffaence
the same frequency band (déigure 68A). The opposite is also valid; the channels
(A2, A3, Al18 and A19) with the highest causal outflow Rigure 68A and total
influence inFigure 63 have low activity in the ripple band. Combined with the fadt tha
there are always more than two electrodes with pronounced total influence in both
frequency bands, the choice of a SOZ is a difficult task in this netwoFkglme 68A,
channels A18 and A19 stand out as those with higher influence and lower inflow and
have strong causal influence in electrodes A10 and A9 respectively which are highly
active electrodes in Cluster 2 eventsHigure 63. The results in the Gamma band
(Figure 68B) show two electrodes with no causal inflow however these present lower
totd influence values than Al7. Considering these results, the inference of a SOZ

candidate electrode or region is not possible.

SKHZ DATASET

Figure 69 shows the connectogram for the 5 kHz dataset with the ripple events found in
Section 3.2. Fronfrigure 69A, channel A24 presents the highest total influence in the
ripple band whileFigure 69B shows channel A15 as the channel with highest outflow
and total influence and lowest inflow in the Gamma band. Both channels are close
neighbors of A16, the SOZ candig from the 256 Hz recordings, which also has the
highest value of gPDC in the Gamma band when projecting to A8.
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A) Ripple band. B) Gamma band.
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Figure 6.9: Time-invariant gPDC connectogram for the 5 kHz dataset network and every eipgiée
Causality represented in the black arrows, inflow, outflow and total influence from the innermost to the
outermost rings. Analysis in different frequency bands: A) Ripple band. B) Gamma band.

We also repeated this analysis after isolating the puewewents in subgroups with and
without FRs. The resulting connectograms are showfigure 610. Interestingly,

when only ripple events with fast ripples are analyzed, channel Al15 is revealed as the
most influential in both ripple and Gamma bands (Figér&0A and6.10B) while the

same occurs for channel A24, when only ripple events without fast ripples are used in
the analysis (Figure6.10C and6.10D). Channel A16 remains as the holder of the
highest gPDC value (to A8) in the Gamma band connectograiger¢s6.10B and
6.10D). Due to the discrepancy in these results it is not possible to decide on a SOZ

candidate although the decision narrows down to three closely located electrodes.
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A) Only events with fast ripples. Ripple band. B) Only events with fast ripples. Gamma band.
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Figure 6.10: Time-invariant gPDC connectogram for the 5 kHz dataset network and selected ripple
events Causality represented in the black arrows, inflow, outflow and total influence from the innermost
to the outermost ring#nalysis in different conditions: A) Only eventgth fast ripples. Frequencies in

the ripple band. B) Only events with fast ripples. Frequencies in the Gamma band. C) Only events
without fast ripples. Frequencies in the ripple band. D) Only events without fast ripples. Frequencies in
the Gamma band.

6.3.3.2TIME-VARYING ANALYSIS

Time-varying analysis was performed for each ripple event and consisted in: fitting a
TV-MVAR model, computing the gPDC metric for all frequencies at each time instant,
spectral power normalization, averaging its value for the rippleGamdma bands and
computing TVTI. The following results are the average TVTI matrices (channels vs.

time) across selected ripple events.
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256HZ DATASET

The average TVTI for the channels and ripple events pertaioi@fuster 1 are shown

in Figure 611. It is evident that in both frequency bands, channel Al6 is the first to
present expressive values of TVTI but while in the Gamma band it is shortly followed
by channel A7 Eigure 611B), in the ripple band a more interesting pattern occurs
notably, with the a@dcent channels A15 and Al14. These results are in line with the
time-invariant total influence presented figure 67 when suggesting channel A16 as
the SOZ.

A) Cluster 1. Ripple band. B) Cluster 1. Gamma band.
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Figure6.11: Average TVTI of all the ripple eves of Cluster 1 for its channels, in the 256 Hz datiset
different frequency bands: A) Ripple band. B) Gamma band.

Cluster 2 results, presentedRigure 612, are not as consistent with the timeariant
counterparts irFigure 68, especially since emnels A17 to A19 show little or none
TVTI, but may improve the understanding of this causal networkFigare 612A
suggests, channel A2 is the first to show consistent TVTI in the ripple band (although
A13 might have started before the analysis widoslpived by A12 and A3. In the
Gamma bandHRigure 612B), channel A13 has the first higher values of influence,
which last for almost 200 ms, and is followed by A3. Overall these results reinforce the
idea patent irFigure 68A that channel A2 is a plausébhcandidate for the SOZ in the
ripple band although results in the Gamma band are not supportive.
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A) Cluster 2. Ripple band.
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Figure6.12: Average TVTI of all the ripple events of Cluster 2 for its channels, in the 256 Hz dataset
different frequency bands: A) Ripple band. B) Gamma band.

5KHZz DATASET

Since separating ripple events with and without fast ripples helped to understand the
time-invariant causal network assigned to the 5 kHz dataset, in this section we present
the resultsof TVTI averaged for these two groups of eventd-igure 613. Overall,
channel A16 is seen with the first expressive TVTI values however, it is accompanied
or closely followed by channels A15 and A24 (excepigure 613B). This might be

the reason whthe latter channels have high values of influence in the-itiraiant
analysis fromFigure 610. The reason channel A16 was not identified in that analysis
and is here, might be due to the use of the DOI in theitweaiant procedure; if there

were reciprocal causality between A15 and Al6, and Awdye stronger, the causal
relation from A16 would have to be removed from the adjacency matrix. The
connectograms ifrigure 610 have already narrowed the choice of SOZ candidates to
Al5, A16 and A24 and tise results further suggest channel A16 as a SOZ candidate.
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A) Only events with fast ripples. Ripple band. B) Only events with fast ripples. Gamma band.
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C) Only events without fast ripples. Ripple band. D) Only events without fast ripples. Gamma band.
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Figure6.13: Average TVTI in the network attributed to the 5 kHz dataset in different condi#gr@nly
events with fast ripples. Frequenciegtie ripple band. B) Only events with fast ripples. Frequencies in
the Gamma band. C) Only events without fast rippfgequencies in the ripple band. D) Only events
without fast ripples. Frequencies in the Gamma band.

6.4. DISCUSSION

Since this studys limited to a singlepatient, it is not possible to generalize from its
results. However, the importance of several findings must be discussed in order to put
the importance of this study into perspective. Firstly, the proposed clustering after the
traditional thresholding analysis was able to easily identify two distinct groups of
channels. On a side note, both ICA and PCA analysis were also performed after this
clustering to check for independence betwiberiunctional activityof these two groups

and in facttheir channels were separated in distinct components which further supports
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their independence. More importantly, Cluster 2 and some electrodes from Cluster 1
were not covered in the resection area which could explain the reappearance of seizures
after thefirst epilepsy surgery. In light of recent developments that have been proposing
FRs as biomarkers of epileptogend#isahim et al., 2012; Jefferys et al., 2012; Wu et

al., 2010; Zijlmans et al., 2012he locationof FRs inFigure 62B also supports the

claim that the epileptogenicgi®n was partially resected since electrodes A22 and A23

were not included in the resection.

Directed functional connectivity also provided interesting results. Theitwagiant
analysis of Cluster 1 and the 5 kHz dataset often elects channels A15SnAR24 as

those with higher total influenc&urthermorethese channels are part of the restricted
area where FRs were found which suggests that directed functional connectivity might
have a similar facultyn identifying epileptogenesiseven when FRs arundetected

both due to their absence or due to low sampling ftee-varying analysis of these
datasets show data channel A16 is usually the first to present high values of TVTI
which is reasonable since this channel was frequently the SOZ candidh&time
invariant analysis. Hence, it is reasonable to argue that observing the temporal evolution
of total influence can be a useful supplement to the visual analysis of EEG or ECoG.
Time-invariant analysis of Cluster 2 was not as conclusive sinceofioped distant

channels as the most influential. Thwarying analysis also did not elucidate further.

From a methodological point of view, the reason for the choice of gPDC, as a metric
that is only sensitive to direct causal relations, must also besseédralthough there

are several directed functional causality metrics to choose from, and other recent
strategies that combine indirect and direct relations ifoddawith pairwise and
pairwiseconditional GC respectively) to improve causality estimatiSimamaglia et

al., 2014a)in this work, this choice was narrowed down to choosing between DTF and
gPDC. Contrarily to gPDC, DTF is sensitive to both direct and undirected causal
relations and hence, has been used to assess SOZ with metricslef@&m previous
studies(van Mierlo et al., 2013)At first glane DTF combined with outlegree would

be a reasonable choice. Indeed, by detecting undirected connections, DTF is able to
produce a clearer picture of the propagation of an epileptic seizure from the SOZ to its
distal regions. In the same way, because cetrimof total influence navigates through

the direct connections of gPDC to infer how a node influences the entire network, it also

measures the indirect influences. However, it is possible that the causal outflow of DTF
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produces similar results to ourgposal with a much straightforward approach. This was

our initial reasoning which lead us to try this strategy first however it was abandoned

for the following reasons: timmvariant statistically significant causality values with

DTF were lower than theswith gPDC, DTF is not scale invariant as gPDC is (although
DTF's formulation can be modified for this
desirable for TVTI since its objective is to follow the causal propagatien timewith

direct connections

Spectral normalization is increasingly used since gPDCyoald high values even
when spectral power is lo@Plomp et al., 2014)Even so, it was only performed with
time-varying gPDC because hen applied in timénvariant gPDC itdecreasedts

values to a considerable extent due to the vanishing of the spectral power in the ripple
and Gamma bands after averaging the ntu#l data. Furthermore, Gamma band
results should have been comparedstatistically validated as significantly different
from the Gamma band causality in the baseline activity. The same could not be done for

the ripple band results since this rhythm was not present during baseline activity.

6.5. CONCLUSION

This work presented these of directed functional connectivity in ECoG datasets in the
HFO frequency bands. The study of HFOs and their association with epileptogenesis is
a recent trending topic with promising results in clinical epilepsy. To our knowledge the
use of directedfunctional connectivity in the HFO band in paroxysmal ECoG
recordings has not been attempted yet, at least with in a large population of patients
with infantile spasmsWe hope this work is a stepping stone flow-up studies and

also a suggestion th#tis problem requires a broad set of techniques from advanced
time-frequency analysis, cluster analysis and twagying causal influence metrics.
Additionally, this analysis maye extended to data other thamracranial EEG
recordings since ictal HFOs &0-100 Hz on scalp EEG have also been reported,
associated with epileptic spasms (Kobayashi et al., 2004). Combined with the recent
disowning of the idea that HFOs can only be detected with intracranial microelectrodes
due to the small size of its genens (Akiyama et al., 2005; Chatillon et al., 2011,
Gotman, 2010¥calp EEG recordings from infale spams patients may also be viable
datasets to these strategies in the identification of epileptogenic territories and to aid

surgery planning.
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/.GENERAL DISCUSSION AND CONCLUSIONS

Although reuroimaging studies have traditionally focused on the iomat
speialization of individual areas, theaim has been shifting towards the functional
integration between ROIs or functionally segregated rediStephan and Roebroeck,
2012) Therefore,besides studying which areas of the brain activate or deactivate in
specific contextsit has also been of interest to infer haviormation flows between
these sites. Directed functional connectivity is one of the most widely used strategy to
infer suchknowledge however, it has faced context speafiallenges that required
thoroughcomprehensioiiDeshpande et al., 2009b; Seth et al., 2013; Smith et al., 2012,
2010; Solo, 2007and innovative solutionfAncona et al., 2008; Dhamala et al., 2008;
Marinazzo et al., 2012; Stmaglia et al., 2014aYhis thesis aimed at offering such a

contribution to the directed fational connectivity framework.

Chapter 2 addresdeone of the most relevant aspeatemmon tothese studies
(Deshpande et al., 2009b; Seth et al., 2013; Vehdss et al., 2011)he generation of
synthetic datasets used to test Ardchmark connectivity metrics. this chapter four
popular generative modefer LFPs were presented andested for theircapacity to
modulate causal strength as a function of their paramedtershermore, the same
analysis was performedn forward modelsapplied to the synthetic LFPs order to

verify that the same causal strength modeling is also possible with EEG affected by
volume conduction and fMRI BOLD affected by vascular effects, low sampling and
noise. This flexibility is important for studies that test connectivity metriceesiit is
desired that synthetic data reflects different levels of coupling and cssabth
common in neuronal datasetsurthermore, the proposed generative models covered
popular implementations of distinct nature, biophysiidelity and computatioal
complexity. AR models provide optimal control on the modulated causal relations since
they allowfor precise control of neuronal delays, causal strength and frequency content
with low computational demand bliimited biophysical meaning. On the otheartd,
Izhikevich columnsoffer the most biophysically realistic generative maodglbut

sacrifice the ability to diret model the causal influence strength and frequency
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location and are more computationally demandifighe latter tradeoff however, is
mitigated by taking advantage of the parallel processing power of the GPU in the
distributed computation of spikingneuronal units Coupled oscillators such as
Kuramoto models ankle; sets offer a intermediateoption between biophysical
realism,simulationcontrol and computational load which makes thesefulcandidates

for generating datasets for larger networks.

Chapter 3 tackled the most relevant challenges imposed to directed functional
connectivity metrics when used to infer causal relations with fBIBLD data. The use

of these metrics with fMRlI BOLD datasetsad beenafflicted by a well-funded
skepticismconcerning the low time sampling and SNR and variable vascular latency
commonplace in BOLD timseries(David et al., 2008; Smith et al., 201(Ylost
studies that dealt with these issuesve beenbiased towards a limetd subset of
connectivity metrics and specifiextreme worst and best case scenarios. The work
presented in Chapter 3 aimed at balancing this bias by benchmarking a large family of
metrics,found inpopular neuroscience toolboxeswith in-housemplemenatiors, in a

vast simulation experiment with more tha8.000 distinctscenariosboth before and

after the BOLD forward modeling. Results suggested that these metrics can indeed be
used to infer causal relations from BOLD datasets provided that, inticcabaditions,

the neuronal delays of the underlying neuronal dynamics are in the order of the
hundreds of milliseconds. With the eventual decreasgcanner TR and increase in
SNR, or with proper hemodynamic deconvolution or other strategies to idémsify
vascular latencies, the window of possible neuronal delays can be lowered to the order
of tens of millisecondsallowing these metrics to be used in most connectivity studies
with fMRI data.

Both Chapters 4 and 5 dealt with tikfrequency distributiorof directed functional
connectivity with adaptive data analysis. In Chapter 4, the comigiiert-Huang
spectrogranwasintroduced for the NP GC framework and used similarlfCtbamala

et al., 2008)in place of the WTresulting in improved time and frequency distribution.
Chapter 5 futter explored the use of adaptive data analysis with EMD algorithms in the
directed functional connectivity framework. Since this was a novel research topic, this
chapter preseatl an alkencompassing study in order to cover all possible advantages
and limtations of these techniques. Overall, it was found that some EMD algorithms,

like NA-MEMD or SSWT,are more suited to be usedth causal inference and, in
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turn, that some connectivity metrics, like PDC or GGC, provide more accurate results
when used in ENd decompositions. The results also showed that adaptive
decomposition is far superior than digital filteriag a preprocessing stepnd that by
allocating the causal strength to the respective IMF's IF, an improvedréquency
representation can aldme obtained, similarly to the results from Chapter 4. Overall,
both chapters dealt with the issue of tifmegquency resolution in directed functional
connectivity but Chapter 5 goes further by validating the use of adaptive decomposition
analysis prior tacausality inferencewhich can be useful not only as a yp@cessing
technique but also as a way to tartfe connectivity analysis to pairs of IMFs with

physical meaning.

Finally, Chapter Gmploys state of the art directed functional connectivityrtegles

for the analysis of a dataset from a patient with infantile spasms. Additionally, two
metrics of causal influence were also proposed, as an original contribution of this thesis,
one for timeinvariant analysis and other for tirvarying analysis. Tése metrics aimed

at identifying the channels with the highest causal influence as candidate B@Zs.
SOZ of this patient had been clinically determined but in this study its location was
reassessed with the current gold standard using ripple band md@pimgns et al.,
2012)and a promising new method of FR mappfiéu et al., 2010)In this study FRs

were identified and were, in fact, more selective than the spgleing epileptic
spasms, thus hinting at their improved specificity in localizing the SOZ. However, by
using direcdéd functional connectivity metrics, the same specificity was achieved in
recordings with a sampiate that wouldn't allow for FR identification (256 Hz) or
when using spasms recorded at 5 kHz that did not show FR activity. Furthermore, the
time-varying reresentation of total influence offers an alternative wayefuitepsy
clinicians to interpret théemporalevolution of seizures. Usually the identification of

the SOZ with EEG (besides the remaining functional and structural imaging based
diagnosis) reks on the visual inspection of EEG pages and tracking the channels with
the earliest sign of ictal activity. This might lead to mislead8@Z identifications
(Akiyama et al., 2011)or several reasonsemporal precedence does not imply
causation and, some frequency specific content is not distinguishable with the standard
temporal scales used in visual inspectidvevertheless,epilepsy clinicians are
proficient at evaluating this informatioand theredre, the proposed timegarying

influencerepresentations suggestedo be used as a complementary analysis since it
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provides an alternative interpretation tivaiorms aboutthe temporalevolution ofthe

frequency specific causal influence of each channel

Altogether, this thesigrovided answers and solutions to current problems of directed
functional connectivity in the analysis of fMRI and EHfata Its contributions are
complementary to some recent developmeéntkis area. The analysis of BOLD fMRI
has a promising futurenot only due to instrumentation improvemefit8 oy aci ogl u an
Barth, 2012; Chang et al., 2013)ut also due to methodological advances like the
partial conditioned analys{®larinazzo et al., 20129nd the estimation of GC from the
DCM parametergFriston et al., 2014aRecentproposaldrom otherleading authos in
these area haveuggestedind detailedthe use of GC metrics with SS modé®eth,
2015; Solo, 2015which may besynergeticwith adaptive data analysis since the
estimation of these models benefits from IMF tisegies(Yinfeng et al., 2008)The
interest in timevarying representatiof causal relations is also increasithgio et al.,
2013a; Omidvarnia et al., 2014; Sommerlade et al., 2012; van Mierlo et al.,&td,3)
although this thesis proposed a simple metric that is able to use the teayoduibn

of causalityto infer thetotal influenceof each timeseries variablethere are a number

of other ways to explore this information rich representation in order to obtain
additional information about the causal dynam{@serall, the results ém this thesis
have offered an important contribution to this researchthagain light of the ongoing

developments, are important future research lines.
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