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ABSTRACT 

In the last decade directed functional connectivity analysis has been increasingly 

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 imaging (fMRI) 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 this work focuses on testing and benchmarking connectivity 

metrics in 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 realistic 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 directed 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 succeeding 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 restrict causal 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 the causal 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 connectivity, Granger causality, generative models, 

adaptive data analysis, EEG, fMRI, epilepsy.
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RESUMO 

Na última década a análise de conectividade funcional direccionada tem sido 

progressivamente adoptada no estudo da conectividade do cérebro humano. No entanto, 

a sua utilização com dados de neuroimagem funcional tem enfrentado uma série de 

limitações e controvérsias, especialmente quando aplicado a dados de ressonância 

magnética funcional (fMRI). 

Esta dissertação apresenta um estudo de métricas de conectividade funcional 

direccionada e na sua aplicação a registos de duas das técnicas de neuroimagem 

funcional mais utilizadas, electroencefalografia (EEG) e fMRI. 

Uma vez que uma grande parte deste trabalho consiste em testar e avaliar estas métricas 

recorrendo a simulações controladas, foi realizado um estudo inicial sobre os modelos 

generativos mais recorrentes na literatura, com diferentes graus de fidelidade biofísica, 

para EEG e fMRI. Os resultados sugeriram que os modelos menos realistas são mais 

adequados para grandes simulações, devido a requisitos computacionais baixos, ou para 

testar novas métricas, devido ao maior controle sobre as relações causais simuladas. O 

segundo estudo consistiu numa avaliação do desempenho da análise de conectividade 

funcional direccionada em simulações extensas com dados de fMRI sintéticos. As 

conclusões argumentaram a favor da aplicabilidade a dados fMRI, desde que um 

rigoroso conjunto de especificações experimentais seja cumprido. Os dois estudos 

seguintes propõem uma nova abordagem para a inferência causal através da análise de 

dados adaptativa. Os resultados sugerem que esta abordagem é capaz de, não só 

proporcionar uma melhor localização em frequência, mas também de restringir a análise 

causal a componentes com significado físico. No último estudo são efectuadas análises 

de causalidade em registos EEG intracranianos de um paciente com espasmos infantis. 

A partir do estudo das relações causais nestes registos, foi possível delinear uma zona 

epileptogénica consistente, e ainda mais específica, com as regiões determinadas 

clinicamente ou por novas estratégias de localização. 

 

Palavras-chave: conectividade funcional direccionada, causalidade de Granger, 

modelos generativos, análise de dados adaptativa, EEG, fMRI, epilepsia.
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RESUMO ALARGADO 

O funcionamento do cérebro humano é um tópico que desde há muito tem desafiado 

cientistas e filósofos, mas foi apenas nas últimas décadas que a ciência conseguiu 

explicar alguns dos complexos fenómenos que ocorrem neste órgão. Estes feitos devem-

se em grande parte aos avanços alcançados no desenvolvimento de técnicas de 

neuroimagem que, ao permitirem observar a estrutura e funcionamento cerebral de uma 

forma não-invasiva, alargaram a população elegível de indivíduos saudáveis e de 

pacientes para estudos científicos. Este consequente aumento no volume de dados de 

neuroimagem gerou um interesse igualmente crescente em metodologias de análise que 

visam responder a perguntas específicas sobre o funcionamento cerebral. A análise de 

conectividade funcional direccionada é um destes casos e, nas duas últimas décadas, 

várias abordagens têm sido adoptadas, provenientes de áreas distintas do conhecimento, 

desde a estatística à teoria de informação. Esta análise consiste principalmente na 

aplicação de métricas de conectividade a conjuntos de dados de neuroimagem funcional, 

a fim de identificar relações de causalidade entre diferentes regiões do cérebro. No 

entanto, a sua utilização tem levantado várias questões e controvérsias, especialmente 

quando aplicada a dados de ressonância magnética funcional (fMRI, do termo inglês 

functional Magnetic Ressonance Imaging). 

O trabalho desenvolvido nesta tese consiste no estudo de métricas de conectividade 

funcional direccionada e na sua aplicação a registos de duas das técnicas de 

neuroimagem funcional mais utilizadas, electroencefalografia (EEG) e fMRI. Este 

estudo foi dividido em cinco trabalhos que, embora destacando-se como contribuições 

individuais, compartilham interdependência e alguns temas em comum. 

Uma vez que uma grande parte deste trabalho consiste em testar e avaliar métricas de 

conectividade funcional direccionada recorrendo a simulações controladas, foi realizado 

um estudo inicial sobre os modelos generativos mais recorrentes na literatura, com 

diferentes graus de fidelidade biofísica, para conjuntos de dados representativos de 

registos de potenciais eléctricos corticais (LFPs, do termo inglês Local Field Potential), 

EEG e fMRI. Este estudo consistiu na análise da capacidade destes modelos em gerar, 

de forma controlada, dados sintéticos com relações causais de diferentes magnitudes. 

Para tal, foram analisados quatro tipos de modelos generativos, de menor para maior 

fidelidade biofísica, como modelos auto-regressivos (AR), redes de osciladores usando 
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modelos de Kuramoto, redes de osciladores usando modelos propostos por Walter 

Freeman e redes de macrocolunas corticais compostas por neurónios usando modelos 

propostos por Eugene Izhikevich. As series temporais resultantes destes modelos 

representam apenas os LFPs e, como tal, é ainda necessário simular o respectivo sinal 

EEG e fMRI BOLD (do termo inglês blood-oxygen-level dependente). Para este efeito, 

os sinais LFP foram transformados através da função de condução volúmica, resultado 

no sinal EEG, e através da convolução com a função de resposta hemodinâmica ou por 

um modelo representativo da dinâmica vascular (o extended Balloon-Windkessel), 

resultando no sinal fMRI BOLD. A capacidade dos modelos generativos simularem 

relações de causalidade foi testada para diversos valores de acoplamento entre 

osciladores (e coeficientes de correlação para os modelos AR) assim como para 

diferentes latências de comunicação. Os resultados deste estudo sugerem que todos os 

modelos são capazes de produzir dados sintéticos reflectindo relações causais com 

intensidades em função dos valores de acoplamento ou dos coeficientes de regressão e, 

maioritariamente independentes da latência da comunicação. Adicionalmente, registou-

se um aumento expectável da exigência computacional, e um menor controlo sobre a 

relação causal, para modelos com maior fidelidade biofísica; modelos mais simples, 

como os AR ou osciladores de Kuramoto, permitem um controlo mais preciso da 

intensidade e localização em frequência das relações causais o que sugere o seu uso em 

simulações mais amplas ou em testes a novas métricas com desempenho desconhecido. 

O segundo estudo consistiu numa análise exaustiva da viabilidade da utilização de 

métricas de conectividade funcional direccionada a dados de fMRI. Este teve como 

objectivo contribuir para o esclarecimento desta questão muitas vezes controversa, pois 

o sinal fMRI BOLD é caracterizado por um baixo ritmo de amostragem (TR, do termo 

inglês time of repetition) e relação sinal-ruído (SNR, do termo inglês signal-to-noise 

ratio) e pode também ser influenciado por efeitos de dinâmica vascular variável em 

diferentes regiões 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 os cenários mais adversos aos mais favoráveis, para testar o 

desempenho de 17 métricas de conectividade funcional direccionada. Para estas 

simulações foi escolhido um modelo generativo baseado numa rede auto-regressiva 

alimentada por registos reais de LFPs, e foram utilizados diferentes parâmetros como: 

dimensão e tipologia da rede, SNR, TR, latência e força de interacção e variabilidade 
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hemodinâmica. O desempenho das 17 métricas foi medido através dos valores de 

sensibilidade, especificidade e precisão na detecção de relações causais tendo-se 

verificado que as métricas baseadas no conceito de causalidade de Granger (GC) 

obtiveram os melhores resultados. Uma análise geral aos mesmos através de regressões 

multivariadas, cujas variáveis independentes são os parâmetros da simulação e as 

variáveis dependentes os valores de sensibilidade, especificidade e precisão, revelou que 

a latência de interacção e a variabilidade hemodinâmica são os parâmetros de simulação 

que mais influenciam o desempenho da maior parte das métricas. Através de uma 

análise à informação mútua compartilhada pelos parâmetros das simulações para 

resultados de precisão elevada (precisão superior a 90%), verificou-se que valores de 

variabilidade hemodinâmica elevados foram compensados por latências de interacção 

elevadas (e vice-versa) assim como valores de SNR reduzidos foram compensados por 

forças de interacção elevadas (e vice-versa). Para parâmetros de simulação 

representativos de condições realísticas, as latências de interacção detectadas por 

métricas baseadas em GC com mais de 80% de sensibilidade estão compreendidas entre 

os 250 e 400 milissegundos, no entanto, para valores de TR na ordem dos 0.1-0.01 

segundos (não alcançáveis em scanners actuais) seria possível a detecção de latências 

inferiores a 100 milissegundos. Quanto à dimensão e tipologia da rede observou-se que 

o número de nós e a densidade de ligação influenciam negativamente a sensibilidade de 

métricas baseadas em GC e que o coeficiente de clustering e a heterogeneidade da 

distribuição da densidade de ligações aferentes entre nós afecta positivamente a 

sensibilidade destas métricas. Finalmente, foi também discutida a implementação de 

uma destas métricas numa toolbox amplamente utilizada em estudos de conectividade, o 

que pode levar a resultados menos favoráveis quando aplicada a dados fMRI. No geral, 

os resultados deste estudo argumentam a favor da aplicabilidade destas métricas no 

contexto de dados fMRI desde que um rigoroso conjunto de especificações 

experimentais seja verificado e que a métrica de eleição seja aplicada com pleno 

conhecimento das suas restrições. 

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 

semelhantes e cujo interessem consiste em identificar relações causais no domínio da 

frequência. Para este efeito, são propostos algoritmos de análise de dados adaptativa 

(ADA, do termo inglês adaptive data analysis). No primeiro estudo é realizada uma 
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análise preliminar sobre a possibilidade de identificar relações causais utilizando 

estratégias não-paramétricas através de um espectro de frequências instantâneas obtido 

pela transformada de Hilbert-Huang, resultante da aplicação de um algoritmo ADA. 

Verificou-se que é de facto possível obter uma representação da causalidade com uma 

resolução em frequência bastante superior entre variáveis com séries temporais 

estacionárias e não estacionárias. No segundo estudo foi sugerida outra utilização dos 

algoritmos ADA para a detecção de relações causais entre componentes intrínsecos das 

séries temporais (IMFs, do termo inglês intrinsic mode functions). O interesse desta 

abordagem deve-se à capacidade destas IMFs em isolar fenómenos com significado 

físico nas séries temporais e de permitirem o cálculo da frequência instantânea, 

permitindo assim alocar a influência causal nestes valores específicos de frequência. 

Foram utilizados modelos generativos baseados em osciladores de Kuramoto e testadas 

combinações entre 10 algoritmos ADA e 10 métricas de conectividade funcional 

direccionada. Verificou-se que a maior parte dos algoritmos ADA são superiores a uma 

simples filtragem das séries temporais nas frequências de interesse e que algumas 

combinações destacam-se pela positiva das restantes. Este conjunto de combinações foi 

testado com um benchmark conhecido, com recurso a dados reais, tendo-se revelado à 

altura das estratégias tradicionais de inferência de causalidade o que demonstra que a 

detecção de causalidade entre IMFs não compromete a precisão destas técnicas. No 

geral, os resultados destes estudos permitem concluir que a adopção de algoritmos ADA 

traz vantagens na identificação de causalidade entre series temporais estacionárias e 

não-estacionárias pois restringe a frequência destas relações a um conjunto muito 

selectivo de frequências instantâneas e permite identificar relações causais entre 

componentes com relevância física. 

No último trabalho desta tese a análise de conectividade funcional direccionada foi 

aplicada a um conjunto de registos de EEG intracraniano de uma paciente do Hospital 

Júlio de Matos, diagnosticada com espasmos infantis. Este trabalho consistiu numa 

investigação complementar deste caso, que decorreu durante 2010 e que após um estudo 

invasivo com eléctrodos subdurais, de onde provêm os registos EEG aqui utilizados, 

resultou na necessidade de duas cirurgias da epilepsia: uma desconexão posterior 

esquerda e, subsequentemente, uma hemisferectomia esquerda devido ao 

reaparecimento das crises. Uma análise prévia aos registos permitiu identificar 

actividade rápida em duas bandas de frequência distintas (60-200 Hz e 200-500 Hz) 
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durante o período ictal. A localização topográfica da actividade 200-500 Hz coincidiu 

parcialmente com a região epileptogénica clinicamente identificada, o que está de 

acordo com estudos recentes sobre este tipo de actividade. Como tal, a topografia desta 

actividade e a região clinicamente relevante foram utilizadas como termo de 

comparação para os resultados obtidos com a análise de conectividade. A inferência 

causal foi efectuada com e sem evolução temporal e, em ambos os casos, foi possível 

identificar um conjunto de eléctrodos como possíveis geradores da actividade epiléptica 

cuja localização é coincidente, e até mais específica, com a região identificada com os 

critérios anteriores. Estes resultados sustentam a utilidade dos resultados obtidos através 

de técnicas de conectividade funcional direccionada como um critério adicional na 

identificação da região epileptogénica, principalmente quando a actividade 200-500 Hz 

não está 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 contextos distintos: sinais fMRI BOLD caracterizados 

por ritmos de amostragem e SNR baixos, representativos de interacções neuronais na 

ordem das centenas de milissegundos, e sinais de EEG representativos de qualquer 

interacção neuronal em diferentes gamas de frequência. Adicionalmente, são também 

sugeridas novas linhas de investigação tais como a combinação de algoritmos ADA 

com técnicas de conectividade, e o uso dos resultados destas técnicas para a localização 

da região epileptogénica em epilepsias de espasmos infantis. 
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1. GENERAL INTRODUCTION 

The human brain is a highly complex organ, with approximately 1x1011 neurons that 

communicate with each other via axonal connections forming complex neural networks 

with a great number of structurally distinct, heterogeneous interconnected components. 

The direct recording of its entire activity with currently available tools is an impossible 

task. Direct measurements are possible with single cell recordings but are restricted to a 

very limited number of units while indirect recordings are able to 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 relation, which 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 connectivity plays 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 imaging. 

1.1. BRAIN CONNECTIVITY 

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

localization by the physician Franz Joseph Gall who proposed that the brain is the seat 

of the mind and that the mind is composed of distinct mental faculties that reside in 

specific locations. 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 side. Conflictingly, Flourens suggested 

that the brain was an undifferentiated general-purpose organ where all sensations, 

perceptions, and volition resided concurrently. However, functional localization found 

increased support after the well-known physician and anthropologist Paul Broca 

claimed that the left frontal lobe was the center of speech. Broca’s evidence was from a 

patient who suffered an accident that damaged his left frontal lobe and produced speech 
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specific deficits but did not affect all the other intellectual capabilities. More recently 

however, it was the same studies of brain lesions (Absher and Benson, 1993) that led to 

the refutation of functional localization as a complete explanation of cortical 

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 brain has been 

characterized by segregation of small neuronal subsets and integration between 

independent neuronal subsets (Tononi et al., 1994). These functional interactions occur 

with synchronized activity between multiple local and distant brain regions (Deco et al., 

2011) and can be mapped in different networks consisting 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 analyzed from three distinct perspectives, 

characterized by three different networks, as depicted in Figure 1.1: 

 Anatomical connectivity or structural connectivity consists in a network of fiber 

tracts connecting neuron subsets in spatially distant brain regions. 

 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 undirected networks. These are context 

dependent and occur on multiple time scales ranging from milliseconds to seconds. 

 Directed functional connectivity and effective connectivity describe the influence 

one neuronal system exerts upon another and provides directed networks that 

represent causal interactions between activated brain areas. Like functional 

connectivity, these are also context dependent and can occur on multiple time scales. 
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Figure 1.1: Examples of different types of brain connectivity networks and respective adjacency matrices. 

Adapted from http://www.scholarpedia.org/article/Brain_connectivity. 

1.1.1. ANATOMICAL CONNECTIVITY 

White matter (WM) pathways are the structural connections of the brain and can be 

investigated using diffusion-weighted (DW) magnetic resonance imaging (MRI) 

(Hagmann, 2005). This is an MRI technique that indirectly measures the local mobility 

of water molecules and can provide information about the geometry of the underlying 

tissue microstructure, at smaller scales than the imaging resolution (Le Bihan, 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 integrity of 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 populations, a 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 long-range connectivity 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 connectome (Hagmann et al., 2008; Sporns et al., 2005). This 
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network is organized in multiple scales (Kötter, 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 complex features common in networks from other biological and 

physical systems (Rubinov and Sporns, 2010). 

The importance of structural connectivity also spans to functional and directed 

functional connectivity studies since anatomical connections shape functional 

connections (Honey et al., 2007).  

1.1.2. FUNCTIONAL CONNECTIVITY 

Functional connectivity metrics measure the statistical dependencies between two or 

more time-series variables. Several techniques exist and while some can only detect 

linear relations, others are sensitive to both linear and non-linear relations. Although 

analysis is usually pairwise, there are distinct implementations for bivariate and 

multivariate data analysis in most metrics 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 the following sections vector and matrix variables are presented in 

boldface. 

1.1.2.1.CROSS-CORRELATION 

One of the most traditional metrics of functional connectivity is cross-correlation which 

measures the linear correlation between two variables X(t) and Y(t), with zero mean and 

unit variance, for N samples as a function of the time delay τ: 

1

1
( ) ( ) ( )

N

XY

k

C X k Y k
N



 






 

  

(1.1) 

This function ranges from -1 to 1, complete inverse correlation to complete direct 

correlation respectively, where 0 suggests no interdependence between variables. The 

time delay τ can be used to infer the correlation at different delays between these 

variables however, this cannot be used as a prediction of the neuronal delay nor a 

measure of influence (Pereda et al., 2005). When τ is zero the cross-correlation is 

Pearson’s product moment correlation coefficient. The partial analysis can be obtained 

with partial cross-correlation where the effects of a set of controlling variables can be 



 

5 

 

removed by performing the cross-correlation in (1.1) for the residuals of the linear 

regression between each variable X(t) and Y(t) and the set of controlling variables. 

1.1.2.2.COHERENCY 

To obtain the previous correlation in the frequency domain, coherence can be used. It is 

equivalent to normalizing the Fourier transform (FT) of (1.1) by the product of the auto-

spectral density functions of X(t) and Y(t) or, alternatively, as the absolute value of the 

following ordinary coherency function (Nolte et al., 2004): 

( )
( )

( ) ( )

XY
XY

XX YY

S f
C f

S f S f
  

(1.2) 

Here, ( )XYS f  is the cross-spectrum between variables X(t) and Y(t), ( )XXS f  and 

( )YYS f  are their respective auto-spectra and coherence is computed as 

COH ( ) ( )XY XYf 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 electrodes (Andrew and Pfurtscheller, 1999; Florian 

et al., 1998). Similarly to partial cross-correlation, a measure of partial coherence 

(pCOH) pCOH ( )XY f  can also be obtained for an N-variate dataset (N > 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 entire N-variate dataset and 

computing the model’s cross-spectral density matrix (CSDM) S(f): 
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S  (1.3) 

To obtain a partial coherency, formula (1.2) is computed by replacing its cross and auto 

spectra, given by ( )ijS f  (i, j = 1,…N), by the minors produced by removing the i-th 

row and j-th column from (1.3). Its absolute value is pCOH ( )XY f  (Korzeniewska et al., 

2003). Another alternative proposed by Nolte et al. is using the imaginary part of 

coherency iCOH ( )XY 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. 
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1.1.2.3.PHASE SYNCHRONIZATION 

Another concept of functional connectivity can be found in metrics of phase 

synchronization. The most common metrics for phase synchronization is the phase-

locking which consists in the persistence of a near constant phase difference between 

two variables over a time period and its simple definition for variables X(t) and Y(t) is 

( ) ( ) ( ) constantXY X Yt n t m t     , where ( )X t  and ( )X t  are the respective 

unwrapped phases and n and m are integers (Tass et al., 1998). Phases can be computed 

with the Hilbert or wavelet transforms (HT and WT respectively) of band-passed 

components (Tass et al., 1998) or in specific frequency components using wavelet 

coherence (Lachaux et al., 2002). 

1.1.2.4.MUTUAL INFORMATION 

Mutual information (MI) can be seen as a non-linear information theoretic alternative to 

correlation, based in the Shannon entropy from (Shannon and Weaver, 1949). In 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 computed by (Kaiser, 2002): 

( , )
MI ( , ) log

( ) ( )
XY

ij X Y

p i j
p i j

p i p j
  

(1.4) 

which is a discretized version of the continuous definition of MI (Schreiber, 2000). 

Here, variables X(t) and Y(t) are partitioned into M bins of finite size 

( 1,..., ), ( 1,..., )i jX i M Y j M   and, the ( )Xp i , ( )Yp i  and ( , )p i j  (respectively the 

probability of ( ) iX t X , the probability of ( ) jY t Y  and the joint probability of 

( ) ( )i jX t X Y t Y  ) and are estimated by the fraction of points falling into the i-th bin 

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. From (1.4) it is evident 

that when there is no relationship between these variables the joint probability in the 

numerator reduces to the product between the individual probabilities and MI is zero. 

The former technique is usually referred as the naïve histogram approximation to the 

continuous definition; it converges to the continuous definition when the number of 

variable samples tends to infinity and the size of all bins tends to zero. However, more 

accurate discretization can be achieved by adaptively partitioning the data like the 

method proposed by Kraskov (Kraskov et al., 2004) that uses k-nearest neighbor (knn) 
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statistics to determine the partitioning scheme and results in better approximations in 

variables with fewer samples. Similarly to partial cross-correlation, a partial MI can also 

be computed that removes the effects common to a set of controlling variables (Frenzel 

and Pompe, 2007) and it has been shown that for Gaussian variables, MI is proportional 

to cross-correlation (Barnett, 2009). 

1.1.2.5.FUNCTIONAL SEGREGATION 

Functional networks containing a large number of nodes can then be constructed by 

using the former techniques to infer all functional connections between variables 

(Honey et al., 2007) but also with dimension reduction techniques, that identify 

functionally segregated variables, like principal component analysis (PCA) (Zhou et al., 

2009a), independent component analysis (ICA) (De Luca et al., 2006), self-organized 

maps (Liao et al., 2008) or canonical correlation analysis (Deleus and Hulle, 2009). 

1.1.3. DIRECTED FUNCTIONAL CONNECTIVITY 

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 various perspectives (Pearl, 1999). In neuroscience, there are two main 

avenues for causal inference: dynamic causal modeling (DCM) (Friston et al., 2003) and 

Granger causality (GC) (Granger, 1969). Over the years both approaches have evolved 

and became increasingly adapted to deal with the challenges posed by the different 

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; Solo, 2007). 

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

Shortly, DCM interprets the brain as a deterministic nonlinear dynamic system that 

receives inputs and produces outputs (Friston 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. Hence, in its basic form, it is not an explorative procedure but a 

Bayesian model comparison procedure that tests distinct 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 connectivity is parameterized in the coupling between unobserved hidden 

states. Depending on the observed data, DCM can assume specific configurations. For 
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example, for functional MRI (fMRI), DCM uses a network of bilinear differential 

equations of neural dynamics for the hidden states and a hemodynamic model that 

describes the transformation of neuronal activity into blood-oxygen-level 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 models (David et al., 

2006). More recently a stochastic extension of DCM has been developed (Daunizeau et 

al., 2009) as well different approaches to perform explorative DCM (Friston et al., 

2014b, 2011; Pyka et al., 2011). The concept of GC has also been recently introduced in 

DCM framework (Friston et al., 2014a, 2014b). 

Friston argues that DCM is a measure of effective connectivity because the reasoning 

behind its paradigm is to estimate the coupling among unobserved brain states, by 

perturbing a physical system and measuring its response (Friston et al., 2003), and GC 

metrics are a measure of directed functional connectivity because the their principle is 

to constrain the parameterization of statistical dependencies by preventing non-causal 

dependencies (Friston et al., 2014a). Indeed, it is an appropriate distinction since CG 

metrics are data-driven exploratory and measure information flow, while DCM is 

model-driven confirmatory, relying on the comparison of how well different 

hypothesized models perform compared to the observed data (Valdes-Sosa et al., 2011). 

1.1.3.1.PARAMETRIC FORMULATIONS 

GC is based on the notion that because cause must precede its effects, it must also 

improve their prediction. Its concept was contemplated by Wiener (Wiener, 1956) and 

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

(VAR) models of stochastic time-series variables. It states that if the prediction of a 

certain time-series variable X(t) is improved by the knowledge of the past of a second 

time-series Y(t), then Y(t) has a causal influence on X(t). Granger’s formalization was 

the GC index (GCI) that measures the directed influence between two time-series by 

quantifying the prediction improvement in terms of reduction of the regression error 

terms’ variance. This requires the estimation of a restricted VAR model (1.5) that only 

looks at the past of X(t) and an unrestricted MVAR model (1.6) that also includes the 

past of Y(t): 
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where p is the model order. If Y(t) adds relevant  information for the prediction of X(t), 

then the prediction error’s variance of the unrestricted model is smaller than that of the 

restricted model and the following value is positive so Y(t) is said to “G-cause” X(t): 

'

var( )
GCI ln

var( )
Y X

E

E
   (1.7) 

This has been 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 models (Ancona et al., 

2004), and were later generalized with kernel methods (Marinazzo et al., 2008). 

GCI can be generalized to the multivariate case (pairwise-conditional1 GC) by testing 

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

to distinguish between direct and indirect causal relations (or as usually referred, ‘prima 

facie’ causalities). The implementation of conditional GCI is based on the variance 

reduction of the prediction error when accounting for Y(t), when the subset Z(t) is added 

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

models for conditional GCI given by: 
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where the autoregressive (AR) coefficients for the influence of Z(t) to X(t) are in 

matricial form since this subset can have more than one variable. If Y(t) helps predicting 

X(t) while taking Z(t) into consideration, then the following value is positive and Y(t) is 

said to “G-cause” X(t) conditional to Z(t): 

                                                 
1 Pairwise-conditional analysis refers to a causality test between pairs of variables, conditioned to the 

remaining variables in a multivariate dataset. Pairwise analysis consists in a causality test only between 

pairs of variables in a bivariate or multivariate dataset. In an analogy with functional connectivity, 

pairwise-conditional analyses relate to partial cross-correlations while pairwise analyses relate to 

correlations. Throughout this document both pairwise-conditional and conditional terms refer to the same 

concept. 
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Statistical validation of a causal relation Y→X can be accomplished with an F-test on 

the null hypothesis that all the values AXY,i (i={1,…,p}) (where p is the model order) are 

zero (Seth, 2010). After applying Bonferroni correction for multiple observations to this 

test (in this case the model order p corresponds to the number of observations), causal 

influence is detected if all AXY,i are jointly and significantly different from zero. 

An important spectral decomposition of GC was proposed by Geweke in 1982, usually 

known as Geweke’s GC (GGC) (Geweke, 1982). This decomposition 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 this 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 be achieved with the coefficient matrix from the following MVAR model: 
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and by Fourier transforming the MVAR components by: 
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(1.12) 

where I is the identity matrix. This is followed by the computation of the transfer matrix 

1( ) ( )f f H A  and the CSDM ( ) ( ) ( )f f f *
S H ΣH , where * denotes complex 

conjugate and matrix transpose and Σ is the covariance matrix of the model error terms. 

Then the GGC influence of variable Y(t) on variable X(t) can then be computed as a 

function of frequency f: 
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(1.13) 

The intrinsic spectral power of the variable X(t) in the denominator is obtained by 

subtracting the causal part from the total spectral power. If there are more than two 
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variables in the dataset, for instance the subset Z(t) from (1.8) and (1.9), formula (1.13) 

is not valid because the denominator does not exclusively reflect the intrinsic power any 

longer. Therefore, Geweke (Geweke, 1984) proposed a different method to implement 

the pairwise-conditional analysis with two MVAR models assuming the equivalence: 
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(1.14) 

The spectrum of Θ can be computed by: 

11 11 11 12 22 12 13 33 13( ) ( ) ( ) ( ) ( ) ( ) ( )* * *S f Q f Σ Q f Q f Σ Q f Q f Σ Q f      (1.15) 

where * denotes complex conjugate and Σ is the covariance matrix of the rightmost 

model error terms in (1.14). GGC can now be computed as the ratio of total power to 

intrinsic power: 
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S f
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Z  (11.6) 

Prior to (1.14) both matrices G and H 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 to (Chen et al., 2006) for multivariate X(t) and Y(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 causality estimates (Eichler, 2006; 

Schelter et al., 2006) also exist, such as the directed transfer function (DTF) (Kamiński 

et al., 2001) or the partial directed coherence (PDC) (Baccalá and Sameshima, 2001).  

DTF uses the coefficients in matrix ( )fH  to measure the inflow in one target variable i 

from another driver variable j, relative to all inflows present at this target. Its squared 

version is computed as: 
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On the other hand, PDC uses the coefficients matrix ( )fA  to measure the outflow from 

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

version is computed as: 
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 (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 original 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 flows (Korzeniewska et al., 2003). PDC has also suffered several 

improvements since its inception. A reformulated metric termed generalized PDC 

(gPDC) has been proposed by its authors (Baccalá et al., 2007) which makes this metric 

invariant to scaling factors in the variables. Two additional modifications were 

proposed by A. Omidvarnia (Omidvarnia et al., 2014) for increased resilience to volume 

conduction: the orthogonalized PDC (oPDC) and the generalized oPDC. There is also 

an alternative gPDC that, similarly to DTF, measures the outflow from a driver to a 

target, relative to all the inflows in the target, and is referred to as row-wise gPDC 

(Plomp et al., 2014). 

These frequency domain metrics have been defined as ratios between the causal and 

total power, or between the causal influence (measured by ( )fA  or ( )fH ) 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., 2013). Spectral weighting proposed by 

Plomp (Plomp et al., 2014) tackles this issue by multiplying the causal matrices, at each 

time and frequency bin, by the corresponding normalized auto-spectrum of the driver 

variable. 

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

models in the sense that these only models lagged effects. However, zero-lag 
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correlations may exist between the variables and, by not accounting them in the model, 

its residuals may become correlated, resulting in a non-diagonal Σ. While this is not 

problematic for GGC since it accounts for the off-diagonal terms in Σ, other metrics 

based in PDC may be affected (Faes and Nollo, 2010). There are two ways to address 

this problem: by estimating an extended MVAR (eMVAR) model (j = 0,…,p) that 

reflects the instantaneous correlations in the coefficients of j = 0 or, by extending 

existing MVAR models as suggested in (Faes and Nollo, 2010). With any of the two 

strategies, it is possible to compute the purely lagged causality metrics by accounting 

only for the lagged parameters (j = 1,…,p) of the eMVAR models (Deshpande et al., 

2010; Faes and Nollo, 2010). 

Time-varying (TV) regression coefficients provide a way to model non-stationary 

signals with intermittent interactions that would have been disregarded with the former 

time-invariant parametric modeling. To compute the former metrics at each time-step, 

different paths can be taken to estimate the necessary TV coefficients and residuals’ 

covariance matrix, from sliding windows analysis to Kalman filters (Astolfi et al., 2008; 

Luo et al., 2013a; Omidvarnia et al., 2014). 

The statistical distribution of the former spectral metrics is not defined and as a result 

their statistical significance needs to be assessed using surrogate methods (Seth, 2010). 

A null population has to be created using the original data, for which the causal 

relationship between the surrogate data is removed while preserving their time and 

spectral distributions. This null hypothesis is tested with a one-tailed test, the 

connection being deemed significant if the measure falls above a chosen percentile of 

the null distribution. Common methods for surrogate generation usually consist in phase 

randomization and correlation nullification between the original time-series (Baccalá et 

al., 2006) using Fourier transformed surrogates (Theiler et al., 1992) or amplitude 

adjusted Fourier transformed (AAFT) surrogates (Schreiber and Schmitz, 1996). 

1.1.3.2.NON-PARAMETRIC FORMULATIONS 

VAR modeling has been presented as the procedure to obtain the AR parameters ( )fA , 

transfer function H(f) and noise covariance Σ matrix necessary for the GC metrics 

however, a non-parametric (NP) approach can also be used to compute these matrices 

(Dhamala et al., 2008). The parametric approach is effective for data modeled by low-

order AR processes but may fail to capture complex spectral features in data that require 
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higher order AR models (Mitra, 1999). The model order that provides the most accurate 

fit must be obtained, usually with the Bayesian information criterion (BIC) (Schwarz, 

1978) or the Akaike information criterion (AIC) (Akaike, 1974a). NP approaches avoids 

these AR parameterizations by performing spectral matrix factorization under the 

constraint that its spectral factors are minimum-phase filters (Dhamala et al., 2008). The 

first method, by Dhamala (Dhamala et al., 2008), uses the Wilson-Burg algorithm 

(Wilson, 1972) for spectral factorization of a CSDM *( ) ( ) ( )f f fS Ψ Ψ  into a unique 

set of minimum phase functions 2

0
( ) ik f

kk
f e 


Ψ A  that have a Fourier series 

expansion in nonnegative powers of ei2πf. By extracting 0A  from ( )fΨ  the computation 

of the covariance matrix of the residuals and the transfer function translates into 

0 0

TΣ A A  and 1

0( ) ( )f f H Ψ A  respectively. Recently, Barnett and Seth proposed a 

more efficient and accurate spectral factorization technique (Barnett and Seth, 2014) 

that consists in obtaining an autocovariance sequence from S(f), computing the 

regression coefficients A and residual covariance Σ matrices from this autocovariance 

sequence by solving the Yule-Walker equations, and finally computing the transfer 

matrix H(f). The CSDM S(f) can be computed with the FT for a time-invariant causality 

measure for stationary data or with the WT for TV causality for stationary and non-

stationary data (Dhamala et al., 2008). All the metrics and procedures introduced for the 

parametric formulations can now be computed using these matrices. 

The concept of transfer entropy (TE) was proposed (Schreiber, 2000) as an information 

theoretic NP measure of information transfer between two variables. Its original 

formulation is 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 the target, conditioned on target’s past states (Lizier et al., 2011). These past 

states (1.19) are constructed by delay embedding (Takens, 1981) with specific 

embedding delay τ and embedding dimension d, estimated by the Ragwitz criterion 

(Ragwitz and Kantz, 2002). 

 ( ) ( ), ( ), ( 2 ), , ( ( 1) )d t X t X t X t X t d      X  (1.19) 

The original formulation for TE can be computed for two variables (Schreiber, 2000): 
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For more than two variables, a partial TE (pairwise-conditional) can be obtained if the 

state-space (SS) representations of the conditioning variables are taken into account in 

each probability function (Vakorin et al., 2009). Comparably to MI, kernel estimation 

based in knn statistics can be used to handle continuous data with few observations 

(Kraskov et al., 2004) and, for Gaussian variables, TE is equivalent to GC (Barnett, 

2009). Statistical validation of TE measures also requires the use of the surrogate 

methods presented for spectral parametric formulations. However, the preservation of 

the original time-series’ intensity histogram is only guaranteed by the AAFT method 

and this is an important asset for TE since it leaves the individual probabilities used in 

its calculation unaltered, thereby avoiding changes in the conditional and joint 

probabilities. 

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

coherency slope over a frequency band between two variables (Nolte et al., 2008). Its 

mathematical formulation *PSI ( ) ( ) ( )j i ij ijf F
f C f C f f 

   
   is based on 

coherency, where, δf represents frequency resolution and F the frequency band of 

interest. This measure is then normalized by an estimate of the standard deviation using 

the jackknife method and absolute values above 2 are considered significant (Nolte et 

al., 2008). The use of the imaginary part of coherency allows this metric to be resilient 

to mixtures of non-interacting sources, like volume conduction, resulting in a potential 

lower number of false positives when compared to GC (Nolte et al., 2010). Nolte has 

proposed PSI for ordinary coherency, so a partial formulation, conditional on a subset of 

variables, did not exist until (Yang, 2011) that used partial coherency and DTF instead 

ordinary coherency. 

1.1.3.3.PAIRWISE, PAIRWISE-CONDITIONAL AND PARTIALLY CONDITIONED ANALYSES 

Until now, all metrics have been presented in their pairwise and pairwise-conditional 

forms. Pairwise analysis infers causality between a pair of variables (from a driver to a 

target), without accounting for additional conditioning variables in a multivariate 

dataset. Pairwise-conditional 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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causal 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 available (Marinazzo et al., 2012). Furthermore, the sensitivity of 

pairwise-conditional analysis can be reduced by redundancy effects that occur when the 

driver variable is highly correlated or synchronized with a subset of conditioning 

variables (Stramaglia et al., 2014b). To tackle the problem of an oversized conditioning 

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 pairwise-conditional 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 complement the pairwise-conditional analysis 

(Stramaglia et al., 2014b). In this thesis this strategy was not adopted since it was 

published recently, when most studies presented here were already completed. 

1.2. DIRECTED FUNCTIONAL CONNECTIVITY IN FUNCTIONAL 

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 optical imaging. Searching2 PubMed Central® (PMC) 

for articles with ‘connectivity’ and each one of the previous imaging modalities in their 

abstracts or titles results in the following total number of published works: 1467 for 

fMRI, 299 for EEG, 21 for ECoG, 125 for 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 of GC to functional imaging 

data (Seth et al., 2015) which are depicted in Figure 1.2. 

                                                 
2 Performed in 01-03-2015 using the formulary at http://www.ncbi.nlm.nih.gov/pmc/advanced. 
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Figure 1.2: Timeline of relevant milestones in the development and application of GC to functional 

imaging data. Blue boxes refer to fMRI studies, orange boxes to electrophysiological studies and green 

boxes show theoretical/modeling advances. The embedded references are: [1], (Bernasconi and König, 

1999); [2], (Ding et al., 2000); [3], (Goebel et al., 2003); [4], (Brovelli et al., 2004); [5], (Valdés-Sosa et 

al., 2005); [6], (David et al., 2008); [7], (Bressler et al., 2008);[8], (Dhamala et al., 2008); [9], (Barnett, 

2009); [10], (Roebroeck et al., 2011c); [11], (Wen et al., 2012); [12], (Seth et al., 2013); [13], (van 

Kerkoerle et al., 2014). Adapted from (Seth et al., 2015). 

1.2.1. FUNCTIONAL MAGNETIC RESONANCE IMAGING 

In order to metabolize glucose for 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 increase in blood flow to that area and that the magnetic properties of 

hemoglobin depended on the amount of oxygen it carries. Oxygenated hemoglobin, or 

oxyhemoglobin (HbO), is a diamagnetic metalloprotein while deoxygenated 

hemoglobin, or deoxyhemoglobin (HbR), is paramagnetic. Neuronal activity is 

immediately followed by a small increase in oxygen extraction from the blood and 

succeeded by a much larger and slower increase in cerebral blood flow. This incoming 

blood flow is also richer in HbO. The presence of HbR in a blood vessel causes a 

susceptibility-induced field distortion, different from its surrounding tissue, leading to a 

localized faster dephasing of the proton’s magnetic moments (Thulborn et al., 1982) and 

a consequent reduction in the relaxation time T2* producing a darker image (Ogawa 

and Lee, 1990). Because HbO is diamagnetic, it 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 of HbO 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 BOLD time-series. 

The application of GC to BOLD time-series was introduced by Goebel (Goebel et al., 

2003) by inferring causal relations between 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 time-series would not allow GCI to reveal the underlying 

neuronal interactions but would contain sufficient temporal information to determine 

directed influences based on temporal precedence. Its results suggested that the BOLD 

time-series could allow the identification of temporal dependencies between ROIs 

involved in complex cognitive tasks or fMRI mental chronometry 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 inherent slow temporal dynamics and low signal-to-

noise ratio (SNR) but also due to hemodynamics (David, 2011; David et al., 2008; 

Roebroeck et al., 2005; Seth et al., 2013; Smith et al., 2010). This mainly concerns the 

detrimental effect that the long delay between neuronal activity and the peak of the 

vascular response (time to peak) and its eventual inter-regional 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 activities (Fransson, 2005). These resting 

state networks (RSNs), usually anti-correlated with sensory related networks (Tian et 

al., 2007), can be detected in the resting brain with probabilistic ICA as low frequency 

components (De Luca et al., 2006). These networks have been associated with stimulus-

independent or task-unrelated thought (Mason et al., 2007), episodic memory, memory 

consolidation or self-related processes (Uddin 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 has been a substantial amount of interest in the 

neuroimaging community in inferring causal relations between RSNs (Deshpande et al., 

2011; Liao et al., 2010a; Stevens et al., 2009; Uddin et al., 2009). From a technical 

standpoint, it is also a favorable situation since the number of variables is considerably 



 

19 

 

reduced, the effect of physiological and scanner noise is mitigated to some extent and 

the RSNs time courses are anti-correlated which suggests that the eventual causal 

relation’s latency is amenable to be detected from the BOLD signal. 

In the clinical context, fMRI data has been widely used for directed functional 

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

Tana et al., 2012), schizophrenia (Demirci et al., 2009), autism spectrum disorders 

(McKay et al., 2012), Alzheimer’s disease (H. Jacobs et al., 2012; Miao et al., 2011), 

mild cognitive impairment (Z. Liu et al., 2012), anxiety disorder (Liao et al., 2010b), 

attention-deficit/hyperactivity disorder (Peterson et al., 2009), Parkinson’s disease (Wu 

et al., 2012), hepatic encephalopathy (Qi et al., 2013), pain relief (Zhong et al., 2012), 

neurofeedback therapy (Lee et al., 2012) and language processing (Park et al., 2009). 

Directed functional connectivity analysis has thus proved its applicability in clinical 

research contexts despite the above mentioned limitations. 

1.2.2. ELECTROENCEPHALOGRAPHY 

EEG is a recording of the brain activity as electric potential differences between pairs of 

scalp electrodes. There are different 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 (difference between 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 populations of cortical pyramidal cells through the 

cerebrospinal fluid, skull and scalp (Nunez and Srinivasan, 2005). Cortical synaptic 

action generates electrical signals that change in the 10 to 100 ms range 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 that add up in each recording 

electrode. Nevertheless, there are several strategies to improve spatial resolution or to 

obtain source localization from simple techniques like the surface Laplacian to more 

elaborate and precise ones (Yao and Dewald, 2005). 

Recently the authors of the DTF metric disclosed their opinion on these pre-processing 

strategies prior to the application of directed functional connectivity (Kaminski and 
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Blinowska, 2014). They argue and demonstrate that, since some metrics like DTF and 

its phase-related counterparts are immune to volume conduction, the pre-processing 

procedures such as projections 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 their phase relations. Hence, data pre-processing should 

be limited to detrending, 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 applications of directed functional connectivity with EEG datasets are mostly 

related to epilepsy, more specifically, the identification of the epileptogenic focus 

(Cadotte et al., 2010; Chávez 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, Alzheimer’s disease (Dauwels and Vialatte, 2009; Dauwels et al., 

2011, 2010) and anesthesia (Barrett et al., 2012; Nicolaou et al., 2012) have also been 

studied with these techniques. 

1.3. DIRECTED FUNCTIONAL CONNECTIVITY STUDIES IN THIS 

THESIS 

The following subsections provide a brief description of each work package that 

constitutes this thesis. Computer procedures have been developed for all work packages, 

consisting in novel implementations or adaptations of existing software, which resulted 

in a directed functional connectivity open source toolbox for Matlab®, available online 

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

1.3.1. SYNTHETIC NEURONAL DATASETS FOR BENCHMARKING DIRECTED 

FUNCTIONAL CONNECTIVITY 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 used in studies 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 is a tradeoff 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. Therefore, Chapter 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 recordings of EEG and fMRI BOLD. 

The generative models covered here are AR processes, neural mass models consisting 

of linear and non-linear stochastic differential equations and populations with thousands 

of spiking units. Forward models for EEG consist in the simple three-shell head model 

while fMRI BOLD is modeled with the Balloon-Windkessel (BW) model or by 

convolution with a hemodynamic response function. The simulated datasets are tested 

for causality with GGC. 

1.3.2. FUNCTIONAL DIRECTED CONNECTIVITY APPLIED TO FMRI: A SIMULATION 

STUDY HIGHLIGHTING DEPENDENCE 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. In Chapter 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 two-fold: 1) to provide a thorough overview of functional 

directed connectivity metrics, and 2) to assess their performance in specific 

experimental conditions, thereby providing guidance for future directed functional 

connectivity studies involving fMRI. This work explores well-known metrics and 

covers existing improvements 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, coupling strength, neuronal delay, time of repetition (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 accuracy, sensitivity, specificity and minimum identifiable neuronal lag are used. The 

second set of simulations tests networks 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 case. Measures of accuracy, sensitivity, specificity and network complexity are 

used. 

1.3.3. NON-PARAMETRIC GRANGER CAUSALITY WITH THE HILBERT HUANG 

TRANSFORM 

Current measures of causality and temporal precedence have limited frequency and time 

resolution and therefore may not be viable in the detection of short periods of causality 

in specific frequencies. In addition, the presence of non-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 and non-stationary time-series, sensitive to 

frequency specific short episodes of causality. This methodology aims at providing a 

highly informative time-frequency representation of causality with existing directed 

functional connectivity metrics. This is done by decomposing each time-series into 

intrinsic oscillatory modes with an empirical mode decomposition (EMD) algorithm 

and, subsequently, calculating their complex Hilbert Spectrum (HS). At each time point 

the cross-spectrum is computed between time-series and used to measure coherency and 

compute the transfer function and error covariance matrices with Wilson-Burg method 

for spectral factorization. The imaginary 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 drawbacks. 

1.3.4. CAUSAL INFERENCE IN NEURONAL TIME-SERIES USING ADAPTIVE 

DECOMPOSITION 

Current directed functional connectivity methods aim at discriminating causal effects 

both in the time and frequency domain. Chapter 5 investigates the effect of adaptive 

data analysis 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 

instantaneous frequencies (IFs). This work presents a strategy where causality is 

estimated between IMFs with comparable IFs, in a static or TV procedure, with 

improved frequency localization due to the allocation of the causal strength in the 

frequencies corresponding to 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 a further analysis 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 that adaptive data analysis is a fruitful 

addition to the existing causal framework. 

1.3.5. CAUSAL ANALYSIS IN A CASE OF INFANTILE SPASMS PRESENTING ICTAL HIGH-

FREQUENCY OSCILLATIONS RECORDED WITH PRE-SURGICAL 

ELECTROCORTICOGRAPHY 

Chapter 6 consists in a complementary study using pre-surgical ECoG data from an 

infant that had been diagnosed as a symptomatic case of infantile spasms at Hospital 

Julio de Matos. This child had presented myoclonic jerks and arrested psycho-motor 

development and was evaluated with fMRI and PET scan imaging. The latter identified 

left hypo metabolism that, together with video-EEG, lead to the decision of resective 

surgery in the posterior left hemisphere. The clinical identification of the epileptic focus 

consisted in the presence of high frequency oscillations (HFOs) (60-80 Hz) in the pre-

surgical ECoG recording. However, the first surgical procedure was unsuccessful to 

eliminate the epileptic spams which reappeared after 4 months and lead to the decision 

of performing a left hemispherectomy. In this work, the ECoG data during spams is re-

analyzed with directed functional connectivity metrics estimated with time-invariant 

and TV-MVAR models. A metric of causal influence is also proposed for both analyses 

that aims at identifying the seizure-onset zone (SOZ) with the information obtained 

from the GC metrics. Overall, this work presents a series of methods, from thresholding 

algorithms to time-frequency GC metrics that provide a way to interpret the seizure 

dynamics in the viewpoint of directed functional connectivity. 
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2. SYNTHETIC NEURONAL DATASETS FOR 

BENCHMARKING DIRECTED 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 or undirected connectivity links from recorded 

neuronal datasets which, in turn, pose different challenges such as having nonlinear 

relations, non-stationary dynamics, low SNR, linear mixes or slow dynamics. Therefore, 

most studies that introduce or discuss connectivity metrics use not only real data but 

also simulated datasets for demonstration and validity purposes on controlled 

environments. These simulated datasets are obtained through generative models that 

simulate the conception of neuronal activity, like 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 EEG, MEG or fMRI BOLD, for example. With 

these controlled simulations it is possible to isolate the effect of certain parameters and 

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

As far as directed functional connectivity is concerned, GC based metrics have been in 

the center of several studies that discussed 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; Valdes-Sosa et al., 2011). Most of these studies used simulated datasets to 

support their claims with generative models such as networks of ‘on-off’ neurons 

(Smith et al., 2010), MVAR processes with real LFPs (Deshpande et al., 2009b; 

Rodrigues and Andrade, 2014) and columns of thousands of spiking units (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 



 

26 

 

connectivity has also been addressed with LFPs being modeled as sinusoids and the 

forward EEG model as a linear mix of different LFPs (Kaminski 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 section we succinctly present the methodological framework used in this study 

from the modeling techniques to the connectivity metrics employed. Figure 2.1 depicts 

the generative models to simulate LFPs and the forward models 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 of brain connectivity tools. 

Although we present the generative model definitions in their general terms for any 

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

 

Figure 2.1: Strategies used for synthetic neural data modeling. LFPs are simulated by four distinct 

generative models and the resulting time-series can be used by EEG or BOLD forward models to produce 

the respective signals. 
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Simulations ran on a desktop PC equipped with an Intel® Core™ i7-2600K CPU 

@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 2.0 (Richert et al., 2011) and 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 MODELING 

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, topology, noise, interaction 

delays and duration. Although it has been shown that the AR model’s impulse response 

function has a transfer function that resembles the transfer function of a simple 

physiological model of EEG generation (Blinowska and Franaszczuk, 1989), as most 

connectivity metrics are parametric, estimating an MVAR 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 validation, 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 delays with different magnitudes and durations 

(Baccalá and Sameshima, 2001). Similarly, the dDTF’s specific sensitivity to directed 

causal effects was also demonstrated with data from a MVAR model with unitary 

delays between variables (Korzeniewska et al., 2003). Equivalent models have been 

used to further study metrics like DTF (Eichler, 2006), improvements on spectral GC 

(Chen et al., 2006) or demonstration of connectivity metrics in a vastly used toolbox 

(Seth, 2010).  

MVAR models have also been key in data simulation for the still open debate (Seth et 

al., 2013; Smith et al., 2010; Valdes-Sosa et al., 2011) concerning the use of directed 

connectivity metrics to assess causal influences from fMRI BOLD signals. Roebroeck 

used synthetic data generated from a bi-dimensional first-order AR process as LFPs 

which were later transformed into BOLD in which causality was assessed with GC for 
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different experimental parameters (Roebroeck et al., 2005). Later, Schippers used the 

same MVAR model to understand the effect of hemodynamic lag opposing the 

interaction neuronal delay in group analysis (Schippers et al., 2011) and Barnett used a 

similar first order model to solve GC analytically after digital filtering (Barnett and 

Seth, 2011). Other studies used MVAR models to study the effectiveness of GC applied 

to cluster sets obtained with ICA (Londei et al., 2006) and PCA with partial canonical 

correlation analysis (Sato et al., 2010). Others have used AR networks where real LFP 

propagate according to predefined weights and delays to study the dependence of GC 

metrics to experimental parameters (Deshpande et al., 2009b; Rodrigues and Andrade, 

2014). 

A MVAR model of order p can be represented by 
1

0
( ) ( ) ( )

p

j
t t j t




    jX Φ X D w  

where ( )tX  is the multivariate time-series, jΦ  is the MVAR coefficient matrix for 

time-lag j, p is the model order, D is the interaction delay matrix and ( )tw is the 

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

possible to define all the network properties mentioned in the aforementioned studies. 

Here, we also consider the possibility of defining the spectral peak frequency of the AR 

process that generates the activity of each variable. Considering the AR model for 

variable n, without accounting for inter-variable interactions, 

1
( ) ( ) ( )

p

n n nj
x t x t j w t


   j  a spectral peak frequency can be identified if the model 

is causal which requires all the roots of the AR polynomial 
1

( ) 1
p j

j
z z 


 j j  to be 

outside the unit circle. As proved by (Jiru, 2008), when the absolute value of the AR 

coefficient for the time-lag p is close to unity, 1p  , the spectral peak frequencies 

have approximately the same values as the arguments of the roots of the AR 

polynomial. Other properties, specially for models with p = 2, 3 can be found in (Jiru, 

2008). The possibility 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 the inter-variable AR parameters distribution), interaction delays (reflected 

in D), interaction strength (reflected in the inter-variable AR parameters value), SNR 

(reflected in 2

w ) and peak frequency (reflected in the intra-variable parameters). 
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Although the inter-variable 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 done in (Barnett and Seth, 2011). This is done for 

each variable pair by analytically deriving the expression for their theoretical GC value, 

based in the MVAR coefficient matrix, transfer function and noise covariance matrix, 

and solving it for the inter-variable coefficients. 

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

causal effect in variable 2 at a specific frequency  , with variable intensity 
1 2

FX X  and 

delay 21d  following the expression: 

1 11 1 11 1 1

2 22 2 22 2 21 1 21 2

( ) (2) ( 2) (1) ( 1) ( )

( ) (2) ( 2) (1) ( 1) (1) ( ) ( )

X t X t X t w t

X t X t X t X t d w t

 

  

    

      
 (2.1) 

Here 1w  and 2w are the model’s uncorrelated, zero mean, unit variance, white Gaussian 

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 

11 11 11arccos( (1)( (2) 1) / (4 (2)))       between spectral peak frequency and AR 

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

11(1) 1.337   and 11(2) 0.98    for a spectral peak to exist at 33 Hz.  

The causal effect occurs due to 21(1) . To establish a relationship between this 

parameter and the consequent GC value, GGC can be solved analytically for the model 

(2.1) similarly to what occurs in (Barnett and Seth, 2011). Skipping intermediate steps 

this results in: 

1 2

2
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2 2
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 (2.2) 

Solving (2.2) for 21(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 analytical solution 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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1 2
F (33Hz)X X = [from 0 to 5 in steps of 0.5], 21  d  = 20 ms) at 33 Hz for different 

interaction delays (
1 2

F (33Hz)X X = 5, 21  d  = [4, from 20 to 100 in steps of 20] ms). The 

simulations produced 60 s of data and the first 20 s were discarded 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 regimes: a synchronous state with self-sustained oscillations (Börgers and 

Kopell, 2003) or in an asynchronous state with transient oscillations (Mattia and Del 

Giudice, 2002). These networks have been used to show that DTF can be interpreted 

within the GC framework (Kamiński et al., 2001) by modeling interacting cortical 

columns with excitatory and inhibitory populations with delay-coupled nonlinear 

stochastic differential equations (SDE). Similar SDE delayed networks, called Wilson-

Cohen models, are also used in (Deco et al., 2011) to study the dynamics of simulated 

RSNs. A similar but more detailed dynamic causal model is used to study GC (Friston 

et al., 2014a) where each cortical column is comprised of pyramidal and inhibitory cells 

from supra-granular layers, excitatory spiny cells in granular layers and deep pyramidal 

cells in infra-granular layers. 

A general network of coupled second order differential equations similar to (Kamiński 

et al., 2001), represents a node as a system with delay-coupled nonlinear SDE for the 

excitatory population defined by: 

1
( ) ( ) ( ( )) ( ( )) ( ) ( )

n

N

n n n ei n nm m nm n xm
x a b x abx t k S y t k S x t d I t w t


          (2.3) 

and inhibitory population defined by: 

( ) ( ) ( ( )) ( )
nn n n ie n yy a b y aby t k S x t w t      (2.4) 

Variables nx  and ny  represent the LFPs of excitatory and inhibitory populations 

respectively of node n, eik  and iek  their respective coupling coefficients, nmk  is the 

coupling coefficient from node n to node m, nmd  is the delay from node m to node n, a 
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and b are time constants that define the rate at which activity decays without input and, 

nxw  and 
nyw  are the independent white noise processes for nodes n and m respectively. 

( )nI t  is the external input to the excitatory population and S is the following sigmoidal 

function for a modulatory parameter mS : 
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 (2.5) 

Following the notations in (Freeman, 1987), (2.3) and (2.4) are the coupling between 

KOi and KOe subsets, hence each node can be seen a KIe,i set. In this work these 

parameters were used with the same values as in (Freeman, 1987) and (Kamiński et al., 

2001): 0.22a  /ms, 0.72b  /ms, 0.4eik  , 0.1iek  , 5mS   and the independent 

Gaussian white noise processes had zero mean and 0.04 variance. The system’s 

numerical solution was approximated with a fourth order Runge-Kutta method (delays 

where linearly interpolated for the intermediate increments) using a time-step of 0.1 ms, 

with the noise term being integrated with the Euler method using the same time-steps. 

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

simulation required. 

A network of two KIe,i sets, defined by the interactions in (2.3) and (2.4), was simulated 

for 60 s with varying values of weak and strong coupling ( 21k  = [0, 0.1, 0.2, 0.5, 0.7, 1, 

3, 5, 10, 15, 22, 30], 21  d  = 20 ms) and interaction delay ( 21k  = 30, 21d  = [4, 20 to 100 

in steps of 20] ms) between sets 1 and 2. The first 20 s were discarded to remove 

transient effects, data was generated at 10 kHz and subsampled to 250 Hz. External 

input ( )nI t  lasted 1 ms and had 1% probability of occurrence for each set. Each 60 s of 

data required ~181 s of simulation time. 

As (Friston et al., 2014a) concludes that GC is not appropriate for data generated by 

delay-coupled oscillators with unstable modes, and because self-sustained oscillations 

occur in large scale simulations (Deco et al., 2011), we also focus our simulations on 

networks functioning in the synchronous mode. In this regime, since oscillators show a 

limit cycle phase space trajectory, this 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 al. (Cabral et al., 2011) modeled RSNs with 
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several delayed-phase oscillator networks using the Kuramoto model (Kuramoto, 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 variable n  is governed by the 

following dynamical equation: 

1
sin( ( ) ( )) ( )

n

N

n n nm m nm nm
k C t d t w t   


      (2.6) 

Here, n  is the angular frequency of each oscillator (rad/s), nmC  is the relative coupling 

coefficient from node m to node n, 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 the firing rate of the population of neurons 

represented by each oscillator. Following the procedure in (Cabral et al., 2011) the 

firing rate is the sine function sin( ( ))n nr t  of the phase variable.  

For our simulations, the system’s numerical solution was approximated with the Euler-

Maruyama (Kloeden and Platen, 1992) method using a time-step of 0.1 ms. Phases were 

initialized randomly in the initial instants corresponding to the longest modeled delay. A 

network of two nodes was simulated for 60 s (first 20 s were discarded to remove 

transient effects) by having three independent layers of pairs of phase-delayed coupled 

Kuramoto oscillators sharing, at each layer, the same natural frequency and following 

the dynamics in (2.6). Layers 1, 2 and 3 oscillate at 5, 33 and 60 Hz respectively and 

only layer 2 has a coupling coefficient between oscillators different than 0. Therefore, 

phase-delayed coupling can only occur at the 33 Hz and from node 1 to 2. Coupling 

varied from weak to strong ( k  = [0, 0.1, 0.2, 0.5, 0.7, 1, 3, 5, 10, 15, 22, 30], 21  d  = 20 

ms) and interaction delays followed the same values as the previous simulations ( k  = 

30, 21d  = [4,20 to 100 in steps of 20] ms). Each 60 s of data required ~55 s of 

simulation time. 

2.2.3. IZHIKEVICH 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 in (Seth et al., 2013) to understand how GC’s sensitivity is 

affected by vascular latencies opposing the neuronal lag in BOLD time-series 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 short-term plasticity 

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

in real neurons without the computational demand of more biophysically realistic 

models like the Hodgkin-Huxley’s, which makes it appropriate for larger scale 

simulations (Izhikevich, 2003). This model replaces the bio-physiologic meaning of the 

Hodgkin-Huxley model’s equations and parameters by a topologically equivalent phase 

dynamic modelled with only two ordinary differential equations and four parameters: 

20.04 5 140

( )

v v v u I

u a bv u

    

 
 (2.7) 

And the additional after-spike resetting rule: when 30mVv   , v c  and u u d  . 

Here, variable v represents the neuron’s membrane potential and u its recovery variable. 

Parameters a, b, c and d are defined in order to implement one of the twenty spiking 

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

simulate cortical columns with two different neurons: regular spiking excitatory 

pyramidal neurons (a= 0.02,b = 0.2,c = -65,d = 8) and fast spiking inhibitory 

interneurons (a= 0.1,b = 0.2,c = -65,d = 2). Due to the model’s simplicity it is also 

computationally amenable to compute the synaptic input to each neuron with the 

neurotransmitter conductances for each receptor ( AMPAg , NMDAg , GABAag  and GABAbg ): 
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(2.8) 

These conductances are modeled with spike-timing-dependent plasticity (STDP) by 

being affected by incoming spike’s origin and timing. Therefore, spikes incoming from 

excitatory neurons can change AMPAg  and NMDAg  while spikes incoming from inhibitory 

neurons can change GABAag  and GABAbg . This update depends upon the difference 

between the timing of the post and pre-synaptic spikes, t , and two time constants for 

slow ( 0.1 ms  ) and fast ( 0.01 ms  ) synapses, and is modeled exponentially: 

increment /te   if 0t   and decrement /te    if 0t  .  

STP is also modeled in the synaptic weights, influenced by pre-synaptic activity, with 

the scale factor ( )s t : 
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(2.9) 

Here   is the Dirac function and the state variables ( )x t  and ( )u t  have baseline levels 

of 1 and U  respectively. Parameters Dt  and Ft  are the depression and facilitating times 

which govern how fast ( )x t  and ( )u t  return to baseline. Excitatory synapses’ STP is 

modeled with 0.5U  , 800Dt   and 1000Ft   while inhibitory synapses have 0.2U 

, 700Dt   and 20Ft  . 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 currents are a good 

indicator of this activity by averaging all AMPA conductances from all afferent 

excitatory synapses (Seth 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 without both learning strategies in inter-column connections. 5 % of these 

excitatory neurons are stimulated by pre-synaptic spikes distributed randomly in time 

without STP or STDP. Instead of a single parameter to model the synaptic strength 

between columns, like the coupling coefficients or the inter-variable 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 another column projectionp , the percentage of connections each branch has 

in the target column branchp  and the synaptic strength of the individual connections unitk . 

Simulations produced 60 s of data (the first 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 projectionp  ( projectionp  = [0 to 1 in steps of 0.2], branchp  = 0.05, 

unitk  = 1, 21  d  = 20 ms), for varying branchp  ( projectionp  = 0.2, branchp  = [0.01, 0.05, 0.1, 

0.3, 0.6, 1], unitk  = 1, 21  d  = 20 ms) and for varying unitk  ( projectionp  = 0.2, branchp  = 0.05, 

unitk  = [0.01, 0.05, 0.1, 0.3, 0.6, 1], 21  d  = 20 ms). In conformity with the previous 
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generative models, simulations for different interaction delays were also performed with 

21  d  ( projectionp  = 0.2, branchp  = 0.05, unitk  = 1, 21  d  = [4,20 to 100 in steps of 20] ms). 

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 

EEG is 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 constant isotropic 

conductivity. Although there are realistically shaped multilayer head models like the 

finite-element method or the boundary element method (Darvas et al., 2004; Fuchs et 

al., 2002; Mosher et al., 1999), these are more important in the EEG inverse problem 

solution as they mitigate the distortion produced by simpler models (Ermer 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 three layer sphere with isotropic conductivities (Berg 

and Scherg, 1994) where the problem of volume conduction is observed. Figure 2.2 

depicts a typical three layer model with an electrode placed in the scalp with radius r , 

an intracranial current dipole with radius 
qr  and moment q  and respective angles. This 

experiment uses a setup with two dipoles placed beneath the three layers with 8 cm 

outer radius ( brain  = 0.33 S/m brainr  = 7.04 cm, skull  = 0.0042 S/m, skullr  = 7.44 cm, 

scalp  = 0.33 S/m, scalpr  = 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 model for one current dipole with radius rq and moment q and 

scalp electrode with radius r oriented with angles α and γ respectively. Adapted from (Mosher et al., 

1999). 
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The solution ( )1v qr;r ;q  at radius r  for the simplest case of a single spherical layer 

head model for a current dipole with moment q  at radius location 
qr  can be obtained by 

the sum of the radial ( )1

rv qr;r ;q  and tangential ( )1

tv qr;r ;q  potentials:  
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(2.10) 

Here, α  is the angle the dipole expresses in relation to its location vector qr , as can be 

seen in Figure 2.2, σ  is the conductivity of the shell, d  is the value of the direct 

distance between qr  and r , and   is the angle between the plane formed by qr  and q , 

and the plane formed by qr  and r .  

Following (Berg and Scherg, 1994; Zhang, 1995) a three layer model can be 

approximated with good accuracy by single layer spheres with the approximation

1 1 1

1 1 2 2 3 3( ) v ( ) v ( ) v ( )3v μ μ μ    q q q qr;r ;q r; r ; q r; r ; q r; r ; q . The μ  and   are the 

“Berg parameters” and are used to create three new dipoles with locations consisting in 

scaling qr  by μ  in its radial direction and scaling the moment q  by  . The 

approximation ( )3v qr;r ;q  is computed for each electrode and dipole present in the 

simulation. Noise is added to the resulting time-series. 

Details about the computation of the “Berg parameters” can be found in (Zhang, 1995) 

and other methods for EEG forward models in (Darvas et al., 2004; Ermer and Mosher, 

2001; Mosher et al., 1999). The Brainstorm application offers several methods for the 

EEG forward model among others and can be used to produce these datasets (Tadel et 

al., 2011). 

For our simulations, each generated LFP was fed to an EEG forward model with two 

radial dipoles spaced by 2 cm placed beneath the three layers with 8 cm outer radius (

brain = 0.33 S/m brainr  = 7.04 cm, skull = 0.0042 S/m, skullr = 7.44 cm, scalp = 0.33 S/m, 

scalpr = 8 cm) 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 time-series is the result of a series of neuronal and vascular events that 

produce a measurable change in the blood hemoglobin concentration. It is therefore an 

indirect and noisy observation of the neuronal activity since during neuronal activation 

local vessels are dilated to increase the blood flow and with it, oxygen and 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 agent (Ogawa and Lee, 1990). This activity can peak four seconds after 

the neuronal event onset though this value varies within and between subjects 

(Handwerker et al., 2004). Hence, 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 detecting temporal 

precedence between neuronal events in the order of tens to hundreds of milliseconds (de 

Pasquale et al., 2010; Formisano et al., 2002; Ringo et al., 1994), can offer accurate 

measures from BOLD signals. The simulation of BOLD signals has been important to 

answer this question by allowing experimental 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 extended BW 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., 2005) with the purpose of investigating 

the effect of filtering, down-sampling and noise in GC estimation. Following simulation 

studies (Deshpande et al., 2009b; Rodrigues and Andrade, 2014; Schippers et al., 2011; 

Seth et al., 2013) started using a dual-gamma function as used in SPM software 

(Friston, K., Holmes, A., Ashburner, 1999) with parameters as time to peak, time to 

undershoot, onset time, dispersion of response, dispersion of undershoot and their ratio 

following the distributions found in (Handwerker et al., 2004), to study the effects of 

down-sampling, noise and HRF variability. Compared to the convolution approach, the 

BW model is more biophysically interpretable and can also present nonlinear neuro-

vascular couplings although, when used in simulation studies, there were no 

considerable differences in GC estimates between both (Seth et al., 2013; Smith et al., 

2010).  



 

38 

 

In this work, both approaches were used with the default parameters offered by SPM12 

in the functions spm_hdm_priors for the BW model and spm_hrf for 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. Interaction delays are increased to 200 ms, in order to 

counteract the reduction in sensitivity due to the low sampling period of typical fMRI 

TRs and low SNR (Deshpande et al., 2009b), and the LFP length had to be increased 

due to the low sampling rate hence, 300 s were simulated. For the generative models 

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 GGC metric (Geweke, 1982) to infer causality between synthetic time-

series. Unlike other spectral directed functional connectivity metrics such as PDC or 

DTF, GGC is not bounded between 0 and 1 which is useful, in this study, to see how the 

increase in the connection strength between variables affects the absolute value of 

causality across the different simulation methods. GGC decomposes the GCI (Granger, 

1969) into frequency components additively, meaning that, the 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: 

j i 2
2
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(2.11) 

Here   is the covariance matrix of the model’s errors, H  is the transfer matrix, and S  

is the spectral matrix. The MVAR model order can be estimated with the BIC (Schwarz, 

1978) or with the AIC (Akaike, 1974a). For multivariate time-series refer to (Chen et 

al., 2006) for more details. 

2.3. RESULTS 

This section presents the results of applying (2.11) to bivariate time-series simulated 

with the generative and forward models introduced in Figure 2.1 and in the previous 
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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 GGC’s difference of influence (DOI) ( j i i jF F   when 

j iF  is the true causal direction) varies with the modeled interaction strength and how 

GGC’s DOI and estimated MVAR model order estimation change with increasing 

interaction delays. An increase in empirical model order from BIC or AIC suggests that 

the interaction delays introduced in the generative model are detected in the simulated 

time-series. 

2.3.1. LOCAL FIELD POTENTIALS 

LFPs represent the local activity of neuronal populations without forward modeling 

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

the only randomness is due to the stochastic parameters from each model. This way, this 

analysis tests each generative model’s capability to produce synthetic datasets with 

detectable causal effects. 

2.3.1.1.AUTOREGRESSIVE MODELING 

Results for GGC with varying modeled causality and interaction delays can be seen in 

Figures 2.3A and 2.4A respectively and the model order estimated with BIC and AIC 

for the different interaction delays are shown in Figure 2.5A.  

The estimated GGC DOI present in Figure 2.3A shows, as expected, causal influence at 

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

delay from 4 to 100 ms doesn’t affect the estimated causality, as can be seen in Figure 

2.4A, and both BIC and AIC model orders increase linearly with the increase in 

interaction delay (Figure 2.5A). Also, these model orders correspond exactly to the 

neuronal delay: with a sampling rate of 250 Hz; the neuronal delays in 21  d  correspond 

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 of 4 ms). 

2.3.1.2.TIME-DELAYED COUPLED KIE,I SETS 

Figures 2.3B and 2.4B respectively show the estimated GGC for varying coupling and 

interaction delay and Figure 2.5B the respective model orders estimated with BIC and 

AIC.  
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Figure 2.3B suggests that there are two frequency bands where connectivity is detected, 

around 20 Hz and around 60 Hz. These causal influences are more expressive for strong 

couplings (>1) and are inexistent at weak couplings below 0.5. When the interaction 

delay changes, the connectivity also changes its frequency (Figure 2.4B). This occurs as 

different delays change the oscillatory behavior of these neuronal populations and also 

because the MVAR’s (used in (2.11)) model order also changes, which influences its 

AR spectrum. In Figure 2.5B it is possible to see that both BIC and AIC are sensitive to 

the increase in the interaction delay and overestimate the true model order by 

approximately 2 lagged observations. 

2.3.1.3.PHASE-DELAYED COUPLED KURAMOTO OSCILLATORS 

Figures 2.3C and 2.4C respectively show the estimated GGC for varying coupling and 

interaction delay and Figure 2.5C the respective model orders estimated 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 or frequency distribution (Figure 

2.4C) although the model order suggested by BIC and AIC is not linearly related to the 

interaction delay (Figure 2.5C) and is overestimated.  

2.3.1.4.IZHIKEVICH COLUMNS 

GGC results for varying projectionp  can be seen in Figure 2.3D, results for varying branchp  

can be seen in Figure 2.3E and results for varying unitk  can be seen in Figure 2.3F. GGC 

results for simulations with varying are shown in Figure 2.4D and the respective model 

orders estimated with BIC and AIC in Figure 2.5D. 

From Figures 2.3D-F it is possible to see that GGC detects connectivity below 20 Hz 

and that a linear increase only occurs with unitk . Interaction delays change the 

connectivity frequency distribution (Figure 2.4D) 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 estimated with BIC although these are slightly overestimated 

(Figure 2.5D).  
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Figure 2.3: GGC DOI for the time-series simulated with increasing coupling strength with the generative 

models: A) MVAR models, B) KIe,i sets, C) Kuramoto oscillators, D, E and F) Izhikevich columns. 
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Figure 2.4: GGC DOI for the time-series simulated with increasing interaction delay with the generative 

models: A) MVAR models, B) KIe,i sets, C) Kuramoto oscillators, D) Izhikevich columns. 
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Figure 2.5: Model orders estimated with BIC and AIC for the time-series simulated with increasing 

interaction delay with the generative models: A) MVAR models, B) KIe,i sets, C) Kuramoto oscillators, 

D) Izhikevich columns. The lagged observations for these interaction delays with 250 HZ sampling rate 

are [1, 5, 10, 15, 20, 25]. 

2.3.2. EEG FORWARD MODELING 

Figure 2.6 shows the same experiments as Figure 2.3 only this time, the time-series 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 the time-series from the generative models with varying 

coupling strengths: A) MVAR models, B) KIe,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 2.7. However, for the KIe,i sets, causality around the 20 Hz dissipates and 

causality at 60 Hz is maintained. At some delays (0.4 and 0.8 ms) the EEG from the 

Kuramoto oscillators (Figure 2.7C) shows GGC values similar to the LFPs. 
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Figure 2.7: GGC DOI after EEG forwarding the time-series from the generative models with varying 

interaction delays: A) MVAR models, B) KIe,i sets, C) Kuramoto oscillators, D) Izhikevich columns. 

Overall model orders are overestimated for EEGs from every generative models. In the 

EEG from MVAR modeling and KIe,i sets (Figures 2.8A and 2.8B respectively) this is 

more pronounced in the lower interaction delays and in the EEG from the Izhikevich 

columns (Figure 2.8D) the opposite seems to occur. The overestimation problems in the 

LFPs from the Kuramoto oscillators are more pronounced after EEG forward modeling 

(Figure 2.8C).  
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Figure 2.8: Model orders estimated with BIC and AIC for the time-series simulated with increasing 

interaction delay after EEG forwarding with the generative models: A) AR models, B) KIe,i sets, C) 

Kuramoto oscillators, D) Izhikevich columns. The lagged observations for these interaction delays with 

250 HZ sampling rate 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 Figures 2.9 and 2.10.  

The results in Figure 2.9 show that GGC is greatly reduced after BOLD forward 

modeling regardless of the generative or forward models. In BOLD generated with 

MVAR modeling causal effects are more visible after a modeled causality of 2.5 (Figure 

2.9A) although these remain around 0.5. The same values are achieved by KIe,i sets and 

Kuramoto oscillators after a coupling of 1 and 10 respectively. The Izhikevich columns 

only achieved these values for projectionp  > 0.4, branchp  > 0.6 or unitk  > 0.3. Both the 

canonical HRF and the extended BW show similar results. 
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Figure 2.9: GGC DOI in the 0.01-0.1 Hz band after BOLD forward modeling the time-series from the 

generative models with varying coupling strengths: A) MVAR models, B) KIe,i sets, C) Kuramoto 

oscillators, D, E and F) Izhikevich columns. 

By keeping the coupling strengths at the maximum values in Figure 2.9 and varying the 

interaction delay from 100 ms to 300 ms the results in Figure 2.10 suggest that all 

generative and forward models benefit from higher delays. With MVAR modeling, 150 

ms is the value when causality is detectable (Figure 2.10A) whereas for the remaining 

generative models this value is at 200 ms. Again, there are no relevant differences 

between canonical HRF and extended BW models. 
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Figure 2.10: GGC DOI in the 0.01-0.1 Hz band after BOLD forward modeling the time-series from the 

generative models with varying interaction delays: A) MVAR models, B) KIe,i sets, C) Kuramoto 

oscillators, D) Izhikevich columns. 

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 previously in simulation studies that aim 

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

their generated neuronal time-series had not been compared yet. Also, these neuronal 

time-series are not limited to the LFPs, BOLD and EEG covered by this work however, 

these are the most widely used synthetic datasets in connectivity studies. 

Concerning the generative models in this work, both MVAR modeling and Kuramoto 

oscillators offer the possibility to directly specify the frequency of their oscillatory 

activity and therefore the frequency where connectivity occurs whereas in KIe,i sets and 

Izhikevich columns this is not possible, at least directly. On the other hand, KIe,i sets and 

Izhikevich columns are more neurophysiologically plausible 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 the strength and frequency of causal 

relationships (or even the theoretical GGC in the MVAR modeling), seem more 

adequate for initial testing of directed functional connectivity metrics (Baccalá and 
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Sameshima, 2001), studying the effect of post processing or other transformations in 

data prior to causality inference (Barnett and Seth, 2011) or to compare different metrics 

performance in a large benchmark (Rodrigues and Andrade, 2014). Due to their superior 

neurophysiological fidelity, KIe,i 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 dynamics (Friston et al., 2014a). For example, in (Freeman, 1987) 

coupled KI 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 large-scale model 

of cortical areas V1, V4, and middle temporal with 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, the KIe,i sets show causal effects with lower 

coupling strength than the Kuramoto oscillators as the first start having causal relations 

with 21k  = 0.7 while the second required values of k  > 3 for identifiable causality. In 

the Izhikevich columns the percentage of projecting neurons from the source column 

projectionp  is the variable with least influence in the observed GGC, except for when it is 

zero. Increases in both the percentage of target connections per projection branchp  and 

the synaptic strength unitk  lead to increases in the observed GGC. Although it wasn’t 

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 interaction delay is 

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 noise and to the volume 

conduction effect that produces a “cross-talk” between the two neural populations and 

electrodes and these effects should be more adverse if more neuronal populations were 

added inside the three-shell sphere. Nevertheless, these results show that 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 effects, and this work did not even model hemodynamic 

variability between brain regions (Handwerker et al., 2004) which would further affect 

causality preservation in BOLD time-series (Deshpande et al., 2009b). Causality was 

reduced approximately by a factor of 10 in all generative models and there were no 

concise differences between HRF convolution and BW modeling, except for the 

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

The overview from Table 2.1 confirms our initial suggestions that AR models are 

suitable 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 

parameters and 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 dynamics both the KIe,i sets or the Izhikevich are the most appropriate thanks 

to their ability to realistically simulate varied neuronal populations. 

Table 2.1: Summary of the main results and characteristics for the four generative models. 

 AR models KIe,i sets Kuramoto 

oscillators 

Izhikevich 

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 

causality 

yes no no no 

Neurophysiological model no yes yes yes 

Can simulate different neuronal 

dynamics 

no no yes yes 

Causality is preserved after EEG 

forwarding 

yes yes yes yes 

Causality is preserved after 

hemodynamic forwarding 

yes yes yes yes 

Expected computational load  very low high average average 

2.5. CONCLUSION 

This work presented and analyzed different modeling strategies to generate artificial 

neuronal datasets with benchmarking purposes. LFPs are obtained by generative models 

and can be used in 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 ( 21(1) , 21k , k , projectionp  , branchp , unitk ) into their generated data however with 

different relations between these and the identified GGC. This study only covered 

bivariate models but the same analysis could be performed with larger networks with 

large-scale fluctuations (Cabral et al., 2011). This would be useful to identify the 

directed functional connectivity metrics most appropriate to analyze large scale data 

such as fMRI BOLD from resting state networks. 
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3. FUNCTIONAL DIRECTED CONNECTIVITY APPLIED 

TO FMRI: A SIMULATION STUDY HIGHLIGHTING 

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. Historically, effective 

connectivity research has branched into two formally distinct approaches: DCM 

(Friston et al., 2003), and GC (Granger, 1969) which recently is referred to as directed 

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 been criticized 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 of vascular latencies (Handwerker et al., 2004). This clearly poses a 

problem for the use of lag-based measures in fMRI: spurious causality may be detected 

due to temporal relations induced by different hemodynamic profiles across the brain, 

instead of actual causal flows (David et al., 2008; K. J. Friston, 2011; Roebroeck et al., 

2011a). Even though past studies have found that neuronal delays can assume values 

from 5 ms to several seconds (de 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 of hemodynamic latencies, which ranges 
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from hundreds of milliseconds (Handwerker et al., 2004) to 2 s (Bright et al., 2009), 

thus threatening the accuracy of lag-based causality methods. 

Thus, although 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), it is only natural that the application of 

GC to fMRI should be viewed with some amount of skepticism. Both simulation studies 

(Smith et al., 2010) and studies using real data (David et al., 2008) have suggested that 

lag-based techniques perform very poorly when applied directly to the BOLD signal, 

without any knowledge 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), performs satisfactorily 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 are sensitive to neuronal delays in the order of hundreds of 

milliseconds (Deshpande et al., 2009a). In (Schippers et al., 2011), a simulation study 

involving multiple subjects showed that detection of significant differential GC is 

unlikely when no true underlying information flow between these regions exist. 

Moreover, the direction associated with significant directed influences is accurate in the 

vast majority of the cases although it was suggested (Smith et al., 2012) that, in these 

simulations, the presence of a systematic (group-average) difference in hemodynamic 

delay between two simulated brain areas may preclude the generalization of these 

results to real data. Mapping of vascular latencies using hyper- or hypocapnic 

challenges (Bright et al., 2009; Chang et al., 2008) offers the possibility to apply a 

correction for differential lags, thus overcoming the above limitation. 

These partially contradictory results have emerged in parallel with a stimulating and 

thought-provoking debate about the range of applicability and limitations of the two 

main causality inference approaches (David, 2011; K. Friston, 2011; Karl Friston, 2009; 

Roebroeck et al., 2011b). Recently, a very thorough theoretical review (Valdes-Sosa et 

al., 2011) has put this debate into perspective by describing a common framework that 

embraces both DCM and GC while suggesting future developments and refinements 

that may, in the near future, help to clear the daunting hurdles that still prevent causality 
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techniques from fulfilling their potential. Indeed, in recent years, several groups have 

proposed refinements or innovative implementations of GC or GC-like connectivity 

measures, most of them representing a more or less explicit attempt at overcoming or 

minimizing some of the limitations mentioned above (Havlicek 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 applicability to 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 chosen measures, 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, most of the papers cited 

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 very particular situations. 

Having this in mind, the main purpose of the present work is two-fold: 1) to provide the 

scientific community with an overview of GC and other lag-based measures that will 

hopefully clarify the differences between several formulations that 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 GC to fMRI. 

3.2. METHODS 

3.2.1. DIRECTED FUNCTIONAL CONNECTIVITY METRICS  

This study is focused on the benchmarking of the best-known directed functional 

connectivity measures, therefore most of the required toolboxes or code used in this 

work are freely available whether by other authors or by the authors of the current work. 

3.2.1.1.TIME DOMAIN GRANGER CAUSALITY 

GCI is a measure of directed influence between two time-series in the time domain. This 

concept was proposed by Wiener (Wiener, 1956) and it relies on the notion that if 

prediction of a certain time-series variable is improved by the knowledge of the past of 
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a second time-series variable, then the second variable has a causal influence on the 

first. This dependence on temporal precedence was formalized by Granger (Granger, 

1969) in the context of linear regression models, by quantifying prediction improvement 

in terms of variance decrease of the regression error terms when accounting for the past 

of the second variable. This has been the approach predominantly followed in the 

context of neuroimaging applications, although nonlinear extensions of GC have also 

been developed, for instance using radial basis functions instead of linear regression 

models (Ancona et al., 2004), and were later generalized with kernel methods 

(Marinazzo et al., 2008). 

GCI can be generalized to the multivariate case (pairwise-conditional or conditional 

analysis) by testing the causality of two variables conditional on additional variables, in 

order to distinguish direct from indirect causality (Geweke, 1984).  

In the context of fMRI time-series, time GCI was introduced by Goebel (Goebel et al., 

2003) as a promising method to measure causal relations between ROIs using the same 

time MVAR models previously proposed (Harrison et al., 2003) to model brain activity 

in BOLD. Subsequently, lag-based analysis validity was tested in real and synthetic 

fMRI data (Babiloni et al., 2005; Roebroeck et al., 2005; Valdés-Sosa et al., 2005) and 

lately toolboxes like GCCA (Seth, 2010) or BSMART (Cui et al., 2008) became 

available. In this work the GCCA toolbox is used to compute GCI since it is one of the 

most widely used in other works concerning fMRI (Chen et al., 2009; Hwang et al., 

2010; Liao et al., 2010a). 

The potential advantages of using vector autoregressive moving-average models 

(VARMA) or SS models for GC suggested in 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 and therefore only selected results are presented in 

Appendix B. Also, and for the same reasons, VARMA models weren’t estimated for 

model orders higher than 4 (for both autoregressive and moving average polynomials). 

Matlab® System Identification Toolbox was used 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 

(Lütkepohl, 2005). 
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3.2.1.2.FREQUENCY DOMAIN GRANGER CAUSALITY 

A spectral formulation of GC is useful for neurophysiological studies because causal 

influences between neuronal populations often depend on frequency-specific oscillatory 

synchrony (Bressler and Seth, 2011). Although the detection 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 activity (De Luca et al., 2006). Furthermore, the 

use of a frequency-specific metric eschews the need for filtering which may cause 

spurious causality when using the aforementioned time-domain GC measure (Seth, 

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 feature for an 

directed functional connectivity measure (Chang and Glover, 2010). 

The spectral decomposition of GC was proposed by Geweke in 1982 (Geweke, 1982). 

This decomposition is additive in the sense that GCI is equal to the sum of all spectral 

GC components from zero to the Nyquist frequency. In this 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 be achieved using the coefficient matrix 

from an MVAR model of the variables. In order to provide a proper decomposition of 

the total power into intrinsic and causal parts, the MVAR model needs to be normalized 

by pre-multiplying its coefficient matrix and error terms with a specific transformation 

matrix that ensures that the normalized error terms are uncorrelated. The normalized 

model can then be Fourier transformed and the elements required for the calculation of 

the intrinsic and causal parts (transfer matrix and error covariance matrix) can be 

extracted. The reader is referred to (Chen et al., 2006; Geweke, 1982) for further details. 

Similarly to GCI, frequency decomposition can also be performed in the case of 

causality between two variables conditional on additional variables (Geweke, 1984). 

Recent improvements have been proposed to overcome the problem of meaningless 

negative values inherent of the original process (Chen et al., 2006). Other measures 

related to spectral GC have been proposed, such as the DTF (Kamiński et al., 2001), the 

PDC, which might be numerically and computationally advantageous when compared 

to any of the above measures (Baccalá and Sameshima, 2001) and direct coupling (DC) 
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measures (Baccalá and Sameshima, 2001). Both DTF and PDC lend themselves to a 

multivariate approach and produce valid spectral causality estimates (Eichler, 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 processes but may sometimes fail to capture complex spectral features in 

data that require higher order AR models (Mitra, 1999). Moreover, when using 

parametric 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., 2003) with the BIC (Schwarz, 1978) or the AIC (Akaike, 1974a) but the 

degree of accuracy may vary for different AR models. To overcome this limitation, a 

NP approach to GC measures that combines spectral density matrix factorization with 

Geweke's spectral decomposition has been proposed (Dhamala et al., 2008). Wilson’s 

algorithm (Wilson, 1972) is used for the 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., 2011). As for the remaining measures, the authors of this work 

produced and validated the necessary code (available online at 

http://braincausality.fc.ul.pt): conditional and pairwise spectral GC as in (Chen et al., 

2006; Geweke, 1984); partition method improvement as in (Chen et al., 2006); NP 

measures of GC using Welch’s method for estimation of the spectral density matrix and 

Wilson’s algorithm for the spectral matrix factorization as in (Dhamala et al., 2008). 

Matlab® was used throughout. The spectral GC metric offered by the Biosig toolbox has 

a relevant modification in its formula that, due to its use in other known studies (Smith 

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

3.2.1.3.PHASE SLOPE INDEX 

The PSI method (Nolte et al., 2008) is based on the phase coherency slope (averaged 

over a frequency band) between two variables, defined in a way that ensures robustness 

with respect to instantaneous mixtures of independent sources of arbitrary nature. PSI is 

based on the idea that interactions between variables are not instantaneous and take time 

to propagate. Considering two variables X(t) and Y(t), and provided that the propagation 

speed is constant, the phase difference between X(t) and Y(t) increases with frequency 
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and the phase spectrum is expected to have a positive slope if X(t) drives Y(t) and a 

negative slope if Y(t) drives X(t). Another useful feature of PSI is insensitivity to 

mixtures of non-interacting sources which leads to a lower number of false positives 

when compared to GC (Nolte et al., 2010). In view of this, and even though PSI is not 

strictly speaking a lag-based measure, including it in the current study seems sensible. 

In the current study, PSI was computed with the package for Matlab® provided in (Nolte 

et al., 2008). 

3.2.1.4.TRANSFER ENTROPY 

TE was proposed (Schreiber, 2000) as a model-free, NP measure of information transfer 

between two variables, within an information theoretic context. It has since been applied 

to fMRI and EEG data (Chávez et al., 2003a; Hinrichs et al., 2006; Palus and 

Stefanovska, 2003). While 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, conditioned on past 

states of the destination. These past states are constructed by delay embedding (Takens, 

1981) with specific embedding delay and embedding dimension. These parameters can 

be estimated by the Ragwitz criterion (Ragwitz and Kantz, 2002). The sensitivity of TE 

relies heavily on the correct estimation of the system’s interaction delay (Lindner et al., 

2011). If the exact interaction 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 naïve histogram 

technique, where frequency ratios in histograms of the measured variables are used 

instead of their real probability density function, or by kernel estimation (Schreiber, 

2000). However, a better approximation can be obtained if the computation of TE is 

based on entropy estimates from knn distances which provides minimal bias, adaptive 

resolution and data efficiency (Kraskov et al., 2004). TE can also be computed 

accounting for indirect influences (conditional analysis), by adding a conditional 

dependence on the past states from additional variables (Vakorin et al., 2009).  

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

were computed with two MI estimators (Lizier et al., 2011). The naïve histogram 

technique was tested with binary quantization, using 100 bins. The knn approximation 

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

using Kraskov’s estimated MI function from the MILCA toolbox (Kraskov et al., 2004). 
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TE was computed for an interval of the prediction time u that includes the real 

interaction delay and four adjacent values. 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 with the knn approximation 

and also provides all the previously described techniques for TE calculation except 

conditional analysis (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, such characteristics must be 

present in the simulated neuronal and BOLD time-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 

exogenous inputs were LFP signals recorded at the macaque lateral intraparietal area 

during a reach and saccade task, already used in (Deshpande et al., 2009b) and available 

in the Chronux database (www.chronux.org). These signals were recorded with a 1 kHz 

sampling frequency.  The output on of a node n with input in was obtained according to: 

     
1,

N

n jn j jn n

j j n

o t w o t d i t
 

    (3.1) 

where wjn and djn are the weights and delays between node n and node i in an N-node 

network. To ensure variability of inputs and independence between 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 output was convolved 

with a HRF, white noise was added and the ensuing signal was down sampled to 

comply with the desired magnetic resonance TRs. This 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 studies (Seth et al., 2013; Smith et al., 2010). HRF variability was controlled 

through changes in the parameters of the canonical model from the SPM package 

(Friston, K., Holmes, A., Ashburner, 1999), namely: time to peak, time to undershoot, 

http://www.chronux.org/
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onset time, dispersion of response, dispersion of undershoot and their ratio (Handwerker 

et al., 2004), similarly to (Deshpande et al., 2009b). 

This work attempts to test directed functional connectivity metrics in a wide range of 

situations, from the least 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 simulation. The range of variables used is shown in Table 3.1. 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 times. 

Table 3.1: Simulation parameters. The 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 is the linear 

signal to noise ratio, HrfVar is the fraction of hemodynamic variability, TR the repetition time and Delay 

the neuronal delay. Matlab® style notation is used here: e.g., 150:50:500 stands for 

(150,200,250,300,350,400,450,500). 

Net 

topology 

Weights SNR(linear) HrfVar  TR or sampling period 

(s) 

Delay(ms) 

2 nodes 

3 nodes: 

div, seq, 

triang. 

0.3, 0.6, 

0.9 

1,4,1000 0,0.5,1 0.005 (w/o hrf),  

0.025, 0.05, 

0.25:0.25:2 

5,25:25:100,  

150:50:500, 

600:100:1000, 

1500:500:3000 

All the values in Table 3.1 were used in networks comprised of 2 and 3 nodes. Three-

node networks can have a sequential, divergent or triangular structure (Figure 3.1).  

 

Figure 3.1: Network topologies used for 3-node networks: 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 worst-case, average and best-case scenarios. SNR values in Table 3.1 

were linear and were obtained by adding white noise with a suitable variance. HRF 

variability was controlled by the variable HrfVar in Table 3.1. Mean, maximum and 

minimum values of the inter-subject and regional variability for each random variable 

controlling the HRF function from SPM were obtained from (Handwerker et al., 2004). 

Each random variable was distributed normally. HrfVar reflects the standard deviation 

X 

Z 

Y 

X 

Z 

Y 
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of the distribution in the following way: if HrfVar equals 1, the 5th and 95th percentiles 

of the distribution coincide respectively with the empirical maximum and minimum 

obtained from (Handwerker et al., 2004) and presented in Table 3.2; an HrfVar of 0.5 

means that the 5th and 95th 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 distribution of the variable, hence higher variability. 

Table 3.2: Maximum and minimum values for the random variables controlling the HRF. 

 Time to 

onset 

(s) 

Time to 

peak (s) 

Time to 

undershoot 

(s) 

Dispersion 

response (s) 

Dispersion 

undershoot 

(s) 

Ratio 

response to 

undershoot 

Maximum 3.65 6.5 16.5 1.9 1.9 7 

Minimum -0.25 2.5 12.5 1.1 1.1 1 

It is known that inter-subject variability is higher than intra-subject regional variability 

(Handwerker et al., 2004), therefore the case HrfVar=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 (from 0.25 s, 

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

except for the lowest value (0.005 s) that represents the 200 Hz sampling rate of the 

neuronal signal and for the values of 0.025 and 0.05 s that try to emulate, respectively, 

the echo-shifted inverse imaging (InI) technique from (Chang et al., 2013) and the 

generalized inverse imaging (GIN) technique from (Boyacioğlu and Barth., 2012) . 

Neuronal delays ranged from 5 ms to 3 s and were equally spaced within 4 distinct 

ranges. These values account for intra and inter-hemispheric delays as well as longer 

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

In order to observe the effect of sub-second TR and high SNR have in the sensitivity of 

the different lag-based measures to hemodynamic variability as seen in (Seth et al., 

2013), 2-node networks were generated with neuronal delays around 50 ms, a moderate 

amount of hemodynamic variability and very high SNR (1000). Both neuronal and 

BOLD signals were simulated and down-sampled with different periods (2, 0.2, 0.1, 

0.04, 0.02, 0.08 and 0.04 s).  

To study the effect of increasing network size and density, networks composed by 3 to 

10 nodes with link densities ranging from 0 to 1 were created and simulated 50 times 

for 3 different scenarios (see Table 3.3) and for time-series with 2.5 and 10 minutes 

duration. The choice of two different values for time-series length 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 represent a best-case situation with unrealistically 

high SNR and no HRF variability, an average-case and a worst-case scenario. Sampling 

rates assumed two different values (5 ms for neuronal signal and 1 s for simulated 

BOLD) so that the total number of different networks tested in each scenario amounted 

to 128 (8 node numbers, 4 link densities, 2 sampling rate values, 2 time-series length). 

Table 3.3: Simulation parameters for the three simulated scenarios. 

Scenario Network 

topology 

Link 

density 

Weights SNR 

(linear) 

HrfVar 

(s) 

TR or 

sampling 

period (s) 

Delay(ms) 

Best case 3:10 

nodes 

0, 

0.25:0.25:1 

0.9 1000 0 0.005 (w/o 

hrf), 1 

1000 

Average case 3:10 

nodes 

0, 

0.25:0.25:1 

0.9 4 0.5 0.005 (w/o 

hrf), 1 

1000 

Worst case 3:10 

nodes 

0, 

0.25:0.25:1 

0.9 1 1 0.005 (w/o 

hrf), 1 

1000 

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 generated with uniform node degrees (every node has 

approximately the same number of links) or with irregular node degrees (one or more 

sub-groups of nodes with higher than average degree). Setting Weights=0.9 ensures that 

the intrinsic activity of each node accounted 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 that their individual 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 were quantified. Each one 

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

the network’s true connectivity matrix, needs some preprocessing and statistical 

validation. Preprocessing consisted in averaging the causality in three frequency bands, 

for the measures that provide spectral information, and keeping only positive DOI 

connections, thereby excluding situations of bidirectional influence. The three 

frequency bands (Biswal et al., 1995) were low (0.5-15 Hz for EEG and 0.01-0.055 Hz 
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for BOLD), high (15-30 Hz for EEG and 0.055-0.1 Hz for BOLD) and all (0.5-30 Hz 

for EEG and 0.01-0.1 Hz for BOLD). 

Significance testing was performed for each causality metric in the following way. Time 

domain GC statistical validation of each causal relation was achieved with an F-test on 

the null hypothesis that all the corresponding AR coefficients are zero. Tests were 

performed with an initial p-value of 0.05 which was Bonferroni corrected whenever the 

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 methods (Seth, 2010) that consisted 

in phase randomization and correlation nullification between variables (Baccalá et al., 

2006). Hence, a null population had to be created 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 transformed surrogates (Theiler et al., 1992). Since the 

previous method does not ensure the preservation of the intensity histogram of the time-

series, the AAFT surrogate method (Schreiber and Schmitz, 1996) was preferred for the 

TE measures. Each PSI measure was normalized by its standard deviation, estimated by 

the jackknife method. Normalized absolute values above 2 were considered 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 parametric 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-series sampled with conventional TRs and from 1 to 50 for TRs below 0.1 s. 

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 order selection. In the case of large networks (5 

nodes or more), additional measures were used to classify each network. These 

measures were based in (Rubinov and Sporns, 2010) and consisted in1: number of 

nodes, link density, standard deviation of the in-degree, out-degree and degree in 

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

A separation index (SI) was then computed: 

( ) ( )

( ) ( )

median P median N
SI

std P std N





 

(3.2) 

Here, P and N represent the estimated array of causality values for existing and non-

existing links, respectively. SI 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 negatively influenced 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 first sub-section, we present the overall 

results for networks 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 analysis. 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 this section on, lag-based names have been abbreviated. Prefixes “p” or “c” 

indicate the pairwise or pairwise-conditional version of the measure, respectively. The 

full key is given in Table 3.4. Detailed sensitivity and specificity results for each 

measure across a range of realistic values can be consulted in Appendix B.  
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Table 3.4: List of measures used throughout this study, including abbreviation and examples of 

application to simulated BOLD time-series, if they exist. 

Measure Description In simulated 

BOLD 

TE Transfer Entropy: linear quantization (Screiber 2000). - 

knnTE Transfer entropy: k-nearest neighbors quantization (Kraskov et al. 

2004). 

(Lizier et al., 

2011) 

binTE Transfer entropy: binary quantization. - 

PartGGC Geweke’s formulation for spectral Granger causality with the 

partition matrix improvement (Chen 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 

causality based in the Fourier transformed AR coefficient matrix. 

(Smith et al., 

2010) 

GCI Classic Granger causality insensitive to frequency components 

(Granger, 1969). 

(Deshpande et 

al., 2009a) 

GGC Geweke’s Granger causality: Spectral decomposition for Granger 

causality based in Geweke’s formulation (Geweke, 1984). 

(Demirci et al., 

2009) 

BiosigGC Spectral Granger causality provided by Biosig toolbox based in 

Bressler’s formulation. 

(Smith et al., 

2010) 

DTF Directed Transfer Function: Spectral decomposition for Granger 

causality based in the transfer matrix. 

(Smith et al., 

2010) 

DC Direct coupling: Spectral decomposition for Granger causality based 

in the Fourier transformed AR coefficient matrix. 

(Smith et al., 

2010) 

‘np’ prefix Non-parametric implementation of AR model dependent measures. (Dhamala et 

al., 2008) 

3.3.1. OVERALL RESULTS 

In order to provide an overview of the performance of each measure, the median values 

of the accuracy, sensitivity and specificity distributions are presented in Table 3.5 for 

simulations covering all possible combinations of parameters shown in Table 3.1.  

Table 3.5: Median values for accuracy, sensitivity and specificity for simulations in 2 and 3-node 

networks. Results for 3-node networks are obtained with conditional analysis. The complete distributions 

can be found in Figures 3.2-4 for 2-node networks and 3.6-8 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 

GCI 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 the 2-node network simulations are presented in 

Figures 3.2-4. These results are shown alongside those obtained with the neuronal 

signals that originated the simulated BOLD time-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 3.2, it can be seen that measures such GCI, GGC and the partition matrix 

improvement (PartGGC) as well as their NP counterparts (npGGC and npPartGGC) 

have the highest accuracy distribution for the BOLD signal. This was expected due to 

the equivalence between GCI 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% in Figure 3.2, the 

causality measures (parametric and NP) based on the Biosig implementation of 

Geweke’s spectral decomposition (BiosigGC and npBiosigGC) show an accuracy 

distribution predominantly below 50%, for the BOLD signal, meaning that they actually 

perform worse than random guessing. 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 A (A.2), it can be seen that it differs from the formulation of 

GGC proposed by in (A.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. 

 

Figure 3.2: Accuracy distribution for all the simulated 2-node networks, for the simulated BOLD and 

neuronal signals. Bullets represent the distribution median value. 



 

68 

 

Accuracy is a very limited measure because it merely 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 Figures 3.3 and 

3.4, respectively. It can be seen that measures that show the highest accuracies in the 

BOLD signal (PartGGC, GCI and GGC) also show the highest sensitivities. Although 

sensitivity is generally lower than accuracy in these measures, their specificity (Figure 

3.4) tends to be close to 1 and higher than 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 neuronal and BOLD 

simulations. The knn approach proves to be a worthy improvement to this non-linear 

measure. There is no tradeoff between sensitivity and specificity in the BiosigGC and 

npBiosigGC for BOLD signals, since their reduced sensitivity is not compensated by 

improved specificity. 

 

Figure 3.3: Distribution of the sensitivity for all the simulated 2-node networks for the simulated BOLD 

and neuronal signals. Bullets represent the distribution median value. 

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 results are presented in Figure 3.5. Most measures showed a strong 

positive dependence on the neuronal delay d and connection strength w, a moderate 

positive dependence on SNR, a strong negative dependence on the hemodynamic 

variability and a moderate negative dependence on TR. NP 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. 
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BiosigGC showed a negative dependence with 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 a zero-sensitivity classifier (i.e. all 

links classified as unconnected). As SNR decreases, this method becomes less 

responsive and its false positive rate also decreases, which leads to an increase if the 

accuracy was originally below 50%. 

 

Figure 3.4: Distribution of the specificity for all the simulated 2-node networks for the simulated BOLD 

and neuronal signals. Bullets represent the distribution median value. 

The same analysis was performed for 3-node networks, with similar findings. Figures 

3.6-8 show the distributions of accuracy, 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. Again, GCI, GGC, PartGGC and their NP 

formulations show higher accuracy values 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/specificity tradeoff: pairwise measures show higher 

sensitivity whereas conditional measures show higher specificity. This was expected as 

spurious causalities (so-called ‘prima facie’ causality) are more likely to remain 

undetected when conditional analysis is used, at the cost of reducing the sensitivity (due 

to the additional knowledge of other variables’ past values). 
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Figure 3.5: Dependence of accuracy in 2-node networks on the simulated parameters (TR, delay, weight, 

SNR and HRF variability) for the entire simulation universe. The color bar represents the regression 

coefficient. 

 

Figure 3.6: Distribution of the accuracies for all the simulated 3-node networks for the simulated BOLD 

and neuronal signals. Bullets represent the distribution median value. 
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Figure 3.7: Distribution of the sensitivity for all the simulated 3-node networks for the simulated BOLD 

and neuronal signals. Bullets represent the distribution median value. 

 

Figure 3.8: Distribution of the specificity for all the simulated 3-node networks for the simulated BOLD 

and neuronal signals. Bullets represent the distribution median value. 

The dependence between accuracy and simulation parameters remains identical to the 2-

node situation. The strongest dependencies, shown in Figure 3.9, belong to the neuronal 
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delay d and the hemodynamic variability. Again, NP measures show stronger 

dependence on TR. 

 

Figure 3.9: Dependence of accuracy in 3-node networks on the simulated parameters (TR, delay, weight, 

SNR and HRF variability) for the entire simulation universe. The color bar 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 seen in Figure 3.10. The opposite occurs for 

the neuronal signal, for all measures except linear TE and BiosigGC. Results for lag-

based measures applied conditionally in realistic 3-node 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 TR values from Table 3.1 and an additional set of 

equally spaced sub 0.1 s TR values. VARMA and SS based GC results are from 2-node 

networks only, instead of 3-node networks. GGC and GCI offer the best overall results 

(Figure B.1), while BiosigGC and PSI show unfavorable 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 three-node networks, every measure shows sensitivity increasing with 

diminishing TR and neuronal delay and, on the other hand, a less pronounced decrease 

in specificity. Even though VARMA and SS GC were tested only for 2-node networks 

(Figure B.4), their results are promising, especially when considering that AR and 

moving-average (MA) model order search was limited to 4 lagged observations 

(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 simulated 3-node networks. Comparison 

between three network topologies: divergent networks (div), sequential networks (seq) and triangular 

networks (tri). 

3.3.2. CONDITIONS FOR HIGH ACCURACY  

In order to understand in which conditions high accuracy can be achieved, we now 

focus on the distribution of values presented by the simulated variables for accuracies 

higher than 90%. Due to the similar outcome between GCI and GGC measures, only 

GCI is presented. Within this accuracy range, only 6% of cases correspond to neuronal 

delays between 5 and 100 ms, 26% between 100 and 500 ms, 34% between 500 ms and 

1 s and 34% between 1 s and 3 s. 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 to 0% variability, 35% to 50% 

variability, and 24% to 100% variability.  

Figure 3.11 shows a multivariate mutual information analysis between simulation 

parameters that highlights reciprocal relations in these values of accuracy. Correlation 

between pairs of variables 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. This suggests that high accuracy in the presence of high 

hemodynamic variability can be achieved with high neuronal delays and vice-versa, and 
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high SNR compensates for low connection strength and vice-versa. Also, the pairing of 

low TR and high SNR suggests some resilience of this measure to hemodynamic 

variability with sub-second 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 in a less strict selection of results. 

 

Figure 3.11: MI for combinations of variables involving only the simulations with accuracy higher than 

90 % in for the GCI measure. High MI values for a given combination of variables means that their 

values are highly correlated or anti-correlat 

3.3.3. INFLUENCE OF NEURONAL DELAY ON ACCURACY 

Tables 3.6 to 3.13 show the minimum neuronal delay needed to reach 80% sensitivity 

for the GC and TE measures, for 2-node and 3-node networks, for different 

combinations of TR, SNR and HRF variability. Hyphenated cells indicate that 

sensitivities above 80% are never achieved. PSI (Table 3.14) is only shown for sub-

second TR and 2-node networks because the results for 3-node networks are similar, 

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 for 3-node networks are only shown for conditional measures, due to 

their improved specificity. Results are grouped according to TR: ‘high TR’ covers 

values from 2 to 1.25 s, ‘low TR’ from 1 to 0.25 s and ‘very low TR’ refers to 0.05 and 

0.025 s.  

GCI (Tables 3.6 and 3.7) and GGC (Tables 3.8 and 3.9) achieve a sensitivity higher 

than 80% for neuronal delays below 500 ms, for realistic scenarios (Weight = 0.6, SNR 

= 4, HRF variability = 0.5) and standard values of TR (‘low TR’ and ‘high TR’) 

involving 2-node networks and for delays around 600 ms in 3-node networks. In the 

worst-case scenarios, these values stay below or around 1 s for 2-node and 3-node 

networks, respectively. When the BOLD signal is sampled with TRs from the ‘very low 

TR’ group, results from 2-node networks show that delays below 100 ms can be 
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detected with 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 100 ms delays are not detected in the conditional analysis of 3-node networks. 

The NP implementation of GGC (Tables 3.10 and 3.11) has a similar performance for 

slightly larger (0 to 200 ms higher) neuronal delays. Improvements in the ‘very low TR’ 

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

The information theoretic measure knnTE can only reach similar sensitivities in 2-node 

networks (Table 3.12) if connection strength and SNR are high and, although sampling 

from the ‘very low TR’ significantly improve its sensitivity, it cannot achieve similar 

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

Table 3.6: Minimum delay (m) required for 80% sensitivity for the GCI measure in 2-node networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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 

 

Table 3.7: Minimum delay (ms) required for 80% sensitivity for the GCI measure in 3-node networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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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Table 3.8: Minimum delay (ms) required for 80% sensitivity for the GGC measure in 2-node networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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 measure in 3-node 

networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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 the NP GGC measure in 2-node 

networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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% sensitivity for the NP GGC measure in 3-node 

networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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 

 

Table 3.12: Minimum delay (ms) required for 80% sensitivity for the knnTE measure in 2-node networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 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 

 

Table 3.13: Minimum delay (ms) required for 80% sensitivity for the knnTE measure in 3-node networks. 

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

SNR\HRF 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 

SNR\HRF 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 

SNR\HRF 0 0.5 1 0 0.5 1 0 0.5 1 

1 - - - - - - - - - 

4 - - - 2500 - - - - - 

1000 - - - - - - 2000 2500 - 
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Table 3.14: Minimum delay (ms) required for 80% sensitivity for the PSI measure in 2-node 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 

SNR\HRF 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 SAMPLING AND HIGH SNR ON INVARIANCE TO 

HEMODYNAMIC CONVOLUTION. 

The above results seem to substantiate previous findings (Seth et al., 2013) suggesting 

that, given a sufficiently low TR and added noise, HRF variability is not detrimental per 

se for lag-based measures, namely GC. Figure 3.12 shows how the most representative 

measures in this study benefit from very low values of TR and added noise (SNR = 

1000) by comparing their sensitivity (to a neuronal delay of 50 ms and synaptic weight 

of 0.6) for time-series with similar sampling with and without convolution with a HRF 

with realistic variability (HRF variability = 0.5).  

 

Figure 3.12: Sensitivity distribution for the most distinct lag-based measures for time-series with 

decreasing sampling period with (blue bars) and without (white bars) hemodynamic convolution. 

Every measure except knnTE shows improved sensitivity to this neuronal delay with 

decreasing TR as the gap between sensitivity for BOLD and neuronal time-series closes. 

Amidst these measures, GCI and GGC (parametric and NP) have the most pronounced 

improvement and PSI suddenly improves at 0.02 s. The small gain in PDC and knnTE 

suggests that this neuronal delay may be too challenging. 



 

79 

 

3.3.5. INFLUENCE OF NUMBER OF NODES AND NET TOPOLOGY. 

The behavior of these measures when applied to networks with more than 3 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 Table 3.3, in order to yield connectivity matrices that could range 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 increase in the number of 

measures (Harrison et al., 2003) these networks were simulated for time-series with 2.5 

and 10 minutes. Figure 3.13 shows the distribution of relevant complexity measures 

across the whole sample of simulated networks. Link density is the number of links per 

node. In-degree standard deviation measures to what extent inward links are 

concentrated on a small number of nodes (high values) or uniformly spread (low 

values). The same definition applies to Out-degree standard deviation (outward links 

only) and for Degree standard deviation (all links). The Median clustering coefficient is 

a measure of the density of clusters in the network. Assortativity is an indicator of 

network resilience that distinguishes networks with a high number of interconnections 

between high degree nodes or hubs (more resilient, since their hubs are highly 

connected) from networks with few interconnections between these hubs. See (Rubinov 

and Sporns, 2010) for more detailed explanations concerning these complex network 

measures.  

 

Figure 3.13: Distribution of network measures for the networks (3-10 nodes) used to test the effect of 

node number and link density. 

Ideally, these simulations would have covered all the lag-based 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 and GCI measures, since 

these perform better than the remaining ones. The neuronal delay was raised to 1 s 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 1 s as a compromise between long and short TRs. The remaining variables 

assumed the values from Table 3.3, in order to recreate three distinct scenarios. All the 

following scenarios were simulated resorting to the parameters from Table 3.3. 

In the following three experiments, although we tested GGC, PartGGC and GCI, due to 

the close similarity between the results we only show those concerning GCI. Figures 

3.14-16 show the sensitivity and specificity for time-series with 10 minutes from 

networks with varying number of nodes and density. The difference between these 

results and time-series of 2.5 minutes is reflected in the color scale of these maps. For 

the best-case 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 seen in Figure 3.14. As expected, sensitivity in large 

and dense networks suffers with shorter time-series and a marked decrease in sensitivity 

is seen in high density networks for short time-series. Specificity is always high (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, this simulation 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%). 

 

Figure 3.14: GCI sensitivity and specificity for the best-case scenario during 10 minutes, for random 

networks with increasing node number and density, for simulated BOLD signals. Adding the color value 

to the surface z-axis value results in the z-axis value for 2. 5 minute time-series. 
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The average-case scenario is considered to be a realistic situation in terms of the SNR 

and HRF variability. As can be seen in Figure 3.15, differences with respect to the best-

case scenario were 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 measure 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 with respect to the best-case scenario are very small. 

 

Figure 3.15: Analysis similar to that of Figure 3.14 with GCI, for an average-case scenario. 

Application of this approach to the most pessimistic scenario, (see Figure 3.16) leads to 

a drastic decrease (up to 50%) in detection sensitivity especially in short time-series. 

However, the specificity remains reasonably acceptable for sparse networks, hence the 

control over false positives remains satisfactory. 

 

Figure 3.16: Analysis similar to those of Figures 3.14 and 3.15 with GCI, for the worst-case scenario. 

The dependence of the separation index (3.2) on the network characteristics, for the 

three causality measures with best performance, is shown in Figure 3.17. 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 and non-existing links in all situations. 
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This separation 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 cases, concentrations of outward links and assortativity do not affect 

the separation.  

 

Figure 3.17: Dependence of the separation index of three causal measures on six network measures, for 

three BOLD scenarios and for the neuronal signal with the highest SNR. The network measures are (left 

to right): link density, in-degree standard deviation, out-degree standard deviation, degree standard 

deviation, median clustering coefficient, and assortativity. 

3.4. DISCUSSION 

The application of GC to fMRI, as well as related lag-based 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 

establishment 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 outcome. We believe that the present study is the first to 

comprehensively cover a very significant fraction of GC and GC-related measures and 

to discriminate the results obtained with each of them. In particular, care was taken to 

explicitly distinguish between pairwise and multivariate formulations, on the one hand, 

and between strictly time-domain and spectral formulations, on the other hand. 
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Simulating different networks in near realistic conditions provides a way to compare 

different causality measures and 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 scope to in vivo 

data (for example David et al., 2008). 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 reasons) covering only the best-performing 

GC formulation. The simulations carried out in the present study allowed to conclude 

that time domain GC and spectral decomposition based on Geweke’s formulation, both 

applied conditionally, provide the best compromise between 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 values (Chen 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 different model orders (1, 3, 

and 5) and two order selection techniques (BIC and AIC). Nevertheless, other aspects 

such as the number of points for the computation of the FFT or the use of other spectral 

estimation methods need to be considered to guarantee convergence of the Wilson-Burg 

algorithm, but these depend only on the time-series under analysis. Transfer entropy 

only achieves satisfactory results if quantization intervals are adjusted to the point 

distribution density with the knn algorithm. TE was shown to be less sensitive than GC 

measures, but has the advantage of being sensitive to non-linear couplings (Lizier 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-series for short neuronal delays, even when BOLD is simulated without 

noise or hemodynamic variability. However, as can be seen in Figures 3.4, 3.8 and B.3, 

PSI shows high values of specificity in the few situations where its sensitivity is 

satisfactory, meaning that when an interaction is detected, it is almost certainly a true 

positive. The remaining measures included in the present study, namely PDC, DTF and 

DC generally perform below GC measures, although their performances are comparable 

in the realistic situation presented in Appendix B. Regarding VARMA and SS based 

GC methods, the long computation time required for the estimations hinders their use in 
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a simulation study that aimed for exhaustiveness. As we stated previously, these 

measures were limited to a maximum order of 4 for AR and 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 therefore in agreement with the claim 

already present in previous communications (Solo, 2007; Valdés-Sosa et al., 2011; Seth 

et al., 2013) that VARMA or SS models are promising alternatives to MVAR modeling 

with BOLD time-series. 

Concerning the unexpected behavior of the GC measure obtained from the Biosig 

toolbox, for which accuracies for neuronal time-series are 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 formulation behind the BiosigGC measure used in this work 

differs from the formulation of GGC proposed by (Bressler et al., 2007) in (A.1), as it 

represents the fraction of the total power at location j (in (Bressler et al., 2007) this is 

location i) that can be explained by the causal influence from location j to location i. 

The normalization of the causal term via the error covariance matrix also differs from 

(A1). However, the transfer matrix term Hij(f) is the same for both (A.1) and (A.2) and 

this may lead to similar causality outcomes when total power at the location i and j is 

identical and the Hij(f) is high enough for the normalization term to be neglected. This is 

probably what occurs in the case of neuronal time-series. Notwithstanding, as the low-

pass filtering and down-sampling steps applied in BOLD generation tend to increase the 

estimated undirected instantaneous causality and decrease estimated directional 

influence (Roebroeck et al., 2005), thus reducing Hij(f), the differences between 

formulations become more pronounced. We believe that this is the reason behind the 

low vales of accuracy for BOLD time-series using BiosigGC. 

This observation reinforces one of the points that the current study tries to bring home: 

in a project involving directed functional connectivity 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 these measures depend on the experimental parameters, in 

the case of 2-node and 3-node networks. As expected, the measures globally tended to 

show strong positive dependence on the neuronal delay d and connection strength w, a 

moderate positive dependence on SNR, a 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 low TR and high SNR) compared to the 

whole simulation universe. GC measures appeared to be less sensitive to hemodynamic 

variability than the remaining measures, especially for time-series sampled with very 

low TR. These trends were common to 2-node and 3-node networks, although in the 

latter improvements due to very low TR sampling are less marked. In addition, 3-node 

networks allowed to assess to what extent pairwise and conditional formulations are 

equally dependent on experimental parameters. However, no clear-cut differences were 

found. NP measures were shown to be more strongly dependent on TR than their 

parametric counterparts, both for 2-node and 3-node 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., in this case, X→Z or X→Y→Z, see Figure 3.1), is the most challenging one 

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 analyses, 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 was evident 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 variability can 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 understand the practical challenges entailed by 

directed functional connectivity 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 situations in 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 benefit immensely from recent 

instrumentation improvements that tend to increase SNR, notably very high field 

scanners, and to decrease TR, as seen in recent proposals of echo-shifted InI and GIN 

(Chang et al., 2013; Boyacioğlu and Barth., 2012). 

The analyses involving networks with more than 3 nodes were limited to the best-

performing measures (GGC, Part GGC and GCI) and to 3 specific scenarios, due to 

computational time constraints. These analyses allowed to conclude that the 

performance degrades very rapidly when the number of nodes increase and time-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 sensitivity 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, increasing the time-series length 

to improve sensitivity for larger networks 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 best-case scenario 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 GCI in realistic conditions. 

Regarding the 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 100 ms for the ‘very low TR’ group. This 

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 measures (GCI, GGC and 

npGGC) benefit more from this very fast sampling than others, as can be seen in Figure 

3.12, and that high SNR is imperative. Moreover, neuronal time-series led to very good 

performances for all the measures considered herein, suggesting that, in the cases where 

it is possible to numerically solve the hemodynamic inverse problem and to correctly 

estimate the dynamics of the neural activity underlying the BOLD response (David et 

al., 2008; Riera et al., 2004; Roebroeck et al., 2011a; Vakorin et al., 2007), these 

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 lag-based measures with BOLD time-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 the inference of 

causality in BOLD time-series, using lag-based measures such as GC, is achievable in 

various scenarios. With conventional TRs from 0.25 to 2 s, this can be the case provided 

that neuronal delays are in the order of hundreds of milliseconds or higher. TRs below 

0.1 s grant sensitivity to neuronal delays under 100 ms (intra-hemispheric) provided that 

SNR is high or noise is significantly reduced.  In the case of short time-series, a small 

number of nodes or network sparsity are necessary conditions. Longer time-series are 

required in order for applicability to be achieved in the case of large and dense 

networks.  

Imaging studies concerning RSNs may fulfill the demand for low node number, since 

networks are composed of few independent variables (Cole et al., 2010; Fernandes, n.d.; 

Fox et al., 2005) and anti-correlated time courses (Fox et al., 2009). In fact, other 

studies have already shown that the use of dimensionality reduction with ICA (Liao et 

al., 2010a; Londei et al., 2006) or PCA (Zhou et al., 2009b) in synthetic data helped to 

improve GC estimation in larger networks. Another possible field of application relates 

to situations where 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 in population average hemodynamic response onset differences across ROIs. In 

(Bellgowan et al., 2003) the presentation of words rotated 120º produced longer 

response times (by approximately 500 ms) as well as measurable delays in areas 

involved in semantic processing and retrieval. In a MEG study (Nishitani and Hari, 

2000), cortical activations during execution and observation of hand actions were 

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 100-250 ms. Cortical activation through 

time was also significantly detected in fMRI data: onset differences of 2 s were detected 

between auditory perception and motor response, during a mental clock task (Formisano 

et al., 2002), and in (Sigman et al., 2007) it 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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reading task with BOLD signals. Similarly, in a simple auditory-motor 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 SCP (readiness potential) and awareness of intention to react (He and Raichle, 

2009). Taken together, these and other studies provide a body of evidence concerning 

situations in which expected neuronal delays between regions are compatible with the 

use of lag-based 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 analysis with the use of breathing exercises that lead to hypercapnia 

(Chang et al., 2008) or hypocapnia (Bright et al., 2009). Correcting BOLD time-series 

with these latency values leads to differences in causality maps, resulting in more 

significant influences and in altered DMNs (Chang et al., 2008). More importantly, 

(Seth et al., 2013) and  our findings suggest that GC inferences are robust to variable 

hemodynamic response, especially in its time-to-peak variability, provided that severe 

down-sampling and 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 sampling (see also (Katwal 

et al., 2013), where self-organized maps and GC are combined to achieve a precision of 

mental chronometry of tens of milliseconds at 7 T) it seems safe to assume that the most 

optimistic scenarios analyzed in this work will be more commonplace in the future. 

3.5. CONCLUSION 

All things considered, this study indicates that it makes sense to use lag-based measures 

with fMRI data from current scanners in single subject analysis in specific situations. 

Due to the strong negative influence that hemodynamic variability 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 precautions are taken, 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 of short 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 studies where lag-based 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): 
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This is similar to the traditional GGC for pairwise analysis but it is presented as the 

fraction of the total power at location i that can be explained by the causal influence 

from other location j. Like the former measure, it is meant to be used with bivariate AR 

models. In Biosig (Vidaurre et al., 2011) spectral GC is computed by: 
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(A.2) 

There are two significant differences between this formula and (A.1). 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 above. The second 

difference is that (A.2) represents the fraction of the total power at location j that can be 

explained by the causal influence from the same location j in location i. The 

normalization of the causal term via the error covariance matrix also differs from (A.1). 

APPENDIX B. SENSITIVITY AND SPECIFICITY: 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 

delays and conventional TR values from Table 3.1 and an additional set of equally 

spaced sub 0.1 s TR values. Three-node networks were used and measures are always 

applied conditionally except for VARMA and SS based GC results where we opted to 

analyze 2-node networks.  
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Figure B.1: Sensitivity and specificity for the best performing measures in a realistic situation using 3-

node networks. 

 

Figure B.2: Sensitivity and specificity for PDC, DTF and DC in a realistic situation using 3-node 

networks. 
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Figure B.3: Sensitivity and specificity for the worst performing measures in a realistic situation using 3-

node networks. 

 

Figure B.4: Sensitivity and specificity for VARMA and SS based GC in a realistic situation using 2-node 

networks.
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4. NON-PARAMETRIC GRANGER CAUSALITY 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 defined 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 effective and directed functional 

connectivity or causal influence and one solution for this problem in 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 time point 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 domains (Bressler 

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

strength of causal influence could be simulated (Deshpande et al., 2009b). 

The spectral decomposition of GC was formulated by Geweke (Geweke, 1982) and it is 

compatible with the total time-domain GC as the last is equal to the sum of spectral GC 

components over all frequencies from zero to the Nyquist frequency. Spectral GC is 

important in neurophysiologic studies because causal influences between neuronal 

populations often depend on oscillatory synchrony (Bressler and Seth, 2011) and 

spectral decomposition helps to identify the dependence between them.  

Recently, NP methods for spectral GC have been developed allowing this measure and 

its variants that depend on the AR model estimation to be computed based on FT or 

wavelet transforms (WT) (Dhamala et al., 2008). This methodology has evident 

advantages for the GC computation 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 time-frequency 

representation of causality with improved time and frequency resolution.  

The Hilbert-Huang Transform (HHT) can also be used for the time-frequency 

representation of a time-series amplitude and provides greater time-frequency resolution 

than the aforementioned methods by calculating the IF and amplitude on a set of 

orthogonal functions in which the time-series is decomposed, IMFs (Huang et al., 

1998). Also, it has the advantage of greatly reducing spectral leakage, replacing the 

effects of harmonic distortion by intra-wave modulation and can be used for non-

stationary time-series however, it is highly dependent on the quality of the EMD 

algorithm used to compute the IMFs (Huang et al., 1998). Although, Hilbert spectrum 

(HS) and Hilbert marginal spectrum have been widely used for the spectral 

characterization of data (Liang et al., 2005; Tanaka and Mandic, 2007; Yeh et al., 2010) 

this method has also been used to study phase-locking (Kroger and Lakey, 2008; 

Sweeney-Reed and Nasuto, 2007) and coherence (Hu 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 proposed it (Hu and Liang, 2012a) and we have previously 

demonstrated promising results by computing GC between IMFs (Rodrigues 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 coherence (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 datasets both conditional and pairwise analysis 

can be performed. In the first, an AR model is fitted 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 between two channels is direct or mediated by 

other channel (Kamiński et al., 2001). 

GGC has 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., 2006) can also be 

used to measure causal influence in the frequency domain. All the aforementioned 

methods depend on the Fourier components of the MVAR model estimated in the time-

domain however; they differ in how to calculate the influence between time-series. 

GGC the MVAR spectrum is decomposed into an intrinsic and causal parts and the GC 

measure is calculated as the natural logarithm of the ratio of the total spectral power to 

the intrinsic power. GGC is usually calculated by fitting a MVAR model into the dataset 

however, a NP alternative has been proposed by Dhamala (Dhamala et al., 2008) that 

consists in computing the spectral decomposition AR matrices from the Wilson-Burg 

method for spectral factorization (Wilson, 1972). The basic principle of this method is 

the factorization of the spectral density matrix into a unique set of minimum phase 

functions Ψ. The following steps represent the analytic implementation of the solution 

proposed in (Wilson, 1972). 
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From the minimum phase spectral factor it is possible to obtain a noise covariance 

matrix and a transfer function (minimum phase): 
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with which it is possible to compute the cross-spectral density by: 

*( ) ( ) ( )f f fS H ΣH  (4.5) 

allowing the computation of any GC metric in the same way as in their parametric 

formulation. 
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The coherency between two time-series Cij(f) between time-series i and j is a measure of 

their linear relationship at a specific frequency and requires the cross-spectrum Sij(f) and 

their auto-spectra Sii(f) and Sjj(f). Because the coherency’s phase, ϕ(f), is proportional to 

the time delay between these time-series (Nolte et al., 2008) its imaginary part can be 

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

|Cij(f)|sin(ϕ(f)) and is insensitive to non-interacting sources (Nolte et al., 2004). 

The EMD is an iterative algorithm that removes the highest frequency oscillation from 

the analyzed data at each iteration. After each repetition, 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 they should 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 they can be seen as the equivalent to a 

spectral line in the Fourier estimated spectrum with the difference that IMFs may be 

frequency-modulated. The EMD is a fully data-driven mechanism and doesn’t require 

previous knowledge about the signal, contrary to filtering. Norden Huang developed it 

(Huang et al., 1998) for the analysis of nonlinear, non-stationary geophysical time-

series, which might have been the motivation for the data-driven 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 that they have a well behaved HT. This allows the 

calculation of the HHT. For non-stationary 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 transform providing, at least, more frequency resolution 

(Liang et al., 2005). 

Recently this method has suffered several improvements in the envelope computation, 

applicability to complex and multivariate time-series. Among these improvements we 

denote the ensemble EMD (EEMD) by Z. Wu and N. Huang (Wu and Huang, 2009). 

The major drawback resolved by EEMD 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 each IMF can be difficult 

to interpret as several oscillatory modes can be present in one IMF as long as they don’t 
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intersect in time or the same oscillatory mode can be present in more than one IMF. Due 

to previous studies (Flandrin et al., 2004) where the EMD showed a dyadic filter bank 

behavior when applied to white noise, Wu and Huang decided to test the possibility of 

mode mixing reduction by a noise-assisted 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 signals 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 Huang (Wu 

and Huang, 2009) proved that having the capability isolating and extracting physically 

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 valued time-series x(t) this calculation uses its analytical 

signal z(t) defined as z(t) = x(t) + iH[x(t)] = a(t)exp[iθ(t)] where a(t) and θ(t) are the 

instantaneous amplitude and phase, respectively, of the analytical signal and H[x(t)] is a 

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

of the instantaneous phase IF(t) = (1/2π)dθ(t)/dt. This way it is possible to obtain a 

time-frequency distribution of each IMF’s amplitude and by combining these, the HS 

HS(f, t) = a(f, t) is obtained. In this work we need to determine the complex HS by 

computing cHS(f, t) = a(f, t)exp[iθ(f, t)] to calculate the cross-spectrum necessary for the 

causality measures. 

4.2.2. INSTANTANEOUS IMAGINARY COHERENCY 

In this work IIC is computed in two different ways: in the first its computation is based 

in the noise-assisted instantaneous coherence in (Hu and Liang, 2012a) except we 

calculate the imaginary part and avoid the noise-assisted process. In alternative, it is 

computed similarly to the magnitude squared coherence from (D. Liu et al., 2012) 

except we use the imaginary part instead the absolute value. In the first method the 

cross-spectrum Sij(f, t) is calculated as the product of the complex HS from variable i, 

cHSi(f, t) and the complex conjugate of cHSj(f, t) from variable j. The IIC can then be 

calculated by: 



 

98 

 

*

ij
* *

( , ) ( , )
IIC ( , )

( , ) ( , ) ( , ) ( , )

i j

i i j j

cHS f t cHS f t
f t

cHS f t cHS f t cHS f t cHS f t
  (4.6) 

where the ˂ ˃ represents averaging multiple time measurements. In case the 

denominator of (4.6) is zero, IIC is assumed to be also zero as the cross-correlation is 

also zero. 

In the second method IMFs must be aligned according to their time scale (mode 

aligned) and IIC is computed time instant t and IMF pair n: 
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The IIC for each IMF pair at each time instant is then complemented by the IF of each 

IMF in the pair. Again, when the denominator of (4.7) is zero, so will its numerator be 

and the indetermination is resolved by assuming IIC is also zero. 

4.2.3. INSTANTANEOUS SPECTRAL GRANGER CAUSALITY 

ISGC computation follows a similar implementation to (Dhamala et al., 2008) except 

here Sij(f, t) is calculated in the same way it is for the two implementations of IIC in the 

previous section. Therefore, we also have two alternatives for ISGC. However, there is 

one additional crucial step before using the NP alternative proposed by Dhamala 

(Dhamala et al., 2008): Gaussian random noise of infinitesimal magnitude needs to be 

added to the cross-spectrum Sij(f, t) at each time instant in order to guarantee the correct 

solution of the spectral decomposition using the analytic implementation proposed in 

(Wilson, 1972). In (Hu and Liang, 2012a) an amount of noise four orders of magnitude 

less than the clean time-series results in satisfactory root-mean-square error between 

estimated coherence and its theoretical vale thus we opted to use a noise magnitude five 

times less than the original time-series. 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 across time-points using an 

averaging 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 time and spectral distributions are preserved. This 

null hypothesis is tested with a one-tailed 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. For both IIC 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 two simple situations: 

stationary time-series and a non-stationary time-series. Due to the novelty of these 

methods and the absence any previous applications time-series have few oscillatory 

modes and no noise is added. In case more oscillatory modes or noise was added, 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 with existing improvements on this method. 

4.3.1. STATIONARY TIME-SERIES 

A network comprised of two nodes is used. Two time-series are constructed presenting 

a causal influence from the first time-series to the second. Each time-series have two 

oscillatory modes for 10 Hz and 30 Hz each and the causal influence is only present in 

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

series can be seen in Figure 4.1. 
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Figure 4.1: Stationary time-series showing causal influence in the 10 Hz from node 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 case no alignment was needed. The 

cross-spectrum is calculated in both ways as explained in Section 4.2.2 and IIC can be 

readily computed for each time point. IIC based in the standard cross-spectrum can be 

consulted in Figure 4.2 and IIC based in the IMF pairs cross-spectrum is presented in 

Figure 4.3.  

 

Figure 4.2: IIC based in the standard cross spectrum is computed for each time point. Spectral resolution 

was set to 1 Hz for visualization effects. Positive values of IIC from time-series 1 to 2 at 10 Hz can be 

observed. End effects are present due to the EEMD. 
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Figure 4.3: IIC based in the IMF pairs cross spectrum is computed for each time point. Spectral resolution 

was set to 1 Hz for visualization effects. Positive values of IIC from time-series 1 to 2 at 10 Hz can be 

observed. End effects are present due to the EEMD. 

Significant positive values of IIC12(10Hz) point to a temporal precedence of time-series 

1 around the 10 Hz frequency 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 adding Gaussian noise of infinitesimal magnitude to the cross-spectral matrix, the 

Wilson-Burg method for spectral factorization is applied at each time point and the 

noise covariance matrix (4.3) and transfer matrix (4.4) are computed to be used by the 

GGC metric. This way, a time-frequency distribution of causality is obtained. These 

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 ISGC matrices. ISGC based in the standard cross-spectrum can be consulted 

in Figure 4.4 and ISGC based in the IMF pairs cross-spectrum is presented in Figure 

4.5. In both figures only significant ISGC values with positive DOI are presented.  
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Figure 4.4: ISGC based in the standard cross spectrum is computed for each time point. Spectral 

resolution was set to 1 Hz for visualization effects. Positive values of ISGC from time-series 1 to 2 at 10 

Hz can be observed. 

 

Figure 4.5: ISGC based in the IMF pairs cross spectrum is computed for each time point. Spectral 

resolution was set to 1 Hz for visualization effects. Positive values of ISGC from time-series 1 to 2 at 10 

Hz can be observed. 

Significant positive values of ISGC12(10Hz) point to a causal relation of time-series 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 false positives of causality 

from time-series 2 to time-series 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 is used. Two non-stationary time-series are 

constructed presenting a causal influence from the first time-series to the second. In this 

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

frequencies of 3 and 8 Hz. The third oscillatory mode is non-stationary and from 0 to 

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

s, this mode’s amplitude increases linearly. The causal influence is also only present in 

this mode. In Figure 4.6 the resulting time-series can be consulted. 

 

Figure 4.6: Non-stationary time-series at nodes 1 and 2 showing causal influence in the 20 Hz from 0 to 

0.5 s and in 36 Hz from 0.5 to 1 Hz. 

The EEMD algorithm is used again for 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 mode-mixing was 

present. The cross spectrum is calculated in both ways as for the stationary time-series 

and IIC is computed for each time point. IIC based in the standard cross-spectrum can 

be consulted in Figure 4.7 and IIC based in the IMF pairs cross-spectrum is presented in 

Figure 4.8.  
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Figure 4.7: IIC based in the standard cross spectrum is computed for each time point. Spectral resolution 

was set to 0.5 Hz for visualization effects. Positive values of IIC from time-series 1 to 2 at 20 Hz can be 

observed until 0.5 s and after this time, at 36 Hz. End effects are present due to the EEMD. 

 

Figure 4.8: IIC based in the IMF pairs cross spectrum is computed for each time point. Spectral resolution 

was set to 0.5 Hz for visualization effects. Positive values of IIC from time-series 1 to 2 at 20 Hz can be 

observed until 0.5 s and after this time, at 36 Hz. Spurious values of causality are present. End effects are 

present due to the EEMD. 

IIC based in the standard cross spectrum presents consistent values of time precedence 

however, the instantaneous frequencies tend to oscillate around the correct value due to 

intra-wave modulation. The same effect is also present in the IIC based in the IMF pairs 

cross spectrum. End effects are always present in both alternatives suggesting that the 

first and last time-points of the EEMD algorithm need to be discarded. This can be 
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avoided by starting the EEMD some points earlier and finishing it a few points later in 

case the number of time-points 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 of infinitesimal magnitude (five times less than the original 

time-series) to the cross-spectral matrix, the Wilson-Burg method for spectral 

factorization is applied at each time point following the procedure in stationary data. 

Computations were repeated for 20 times to average out noise induced causalities. A 

time averaging window of 5 samples was also passed through the ISGC matrices. ISGC 

based in the standard cross-spectrum can be consulted in Figure 4.9 and ISGC based in 

the IMF pairs cross-spectrum is presented in Figure 4.10. In both figures only 

significant ISGC values with positive DOI are presented. 

 

Figure 4.9: ISGC based in the standard cross spectrum is computed for each time point. Spectral 

resolution was set to 0.5 Hz for visualization effects. Positive values of ISGC from time-series 1 to 2 at 20 

Hz can be observed until 0.5 s and at 36 Hz from 0.5 to 1 s. Spurious causality 2→1 is also present in 

lower frequencies. 
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Figure 4.10: ISGC based in the IMF pairs cross spectrum is computed for each time point. Spectral 

resolution was set to 0.5 Hz for visualization effects. Positive values of ISGC from time-series 1 to 2 at 20 

Hz and 8 Hz can be observed until 0.5 s and at 20 Hz and 36 Hz from 0.5 to 1 s. Spurious causality 2→1 

is also present. 

Significant positive values of ISGC12(20Hz) from 0 to 0.5 s and ISGC12(36Hz) from 0.5 

to 1 s are present in both alternatives. However, in ISGC based in the IMF pairs cross 

spectrum additional causality can be observed ISGC12(8Hz) from 0 to 0.5 s and 

ISGC12(20Hz) from 0.5 to 1 s and this is not consistent with the simulated data. Both 

methods present end effects and from 200 to 400 ms spurious ISGC21(8Hz).  

4.4. DISCUSSION 

This work is the first attempt (known to the authors) 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 sinusoids with their amplitude and phase 

modulated through time. Therefore, the non-sinusoidal features will be represented by 

intra-wave or amplitude modulations (Huang 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 non-stationary processes and the ability to unfold in time bi-lateral 

causal relations. Concerning the first advantage, all previous methods that depend on 

AR models or cross-spectral estimation based in the FT can only be used in stationary 

data. At most, if data is wide-sense stationary these measures can be calculated in 
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several intervals as with the short-time FT. Nevertheless, each interval needs to have 

sufficient points and this process can degrade frequency resolution. Also, temporal 

resolution is never exceptional. The only exception is the NP GC computation with WT 

proposed by Dhamala (Dhamala et al., 2008). In fact, if it wasn’t for his innovative idea 

of using the Wilson-Burg spectral factorization algorithm to obtain the transfer matrix 

H(f) and the error covariance matrix Σ this 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 computed bi-lateral 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 identify at which intervals each causal relation of 

the bi-lateral causality occurs. 

The decision of using simple time-series and a causal network with only two nodes is 

made to avoid limitations specific to the EMD algorithm used. There are several 

extensions to the 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 alignment. Nonetheless, we could have used the bivariate EMD 

extensions (Park et al., 2011). In case more time-series were present, noise-assisted 

multivariate EMD (NA-MEMD) methods (N. ur Rehman and Mandic, 2011) seem to be 

the correct choice as these align oscillatory 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., 2006) although other simpler measures can be used (Eichler, 2006; 

Schelter et 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 naïve 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 study of the best EMD algorithm for causality estimation is not in the 

scope of this work. 

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 in 
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the case where non-stationaries are present (for example epilepsy or sleep (Chávez et 

al., 2003a; D. Liu et al., 2012)). With our results both IIC and ISGC were able to detect 

time lagged and causal effects in stationary and non-stationary data with great time and 

frequency resolution. When these methods use the cross-spectrum based in the IMF 

pairs results with non-stationary data show and elevated number of causal relations in 

the wrong frequencies. When these methods are computed based in the standard cross-

spectrum of complex HHTs these effects are not noticeable, except in the extremities 

due to EMD end effects, and both stationary and non-stationary influences are correctly 

detected. Therefore, for now we must recommend the last cross-spectrum calculation 

procedure. 

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 additional instantaneous 

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 like the PSI (Nolte et al., 2008) though it 

depends on the slope of the coherency phase in the frequency domain. Because HHT 

presents instantaneous frequencies, this measure is not applicable. 
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5. CAUSAL INFERENCE IN NEURONAL TIME-SERIES 

USING ADAPTIVE DECOMPOSITION 

5.1. INTRODUCTION 

The study of functional brain connectivity is a well-established topic in neuroscience 

research. However, its tools and methodological foundations are far from being settled. 

In the last decade, directed functional (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 framework of GC 

(Granger, 1969) has gained popularity as a tool to search for causal networks in the 

brain. Due to the rich spectral content of neuroimaging data like EEG, frequency 

specific interactions are often a target of study. This motivated the use of GGC 

(Geweke, 1982) and the development of frequency sensitive metrics like PDC (Baccalá 

and Sameshima, 2001) and DTF (Kamiński et al., 2001) which use Fourier transformed 

AR coefficients. NP alternative methods (Barnett and Seth, 2014; Dhamala et al., 2008) 

came to light which eliminated the dependence on MVAR modeling and the necessity 

of optimal model order estimation by using the CSDM to compute the system’s transfer 

function and error covariance, thereby enabling the use of the WT to achieve improved 

frequency resolution and TV analysis of stationary and non-stationary data (Dhamala et 

al., 2008). TV-MVAR approaches were also developed with the same purpose by 

estimating TV coefficients via sliding windows of stationarity (Ding et al., 2000), 

optimal window lengths (Luo et al., 2013b), Kalman filtering (Havlicek et al., 2010; 

Omidvarnia et al., 2011), SS modeling (Sommerlade et al., 2012) or recursive least 

squares (Astolfi et al., 2008; Plomp et al., 2014). 

Data-driven time-frequency analysis of nonlinear and non-stationary time-series with 

EMD algorithm and HHT was pioneered in N. Huang’s exhaustive seminal work 

(Huang et al., 1998). Although the author demonstrated this analysis with examples 

from wind data and numerical results of nonlinear equation systems, applications to 

neural data processing were soon being proposed (Liang 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 viable 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, 2008) highlights compelling findings involving lagged correlations 

between IMFs of two time-series from meteorological and climatological events (EL-

Askary et al., 2004). Later, EMD phase locking (EMDPL) analysis for neural data, 

consisting of time-frequency localization of phase locking events between IMFs, was 

introduced (Sweeney-Reed and Nasuto, 2007). The development of multivariate 

extensions for the EMD algorithm (Ahrabian et al., 2013; N. Rehman and Mandic, 

2010; Rilling et al., 2007) as well as the use of NADA (N. U. Rehman and Mandic, 

2011; Rehman et al., 2013; Wu and Huang, 2009) mitigated some of the shortcomings 

of the original algorithms (Mandic et al., 2013) and motivated additional phase 

synchrony studies using IMFs of multivariate neural data (Mutlu and Aviyente, 2011; 

Omidvarnia et al., 2013).  

EMD algorithms have proven themselves able to extract information-bearing 

components from multivariate neural data which are susceptible of time and frequency 

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 time-frequency 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 data (Barnett and Seth, 2011; Florin et 

al., 2010; Seth, 2010) such as overestimation of optimal AR model orders, prevalence of 

causality in the stop-band and instability due to near vanishing spectral power. 

Nevertheless, EMD methods are NP 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 and validate a framework to apply adaptive data 

decomposition, using different EMD algorithms, to causality estimation. Special 

emphasis is given to the problem of time-frequency localization of significant causal 

relations between IMFs from different variables. As 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 experiments test all 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 on these results, 

specific pairs are chosen to exemplify this analysis in time-invariant and time-varying 

causality with stationary and non-stationary data respectively. Finally, we subject the 

same pairs to the time-frequency causality analysis performance criteria from (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 and thoroughly 

validated. We expect that this combination of two well-established 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 variables 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 time-frequency plane given by their 

instantaneous functions IFs. 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 of the same scale: 

 Pairwise conditional: Between variables X and Y conditional on the set of remaining 

variables Z, causality Y → X|Z is defined between all possible combinations of 

IMFY,j→ IMFX,i|IMFZ where j = 1,…, M, i = 1,…, N and M, N are the number of 

IMFs of Y and X respectively. IMFZ are all the IMFs from all variables of set Z. 

 Aligned pairwise conditional: For variables X and Y conditional on the set of 

remaining variables Z, causality Y → X|Z is defined between the combinations of 

scale aligned IMFY,i→ IMFX,i|IMFZ,i where i = 1,…, N and N is the number of IMFs 
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of both Y, X and each variable in Z. IMFZ,i are all the IMFs of scale i from all 

variables of set Z. 

If the analysis is time-invariant, the causality values in the adjacency matrices for all 

pairs of IMFs are statistically validated and assigned to the IF distribution of each 

driving IMF, for the length of the analysis. Time-varying analysis requires the 

computation of adjacency matrices for each time instant so that its causality values are 

then assigned 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 issues and directed functional connectivity metrics studied in this work. 

The structure of the section is the following. Sub-section 5.2.1 describes approaches for 

time-frequency, EMD based analysis. Sub-section 5.2.2 presents Synchrosqueezing 

Wavelet Time-Frequency analysis as an alternative to EMD. Sub-section 5.2.3 deals 

with approaches for causal inference between the outputs of EMD (the IMFs). Sub-

section 5.2.4 generically describes the approach for artificial data generation and the 

real dataset that was used, as well as the procedures used for benchmarking and 

validating the previously described methods.  

Figure 5.1 is meant as a roadmap of potential analytical approaches that are ultimately 

tantamount to the choice of a path that links boxes (representing steps of the analysis) 

from top to bottom.  
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Figure 5.1: Methodological steps that can be combined for data-driven causal inference. Implementation 

of a full analysis requires choosing a path from top to bottom that links boxes (analysis steps) at each 

level. Arrows depict two examples of full analyses. For instance, the yellow path: Noise-assisted 

multivariate EMD followed by Statistical Validation, Instantaneous Frequency extracted with NHT, 

causality between resulting IMFs’ time-series computed with the GGC metric with a NP 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 data-driven method for the analysis of nonlinear and non-

stationary time-series proposed by N. Huang (Huang et al., 1998). Although it was 

conceived for the analysis of geophysical time-series, its use has spread to different 

applications from biomedical to financial fields (Norden E. Huang et al., 2003; Liang et 

al., 2005). It operates by expanding the time-series into a finite set of orthogonal 

monocomponent functions termed IMFs. These are defined so as to exhibit locality in 

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 have well-behaved 
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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: 

 Mode-mixing: 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. 

 End effect artifacts: due to a required step of envelope fitting in the EMD algorithm, 

the beginning and end of a data segment may lack the sufficient number of extrema 

for a successful fitting. 

 Nonuniformity: for different signals, EMD may not yield the same number of IMFs. 

 Scale misalignment: for different signals, IMFs with the same index may contain 

data in different scales.  

 Nonuniform frequency spreading: due to the dyadic filter bank property of the EMD 

(Flandrin, 2004; Wu and Huang, 2004), the smaller-scale IMFs have wider 

frequency spreading than those of larger scales. 

EMD has suffered several improvements to deal with the former issues by using 

optimization techniques (Huang and Kunoth, 2013; Meignen and Perrier, 2007), NADA 

(Wu and Huang, 2009), confidence limits (Norden E Huang et al., 2003), statistical 

significance tests (Wu and Huang, 2004) and generalizations for complex (Altaf et al., 

2007; Tanaka and Mandic, 2007), bivariate (Rilling et al., 2007), trivariate (N. ur 

Rehman and Mandic, 2010) and multivariate (N. Rehman and Mandic, 2010) data. 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 to (Huang and Wu, 2008; Mandic et al., 2013). 

5.2.1.1.STANDARD EMD 

The definition of the standard EMD method was first presented in (Huang et al., 1998). 

Its aim is to decompose a real-valued signal into a set of IMFs and a monotonic residue. 

An iterative algorithm called “sifting” is applied to ensure that each IMF is free of 

riding waves (zero mean) and has well-behaved 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 undesired phenomena. 
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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 mixing (Wu and Huang, 2009). 

5.2.1.2.BIVARIATE EMD 

The bivariate EMD (BEMD) extension replaces the notion of oscillation of univariate 

signals with that of rotation of bivariate signals (Rilling et al., 2007). This is 

accomplished by replacing the one-dimensional envelope with a three-dimensional 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 respective envelopes. 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 the condition that the number 

of zero crossings and the number of extrema differ at most by one is not imposed (N. 

Rehman and Mandic, 2010). In this work we used N = 60. It can be defined as follows 

for a bivariate signal z(t) = x(t) + jy(t): 

1) With a set of directions φk = (2π·k/N), where k = 1… N project z(t) on each direction: 

pk (t) = Re[exp(j·φk)·z(t)]. 

2) Extract the locations ti
k for the extrema points of pk (t). 

3) Interpolate the set of points [ti
k, x(ti

k)] to obtain the envelope ek in the direction φk. 

4) Compute the mean for all envelopes m(t) = (1/N)Σkek(t). 

5) Subtract m(t) from z(t) to obtain d(t) and proceed as in the standard EMD. 

Non-uniformly Sampled BEMD (NS-BEMD) differs from BEMD because its 

projections depend on the statistical nature of the signal. This adaptive sampling 

provides a more accurate time-frequency representation (for the same number of 

projections) and is better suited for power imbalanced signals (Ahrabian et al., 2013). 

Instead of assuming a circular pattern for the correlation coefficient of the bivariate 

signal, NS-BEMD uses a circularity quotient (Ollila, 2008) that expresses the 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 BEMD. The 

extension can be defined as follows for the bivariate signal z(t): 
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1) Estimate the circularity quotient as ρ:= cov(x, y)/sqrt[std(x)·std(y)], where cov and 

std are the covariance and standard deviance respectively. 

2) Compute the degree of correlation ε = sqrt[abs(ρ)] and its principal direction θ = 

arg[sqrt(ρ)], where sqrt is the square root. 

3) With a set of directions φk = (2π·k/N), where k = 1, …, N calculate a set of 

elliptically distributed points yk = exp(i·θ)[a·cos(φk) + ib·sin(φk)] where a = sqrt[[1+ 

abs(ρ)]/4] and b = sqrt[[1- abs(ρ)]/4]. 

4) Project the signal to the new elliptical directions φk
’ = arg(yk) as in the BEMD. 

Recently, a different scheme that selects projection directions based on local signal 

dynamics was proposed (Rehman et al., 2014) which, for low values of N (<10), 

achieves the same accuracy that BEMD or NS-BEMD would achieve for higher values 

of N (>10), making it more computationally attractive and more suited to non-stationary 

data. However, as the N used in this work is large enough and no other EMD algorithm 

possesses dynamic sampling schemes, this method is not used here. 

5.2.1.3.MULTIVARIATE EMD 

For p-dimensional signals (p>2) the principle of BEMD is generalized. The notion of 

rotation instead of oscillation is applied and projections are performed in a p-

dimensional hypersphere. A detailed description of the multivariate approach for a p-

dimensional signal with uniform sampling EMD (MEMD) algorithm can be consulted 

in (N. Rehman and Mandic, 2010) and shortly it can be described in the following steps: 

1) Generate a N-point Hammersley sequence (Cui and Freeden, 1997) to uniformly 

sample a p-dimensional sphere and get a direction vector φk., for k = 1, …, N. 

2) Project z(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 time-series is normalized by its standard deviation, prior to 

MEMD decomposition. The standard deviation is then restored for the respective IMFs 

(Hu and Liang, 2011). 

5.2.1.4.NOISE-ASSISTED EXTENSIONS 

Ensemble EMD, or noise-assisted EMD (NA-EMD), is a NADA method to avoid mode 

mixing that consists in adding l independent noise realizations with amplitude ε to the 

signal, performing EMD (or any of its bivariate counterparts) to each member of the 

resulting ensemble, and performing ensemble average of each set of IMFs (Wu and 
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Huang, 2009). Adding white noise to populate the entire time-frequency space 

uniformly guarantees that extrema always exist and forces the dyadic EMD property 

which mitigates mode mixing (Flandrin, 2004; Wu and Huang, 2004). The following 

steps briefly describe this algorithm: 

1) Generate the ensemble comprised of l independent realizations of white Gaussian 

noise (WGN) added to the original signal. 

2) Decompose each member of the ensemble using standard EMD, BEMD or NS-

BEMD. 

3) Average the l IMFs of the same index to obtain the ensemble means. 

The effect of the added WGN should become less significant after the averaging process 

following εl = ε/sqrt(l), where εl is the final standard deviation of the error (Wu and 

Huang, 2009). Still, the trace of residual noise that remains in the resulting IMFs 

compromise the “completeness” of the retained signal (Rehman et al., 2013; Wu and 

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 in averaging 

misaligned modes. 

To overcome these issues Rehman and Mandic proposed the use of MEMD in the 

presence of WGN (N. U. Rehman and Mandic, 2011; Rehman et al., 2013). NA-MEMD 

deals with univariate signals, as does NA-EMD, and also with multivariate data. The 

process differs from NA-EMD not only by its multivariate capability but also because 

the WGN realizations are treated as an additional subspace instead of being added 

directly to the original dataset. Considering a p-dimensional dataset and l-independent 

WGN realizations, NA-MEMD creates a (p + l)-dimensional space comprising the 

original dataset subspace and the noise subspace. Applying MEMD to this (p + l)-

dimensional space results in a fixed number of (p + l)-variate IMFs that retain the 

dyadic filter bank property, are scale aligned and avoid mode mixing. The l dimensions 

of the IMFs can be discarded as they belong to the noise subspace resulting in p-variate 

IMFs that correspond to the original signal decomposition. The variance of WGN 

should be within 2 to 10% the variance of the data (Mandic et al., 2013). 

5.2.1.5.CONFIDENCE LIMITS AND STATISTICAL SIGNIFICANCE 

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 criteria (Norden 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 proposed in (Wu and Huang, 2004) 

followed by another procedure that uses the Wasserstein distance between IMFs (Hu 

and Liang, 2014) both with confidence level of 99%. For scale aligned p-variate IMFs, 

the entire scale of IMFs is excluded only if p-1 IMFs are not significant. 

5.2.1.6.INSTANTANEOUS FREQUENCY 

Unlike traditional frequency analysis based on the Fourier transform, the IF represents 

frequency as a function of time (Huang et al., 2009). IFs 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 instant (Huang et al., 1998). The IF of a 

monocomponent signal is determined by its quadrature, a 90º shift of its carrier phase 

function (Huang et al., 2009), resulting 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 signal from 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 requirements are fulfilled by the IMFs. However, 

these are necessary but not sufficient conditions. Other requirements such as the ones 

imposed by the Bedrosian (Bedrosian, 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 of the envelope and the carrier 

must be non-overlapping, 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 normalized HT (NHT) (Huang et al., 2009) that 

empirically decomposes the IMF into a purely AM envelope and a purely FM carrier. 

Furthermore, Nuttall’s theorem says that the HT and the quadrature may be different. 

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 

quadrature (DQ) (Huang et al., 2009). Errors with the DQ are one order of magnitude 

smaller than with the NHT and appear near the IMF extrema (Huang and Wu, 2008; 

Huang et al., 2009), therefore a three- or 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 method can extract, delineate and reconstruct 

oscillatory components with time-varying spectrum yet, contrastingly, it has a strong 

mathematical foundation and is naturally robust to additive WGN (Daubechies 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 data-driven causal inference framework. 

Although the ‘mother’ wavelet must be chosen appropriately, the data driven nature of 

this method can be justified by the operation of synchrosqueezing (Daubechies et al., 

2011). This operation reallocates the energy in the wavelet spectrogram Ws(a, b) to 

different points in a time-frequency plane by following a predetermined map of IFs 

ωs(a, b) for each translation b and scale a. This map follows the reasoning already 

present in (Daubechies and Maes, 1996): in spite of Ws(a, b) being spread in its scale a 

(less localized in scale but more localized in time as the scale increases), its behavior 

around b, at each scale, points to the original frequency ω. WGN still gets spread across 

this new frequency plane. Therefore, for any point (a, b) where Ws(a, b)≠0, the IF map 

can be calculated as: 
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The synchrosqueezing operation consists in reallocating Ws(a, b) according to (a, b)→ 

(ωs(a, b), b) and taking into consideration that, because both ω and a are discretized 

with widths Δω and Δa (uniformly or not) respectively, the synchrosqueezing transform 

Ts(ω, b) has to be determined at the centers k of successive bins by summing different 

contributions of each n -th scale an : 
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In this spectrogram it is possible to identify well-localized zones of concentration in the 

IF lines. These can be considered intrinsic mode type (IMT) components, with IA, IP 
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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 introduced (Ahrabian et al., 2015), the multivariate SSWT 

(MSSWT), that is able to decompose a signal into multivariate scale-aligned IMTs 

using adaptive frequency scales. Because the IFs for these 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 found in (Daubechies et al., 

2011) and (Ahrabian et al., 2015). 

5.2.3. INTRINSIC MODE FUNCTION BASED CAUSALITY INFERENCE 

In the following sections, causality inference methods are described that produce either 

an estimate for the entire length of the IMFs or a time-varying estimate. In the same 

way, some provide a spectral decomposition of causality and, as the IF of each IMF is 

already known, computation focuses only in these frequency values. 

5.2.3.1.PARAMETRIC MODELING OF 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 from MVAR models with time-invariant and with time-

varying coefficients (TV-MVAR). MVAR models are estimated with Burg derived 

methods, available in the Biosig Toolbox (Schlögl, 2006; Vidaurre et al., 2011). The 

model order can be estimated with the BIC (Schwarz, 1978) or the AIC (Akaike, 

1974b). In this work, the TV AR parameters and residual covariance matrix for TV-

MVAR are obtained by estimating their equivalent SS representations with time-

varying Kalman filters and recasting these into TV-MVAR again. At each iteration k of 

the Kalman filter, the residual covariance matrix is determined by the covariance matrix 

of the filter’s innovation process and the AR parameters are estimated by recasting the 

filter to the autoregressive representation in a procedure similar to (Omidvarnia et al., 

2011). To avoid delving into excessive detail a generic implementation of the Kalman 

filter can be found in (Vaseghi, 2009) and the algorithms for estimating the TV-MVAR 

in (Omidvarnia et al., 2011). 

With the resulting models, the transfer matrix to be used in the directed functional 

connectivity metrics, for the whole time-series of for each instant, is calculated from 

their coefficients’ FT. 
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The directed functional connectivity metrics chosen for this work are the GCI (Granger, 

1969), GGC (Geweke, 1982) and gPDC (Baccalá et al., 2007). Similarly to PDC, the 

latter uses the Fourier transformed AR coefficients matrix A(f) to measure, at each 

frequency, the outflow from channel j to channel i, relative to all the outflows at j and is 

sensitive to direct flows only but is insensitive to scalar effects due to the inclusion of 

each variable’s error variance. Its formulation follows:  
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where 2

i is the variance of the residual i or the i-th element in the diagonal of the 

residual covariance matrix. All parametric directed functional connectivity metrics are 

used pairwise-conditionally and frequency specific metrics are computed for the IF 

band or value of each IMF. 

5.2.3.2.NON-PARAMETRIC GRANGER CAUSALITY 

NP approaches are adopted to compute the spectral decomposition matrices used by the 

previous spectral GC formulations. The key operation in these approaches is the 

factorization of the CSDM S(f). There are at least two proposed methods for it. The first 

method, by Dhamala (Dhamala et al., 2008), uses the Wilson-Burg algorithm (Wilson, 

1972) for spectral factorization. Its basic principle is the factorization of a spectral 

density matrix into a unique set of minimum phase functions. Recently, Barnett and 

Seth proposed and implemented a more efficient and accurate spectral factorization 

technique in their Multivariate Granger causality toolbox (MVGC) (Barnett and Seth, 

2014) that consists in obtaining an autocovariance sequence from a given CSDM S(f), 

computing the AR coefficients and residual covariance matrix from the autocovariance 

sequence by solving the Yule-Walker equations, and finally computing the transfer 

matrix. From these values, and knowing that the AR coefficients can be obtained by 

inverting the transfer matrix, causality can be inferred with the same metrics used in the 

parametric formulation. 

Hence, the NP alternative can be used for IMF-based causality with the advantage that 

model order estimation is not required. Time-invariant analysis is accomplished by 

simply replacing the estimation of a time-invariant AR model for the set of IMFs with 

any of the previous approaches applied to a CSDM of the same set of IMFs. TV NP 
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(TV-NP) analysis requires a CSDM for each time point, S(f, t), that can be obtained 

from the cross-spectrogram resulting from cross multiplying the WT of each IMF pair. 

Alternatively, the time-frequency causality matrices obtained from WTs of the non-

decomposed data, as proposed in (Dhamala et al., 2008), can be squeezed by the 

synchrosqueezing transform's IFs map ωs of the driving variable. With this operation, 

the ensuing step of frequency allocation is bypassed. 

Other model free NP metric is the TE which measures the information transfer between 

two variables, within an information theoretic context (Schreiber, 2000). In this work 

TE measures were computed pairwise-conditionally with two MI estimators (Lizier et 

al., 2011). In turn, MI was computed either by using Kraskov’s knn distances with the 

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) is based on the phase coherency slope (averaged 

over a frequency band) between two variables, defined in a way that ensures robustness 

with respect to instantaneous mixtures of independent sources of arbitrary nature. PSI is 

computed using the software package for Matlab® provided by its author (Nolte et al., 

2008) which can only support pairwise analyses. No TV analysis is performed with PSI. 

5.2.3.3.STATISTICAL VALIDATION OF CAUSAL METRICS 

Significance testing was performed for each causality measure in the following way. 

GCI statistical validation of a causal relation j→i was achieved with an F-test on the 

null hypothesis that all the values Φij({1,…,p}) (where p is the model order) in the 

regression coefficient matrix Φ are zero. After applying Bonferroni correction for 

multiple observations to this test (in this case the model order p corresponds to the 

number of observations), causal influence is detected if all Φij({1,…,p}) are jointly and 

significantly different from zero. Tests were performed with an initial p-value of 0.05 

which was Bonferroni-corrected whenever the model order 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 et 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 IMFs (Seth, 2010). This null hypothesis is tested with a one-tailed test, and the 
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connection is deemed significant if the measure falls above the 95th percentile of the 

null distribution. The method for creating surrogates consisted in phase randomization 

and correlation nullification (Baccalá et al., 2006) between IMFs using Fourier-

transformed surrogates (Theiler et al., 1992) for Granger based measures and AAFT 

surrogates (Schreiber and Schmitz, 1996) for the TE measures. Statistical validation was 

only performed on the time-invariant metrics. 

5.2.4. ARTIFICIAL DATA AND 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 underlying connectivity structure. Therefore, 

synthetic data was obtained with the model presented in (2.6), by simulating phase 

relations with a network of time-delayed coupled Kuramoto oscillators for each 

frequency intended to be present in the data (Cabral et al., 2011), and by propagating 

randomly generated envelopes with the same matrix as shown in the following set of 

equations: 
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 (5.4) 

Here, i = 1,..., N and N is the number of nodes in the network, Cij is the coupling 

strength between node i and j, wi is the intrinsic angular frequency of node i, θi the 

phase of node i, τij the connectivity delay between node i and j, ηi uncorrelated Gaussian 

noise, Ai is the envelope of node i and ki and ϕi are random variables for amplitude and 

frequency of the envelope, uniformly distributed between [0, 1] and [1, 3] respectively, 

that change every 500 ms. This way, the activity at node i, with the frequency of fi = 

wi/2π Hz, is given by Xi(fi,t) = Ai(t)sin(t+ θi). The final multi-component activity in node 

i is obtained by summing all the individual frequency contributions. Simulations ran in 

Matlab® with in-house code. 

A benchmark analysis with multichannel epicranial somatosensory evoked potentials 

(SEPs) recordings from rats, during unilateral whisker stimulation, was also performed. 

These recordings are presented and analyzed in (Quairiaux et al., 2011) and have 

already been used for benchmarking purposes in the case of TV causality metrics 

(Plomp et al., 2014). The reason for benchmarking with this dataset in (Plomp et al., 
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2014) and in this study is the known spatiotemporal pattern elicited by this paradigm. 

As can be seen in (Plomp et al., 2014; Quairiaux et al., 2011), the 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 have structural 

connections to parietal and frontal sensory-motor regions. Therefore, (Plomp et al., 

2014) define three performance criteria for benchmarking that are adopted in this study: 

1) cS1 must be identified 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 frontal sensory-motor 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 advantages 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 lag-based metric, a benchmarking study was initially performed 

where all the possible combinations in Figure 5.1 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 be connected 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 100 which 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 and lag-based 

metric. These frequencies are randomly 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 5.2), respectively. Only 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 (±1Hz) to the frequency of the true causal relation. 
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Figure 5.2: Network topologies used for 3-node oscillator networks: divergent (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 increased 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, examples of time invariant (static) causality between two nodes with 

recurrent feedback causality in different frequencies or time-varying causality with non-

stationary data are presented. Finally, these metrics are benchmarked with the 

multichannel SEP recordings and performance criteria from (Plomp et al., 2014). 

5.3.1. 2-NODE NETWORKS 

From Figure 5.3 it can be seen that parametric and NP (computed with the auto 

covariance method) GC based metrics with spectral decomposition 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 decompositions, the decompositions with the 

SSWT and MSSWT show a particularly positive impact in sensitivity. The best 

combination of lag-based metric and decomposition method was clearly the SSWT with 

NP (based in the auto covariance method) GC metrics with >95% sensitivity. As 

expected, decompositions with the dyadic filter bank fall behind in practically all 

situations. 

A) Divergent network  

 
 

 
    

 
 

 
 

 
 

 
    

 

 
     

 
 

 

B) Sequential network 
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Figure 5.3: Sensitivity and specificity for all the possible combinations of decomposition algorithms and 

lag based measures computed from the 2-node 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 by the NA-MEMD and MSSWT methods. 

5.3.2. 3-NODE SEQUENTIAL NETWORKS 

In sequential causalities (one node influences other which in turn influences the 

remaining), the sensitivity is greatly affected as can be seen in Figure 5.4A. Only 

parametric gPDC with SSWT and MSSWT 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 NETWORKS 

The same analysis was performed for 3-node networks with divergent connectivity (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 in Figure 5.4B are more favorable for the parametric spectral Granger metric 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 from the 3-node network benchmarks (A) 3-node networks with sequential 

connectivity and (B) 3-node networks with divergent connectivity. 

5.3.4. MODEL ORDER ANALYSIS 

Figure 5.5 shows histograms of all the model orders estimated with BIC, in the previous 

2-node networks used for benchmarking, for the IMFs of each adaptive decomposition 

method, for the dyadic filter bank data and for the non-decomposed data. Overall, it can 

be seen that, unlike filtering, adaptive decomposition does not lead to model order over-

estimation. 
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Figure 5.5: Model order, estimated with the BIC, distribution for adaptive decomposition, filter bank 

decompositions and non-decomposed data. Thin lines represent the 25th and 75th percentiles and the 

thick line the median value. 

For the parametric causal measures, the BIC was allowed to search for model orders 

from 1 to 90. Figure 5.5 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, most estimated model orders for non-decomposed data are spread between 10 and 

20 while estimated model orders from adaptive decompositions can be lower, probably 

due to the simpler decomposed time-series, spanning from 5 to 20. In order to 

understand if a similar phenomenon to invariance of GC to filtering found in (Barnett 

and Seth, 2011) also occurs in the IMFs, we performed a separate analysis, see 

Appendix A.1, which suggests that causality is limited to the frequency of each IMF 

i.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 different frequencies. 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 simulate 4 s of data 

sampled at 250 Hz. Causality is inferred for the whole time-series length.  

Figure 5.6 shows the comparison of gPDC computed with MVAR or NP approaches 

from adaptive decompositions obtained with NA-EMD, NA-MEMD and SSWT and 

from non-decomposed data for baseline comparison. With non-decomposed data, 

significant values of gPDC 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 higher significance 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 that is able 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 traditional analysis of non-decomposed 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 with the normalized HT for NA-EMD and NA-MEMD and 

SSWT IFs. 
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Figure 5.6: Time-invariant causal analysis with gPDC computed with: A) NA-EMD and MVAR model; 

B) NA-MEMD and MVAR model; C) SSWT and MVAR model; D) SSWT and NP method; E) non-

decomposed data and NP method; F) non-decomposed data and MVAR model. From A) to D) the 

frequency content of IMFs with significant gPDC values is normalized and multiplied by its gPDC value. 

Significance threshold is not plotted because 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 non-stationary or there is interest in understanding the dynamics of causal 

relations, the previous analysis can be performed with a TV-MVAR or TV-NP approach 

instead. As an example of a non-stationary causal relation, a network similar to the one 

in Section 5.3.5 is used to generate 4 s of non-stationary data, sampled 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 2 s of activity and starts linearly doubling its amplitude. Both nodes also 

oscillate at 6 Hz and 44 Hz independently.  

The standard analysis methods chosen for the gPDC were the WT approach proposed in 

(Dhamala et al., 2008) and a frequency normalization similar to what is presented in 

(Plomp et al., 2014). For the latter, a TV-MVAR, with estimated model order of 25, was 

used to fit the data. The resulting time-varying connectivity can be seen in Figure 5.7 

and it is evident that the stronger estimated direction is from node 1 to node 2 between 

the 12 and 20 Hz from 0 to 2 s and between 25 and 35 Hz from 2 to 4 s in both cases. In 

the adaptive decomposition analysis, data were decomposed as in Figure 5.6 results 

except that MVAR and NP were replaced by TV-MVAR and TV-NP, respectively. The 

gPDC metric is computed for each time instant and plotted at the corresponding time 

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 2 s and another oscillating close to the 30 Hz from 2 to 4 s. The 

frequency localization of NA-EMD 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 significance testing and 

are also present in the non-decomposed data results. 



 

132 

 

 

Figure 5.7: Time varying causal analysis with gPDC computed with: A) NA-EMD and TV-MVAR 

model; B) NA-MEMD and TV-MVAR model; C) SSWT and TV-MVAR model; D) SSWT and TV-NP 

method; E) non-decomposed data and TV-NP method; F) non-decomposed data and TV-MVAR model. 
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5.3.7. BENCHMARK ANALYSIS USING RAT SEPS 

The metrics from the previous examples were benchmarked with the SEP dataset and 

the performance criteria proposed in (Plomp et al., 2014). Due to the poor sensitivity 

shown by NP methods in the simulation analysis for 3-node networks, its time-varying 

implementation follows an alternative procedure where the time-frequency causality 

matrices obtained from WTs of the non-decomposed data, as proposed in (Dhamala et 

al., 2008), are squeezed. The non-decomposed data TV-MVAR or TV-NP approaches 

are also kept for a baseline comparison. Electrode locations were grouped according to 

contralateral (electrodes e1 to e7) or ipsilateral (electrodes e9 to e15) positions with 

respect to the stimulus. There are 15 electrodes and every causal metric was computed 

using a fully multivariate approach (pairwise-conditional or aligned pairwise-

conditional). The adopted statistical analysis follows the same non-parametric 

bootstrapping strategy as in (Plomp et al., 2014) to obtain the 95% confidence intervals 

(CIs). 

The first performance criterion checks 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 computing the time-frequency 

representation of each metric (similar to Figure 5.7), 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 the 5 to 25 ms interval after stimulus, for 

e4. 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 circular connectograms in Figure 5.8, that represent 

connectivity at this time instant among other information, it can be seen that: in Figure 

5.8A for NA-EMD, outflow from e4 is not significantly greater than from e1; in Figure 

5.8B for NA-MEMD, outflow from e4 is not significantly greater than from e14; and in 

Figure 5.8E for the standard TV-NP, 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 whether the 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, which is not physiologically plausible. The 

results of the peak latencies and the respective 95% CIs are shown in Table 5.1. Only 



 

134 

 

NA-EMD has a peak latency outside the desired interval, however the 95% CI of SSWT 

with TV-MVAR exceeds it. 

Table 5.1: Peak latencies (in ms) of driving from cS1. Values 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 show the results from standard causality 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 

MVAR 

NA-MEMD 

MVAR 

SSWT 

MVAR 

SSWT NP Std WT Std MVAR 

31 (30-56) 7 (7-12) 8.5 (3.5-80.5) 14.5 (12.5-

20.5) 

14.5 (11.5-

18) 

13.5 (9-

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 electrodes equidistant to cS1, 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% CI is negative. Significant values are represented by blue 

arrows, incoming from e4, in Figure 5.8 and only NA-EMD and SSWT with TV-

MVAR, Figure 5.8A and Figure 5.8E respectively, lack one significant connection. 
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Figure 5.8: Connectogram of time-varying connectivity at the time instant, inside the interval of 5 to 25 

ms after stimulus, when outflow from cS1 (electrode e4) is maximal. The innermost ring represents the 

total outflow of causality from each electrode and the outermost ring the inflow from cS1 (electrode e 4). 

Blue arrows indicate that connectivity from e4 to e2 or e4 to e6 is significantly greater than connectivity 

from e4 to e3 or e4 to e5 respectively. The electrodes whose outflows are not significantly lower than 

cS1's have the 'n.s.' mark next to their label. A) NA-EMD and TV-MVAR model; B) NA-MEMD and 

TV-MVAR model; C) SSWT and TV-MVAR model; D) SSWT and TV-NP method; E) non-decomposed 

data and TV-NP method; F) non-decomposed data and TV-MVAR model. 
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5.4. DISCUSSION 

In this work we explored the concept of EMD-based time-frequency causal analysis. 

Although previous studies have hinted that this type of analysis is a viable option (Hu 

and Liang, 2012b; Mandic et al., 2013; Sweeney-Reed and Nasuto, 2007), this 

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 framework. 

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 search in the space 

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 eventual initial 

skepticism that, since EMD behaves similarly to this type of filter bank in the presence 

of WGN (Flandrin, 2004; Wu and Huang, 2004), its contribution for causality 

estimation may not be greater than using filtered data. Indeed, simulation results in 

Figures 5.3 and 5.4 show that causality estimation generally benefits from EMD 

decomposition rather than dyadic filter bank decomposition and Figure 5.5 shows one 

of the possible reasons for this to occur. As expected (Barnett and Seth, 2011), filtering 

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 closer 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 can be fit by stable AR models. This results further endorse the 

combination of EMD algorithms with lag-based metrics. 

Concerning the outcomes of different EMD methods in the simulation analysis, EMD 

performed with the SSWT, MSSWT and NA-MEMD stand out as the most reliable in 

the 2-node networks and in both 3 node-networks. 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 sensitivity in the 3-node 

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 and GCI always falls behind GGC in sensitivity 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. Figures 5.6 and 5.7 show these results for a static and a TV 

analysis, respectively, and compare them to traditional parametric and NP causal 

analysis with non-decomposed data. From Figure 5.6 it is possible to observe that 

frequency localization of significant causal effects is much more accurate, especially 

with SSWT decompositions, than traditional analysis with non-decomposed data. The 

results from the non-stationary example shown in Figure 5.7 show a similar advantage 

in frequency localization accompanied by precise time localization in every metrics. As 

the study of adequate significance testing for time-varying causality between IMFs was 

not contemplated by this study, Figure 5.7 shows absolute values of causality with some 

false positives. However, as these also occur with non-decomposed data, it is not clear if 

this can be attributed to EMD decomposition. 

Benchmarks using freely available SEPs were chosen to present an application of these 

methodology to recorded data and also to enable other time-varying causality measures 

to be more easily compared to these using the three criteria proposed by (Plomp et al., 

2014). The SEP time-series 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, results in Figure 5.8 and Table 5.1 show 

that NA-MEMD with TV-MVAR and SSWT with TV-NP perform close to the standard 

metrics with non-decomposed data. 

In this work we focused mainly on the causality estimation between IMFs. However, 

further study is required in the theoretical and experimental exploration of this concept. 

Application to the IMF’s IA 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., 2011) and coupling directionality (Rosenblum et 

al., 2002) between IMFs.  
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Although some concerns common to adaptive data decomposition and 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 effects to be: 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 algorithm, like the 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 effects (Stramaglia et al., 2014b). Briefly, 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 synchronized 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 

synergetic effects may be decomposed in different scales, even with multivariate 

decompositions, thus preventing their detection using the scale-wise analysis 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 pre-processing prior to causality estimation should also be 

investigated considering it did not lead to overestimated model orders, GC invariance or 

unstable AR models as occurred both when applying a filter bank or in previous studies 

(Barnett and Seth, 2011). Finally, since partially 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, notably in the context of neurosciences. This approach offers 

substantial improvement in frequency localization compared to traditional spectral 

causal analysis and enables frequency discrimination in time-invariant TE analysis. 

Even though this work did not go beyond 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 analysis (Mandic et al., 2013). 

Hence, testing causality between IMFs does not just enrich causal relations with IF 

values, it also forces causality tests to occur between components 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 stability of the estimated MVAR models. This is 

purposely similar to what has been done in (Barnett and Seth, 2011), however in this 

case the spectral GC is computed empirically. We opted to compute GGC and AR 

stability with the MVGC toolbox (Barnett and Seth, 2014) and 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 node 2 in the 15 and 44 Hz. Figure 

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: NA-EMD, NA-MEMD and SSWT. 

 

Figure A.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.1. EMD ISOLATES FREQUENCY-SPECIFIC CAUSALITY. 

Figures A.2 and A.3 show the spectral content and GGC 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. 
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Figure A.3: GGC distribution 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 Figure A.2 shows, EMD algorithms are able to separate 

frequency specific components and, as can be seen in Figure A.3, isolate the causal 

effect of each component in its frequencies. NA-EMD shows some causality in both 15 

and 44 Hz for its first IMF but Figure 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 components 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 shown. As 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 INFANTILE 

SPASMS PRESENTING ICTAL HIGH-FREQUENCY 

OSCILLATIONS IN PRE-SURGICAL 

ELECTROCORTICOGRAPHY 

6.1. INTRODUCTION 

Infantile spasms is a childhood epilepsy qualified as “catastrophic” due to the difficulty 

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 

Hrachovy in 2003 (Frost Jr. and Hrachovy, 2003), its 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 average mortality 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 onset, normal mental 

function may never be regained and there is 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 which may 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 (74-96% 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 infantile spasms with non-hypsarrhythmic 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 achieved with neuroimaging diagnostic techniques like 

computed tomography, MRI, PET or single-photon emission computed tomography 

(SPECT). Treatment consists in choosing the most effective antiepileptic drugs, starting 
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with hormonal therapy with adrenocorticotropic hormone and corticosteroids 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 course of action 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 infantile spasms 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., 2001) but it is crucial that the 

epileptogenic zone is correctly localized and completely excised (Hamiwka et al., 2005; 

Krsek et al., 2009). However, the localization of structural abnormalities with MRI can 

be challenging in early infancy because myelination is not completed and the distinction 

between the cortex and white matter is unclear (Paus et al., 2001). 

In recent years, ictal and interictal paroxysmal high frequency oscillations (HFOs) 

recorded with intracranial EEG have been suggested to be more related with the 

epileptogenic zone than other ictal discharges (J. Jacobs et al., 2012; Jacobs et al., 

2009a, 2008). In epileptic spasms, HFOs at 60-200 Hz (commonly referred as ripples) 

detected in ECoG recording are associated with the epileptogenic zone (Akiyama et al., 

2005; Hiroki Nariai et al., 2011b). From the range of HFO activity frequencies, fast 

ripples (FRs) (200–500 Hz) are considered the most clinically relevant since their 

detection can be used to closely delineate epileptogenic regions (Jefferys et al., 2012). 

HFOs at 80–200 Hz have been found in SOZs and non–SOZs, whereas HFOs at 200–

500 Hz were primarily identified in the seizure onset zones (SOZs) (Bragin et al., 1999; 

Engel et al., 2009; Staba et al., 2002) hence being a more specific marker of this region. 

The resection of the brain regions containing HFOs, especially at 200–500 Hz, 

correlated with good seizure outcomes in adult (Jacobs et al., 2009b) and pediatric 

patients (Wu et al., 2010). In (Akiyama et al., 2011) significant correlation was found 

between resection of the regions with high-rate ripples/FRs and seizure outcome in 

pediatric epilepsy (ripple regions were larger and overlapped with FR regions). 

Although the regions with high-rate 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 correlate significantly 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 epileptogenic zone in the resection, even if they don’t 

totally overlap (Akiyama et al., 2011).  

Despite these associations between HFOs and the SOZ, in (Hiroki Nariai et al., 2011b) 

increase of ictal HFOs (40-70 Hz and 80-200 Hz) in the surrounding areas was observed 

in ECoG, especially in younger patients with epileptic spasms (ES). The authors termed 

this pattern the ‘‘ictal doughnut phenomenon” because after the ictal HFOs in the SOZ 

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 propagate to 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 frequencies of interest might be 

enough to identify the ‘‘ictal doughnut phenomenon” and its center, especially if ECoG 

is registered in a regular grid of electrodes. However, in the case of regular or irregular 

grids or scalp EEG, visual identification may be misleading (Akiyama et al., 2011) and 

in any case, temporal precedence might not convey causality (Wiener, 1956). Hence, 

SOZ identification procedures based on the causal analysis frameworks should provide 

more reliable representations of seizure propagation (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 with intracranial EEG to 

analyze pre-ictal seizure networks (Epstein et al., 2014). 

In this work the directed functional connectivity framework is introduced 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 pre-surgical ECoG recordings from a patient with infantile spasms will be 

analyzed, one sampled at 256 Hz and other at 5 kHz. These datasets were recorded with 

intracranial strips containing a total of 48 electrodes displayed as shown in Figure 6.1. 

Electrodes A and B will be referred as the anterior and posterior electrodes respectively. 
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Figure 6.1: ECoG montage. A 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 cerebellum. Image obtained with Curry software version 6 

(Compumedics Neuroscan, El Paso, TX, USA). 

The following sections describe the methodologies used, from HFO detection to 

causality network and influence calculations, and also the clinical case behind the 

epileptic ECoG recordedings. Ictal HFOs will be analyzed following common practices 

(Ibrahim et al., 2012). Methodologies are presented in the same order as they were used, 

starting with HFO identification, choice of the nodes belonging to each epileptogenic 

network, causal analysis to obtain directed networks and the computation of each node’s 

causal influence, both with time-invariant and time-varying procedures. 

6.2.1. HFO DETECTION AND INSPECTION 

Significant HFO events are detected in the entire ECoG recording using a thresholding 

procedure similar to those found in (Gardner et al., 2007; Jacobs et al., 2009a; Hiroki 

Nariai et al., 2011a; Schevon et al., 2009; Staba et al., 2002) consisting in: 

1. Bandpass filtering the ECoG dataset in the frequencies of interest (60-100 Hz for the 

256 Hz dataset and 60-200 Hz for the 5 kHz dataset) with a two-way least-squares 

FIR filter. These frequencies represent the upper half of the high-gamma (HG) band 

and the ripple band according to (Hiroki Nariai et al., 2011b) and their choice was 

based in an initial spectral analysis of the spasm episodes. 
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2. Envelope computation by spline fitting the absolute values of the filtered signal. 

3. For each channel, identifying the events Echannel where the envelope exceeds five 

times the local value of the standard deviation plus mean. Local values for the 

standard deviation and mean are computed using a sliding window of 5 s. 

4. For each channel, Echannel separated by less than 50 ms are merged and Echannel 

shorter than five periods are discarded. 

5. Contiguous and overlapping events Echannel in time from all channels are grouped to 

define the total HFO event EHFO which starts at the beginning of the earliest Echannel 

and finishes at the end of the last Echannel of each group. 

6. Events EHFO shorter than 200 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 SSWT (Daubechies et al., 2011). Data samples prior and 

after each EHFO are used in order to obtain a window without edge effects and the 

consequent cone-of-influence. The statistical significance of the wavelet power is 

assessed with the null hypotheses that the signal is generated by a stationary first order 

autoregressive process with a given background power spectrum, similarly to what is 

done in (Grinsted et al., 2004). To obtain a concentrated time-frequency picture of these 

ripple events, the statistically significant wavelet power is allocated to its corresponding 

instantaneous frequency 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 NETWORKS WITH RIPPLE EVENT 

CLUSTERING 

The significant channel activation amplitudes, obtained in the previous HFO detection 

strategy, are put in a matrix form with channels as rows 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 their amplitudes. 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, having only those channels with a number of Echannel events higher than 1/3 of 

the total cluster ripple event count. This way, the nodes of each cluster’s network are the 

channels where ripple events were most frequent. The causal relations within each 

epileptogenic network can then be inferred with directed functional connectivity for the 

frequencies of interest. 

6.2.3. DIRECTED FUNCTIONAL CONNECTIVITY AND TOTAL INFLUENCE 

Directed functional connectivity is used to find which channel is the most influential 

and the main cause of the ES. To this end the gPDC is used as it provides a frequency 

domain representation of multivariate GC relations (Granger, 1969) and is insensitive to 

signal scaling (Baccalá et al., 2007). This metric produces values between 0 and 1 and is 

sensitive to direct flows only. Because it is based on the partial coherence of 

multivariate data, gPDC is not influenced by the volume conduction effect (Schlögl and 

Supp, 2006) which is also known to be present in ECoG recordings (Lanfer et al., 2013; 

Whitmer et al., 2010). The causality analysis is performed pairwise-conditionally and 

the multivariate dataset consists in all the channels present in each cluster’s network 

plus an additional number of channels that maximize the MI (in the frequency of 

interest) with the driving channel. These additional channels are chosen in a process 

similar to the partial conditioning approach in (Marinazzo et al., 2012) with the 

difference that we filter the dataset for the frequency band of interest making the MI 

maximization frequency specific. This way, the pairwise-conditional 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 network by the 1/3 rule in the 

previous section. 

The MVAR models can be computed in a time-invariant or a TV fashion (TV-MVAR). 

Besides estimating MVAR models with different algorithms, time-invariant and TV 

analysis differ in other aspects such as model order selection, statistical validation, 

stationarity requirements and total influence metrics. The only pre-processing applied to 

the channel’s time-series in both approaches is piecewise mean and linear trend 

removal. Normalization by standard deviation is not performed since gPDC is 

insensitive to signal scaling. 
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6.2.3.1.TIME-INVARIANT ANALYSIS 

The primary condition for time-invariant causal analysis with MVAR models is that 

data must be covariance stationary (CS), meaning that each channel’s mean and 

variance do not vary with time. Deviations from CS are examined by testing for unit 

roots with the augmented Dickey-Fuller (Dickey, 1976) and the Kwiatkowski–Phillips–

Schmidt–Shin (Kwiatkowski et al., 1992) tests. In case both these tests identify unit-

roots the time-series is differentiated, but only once since this procedure alters the 

interpretation of the causal analysis (it is now between changes in the time-series) and 

can interfere with the spectral profile of the time-series (Seth, 2010). 

In this work we use a MVAR model, appropriate for multi-trial data, estimated with a 

Burg derived method from the BSMART Toolbox (Cui et al., 2008). Data must be 

prepared with concatenated multiple realizations 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 used; all the events are accounted since their start until the end of 

the former duration. Model order is estimated with the AIC (Akaike, 1974b). The result 

is a model that represents the relationships between the network channels for all 

cluster’s ripple events. The 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 tested (Seth, 2010). Hence, a null 

population must be free of causal relationships but preserve the time and spectral 

distributions of the original data. This null hypothesis is tested with a one-tailed test, the 

connection being deemed significant if the measure rises above the 95th percentile of 

the null distribution. The method for creating surrogates consists in phase 

randomization and correlation nullification (Baccalá et al., 2006) between channels 

using Fourier-transformed surrogates of the pair under analysis (Theiler 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 reciprocal relations only the highest causal 

value is kept), a two dimensional matrix (with values from 0 to 1) is obtained j iF  

(causality is read from column j to row i) from where we compute complex network 
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measures of causal inflow and causal 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 proposed, as an original contribution of the 

present thesis,  for the detection 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 large influences. Having each channel represented as a node, and 

the values in j iF  as directed edges, in a network with N nodes, the total influence jI  

for a node j is computed with the following formula: 

 
1, 1,

N N

j j i j i i

i i j i i j

I I 

   

  F F  (6.1) 

The computation of this formula must however be performed recursively. Initially, the 

value of iI  is not defined so, (6.1) is called again for node i and so forth (it is only 

called for nodes where j iF  is non-vanishing), until the maximum path length is 

reached. When this occurs, iI  will just be the outflow in i and the algorithm returns to 

the previous node, doing the search path backwards and updating the influence values. 

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. When the algorithm 

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. 

6.2.3.2.TIME-VARYING 

Time- varying analysis consists in finding an adjacency matrix that describes the causal 

relations at each instant of a given time interval. This can be achieved through a TV- 

MVAR representation of the multivariate dataset. In this work, the time varying 

parameters and residual covariance matrix are obtained by estimating their equivalent 

SS representations with time-varying 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 found in (Vaseghi, 

2009) and the algorithms used can be found in (Omidvarnia et al., 2011). Because this 



 

153 

 

computations are considerably more resource and time-consuming than the time-

invariant MVAR estimation, model orders are estimated with the BIC (Schwarz, 1978) 

for lower model orders. With the resulting models, gPDC can be computed at each time 

point k for the frequency band of interest, which after averaged, results in the time-

varying adjacency matrix ( )j i kF . 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 

Stockwell transform, following the recommendation in (Plomp et al., 2014). The DOI is 

not used in this approach. 

Unlike the time-invariant analysis, the CS requirement is not imposed since TV-MVAR 

can deal with non-stationary data, and statistical validation was not performed due to 

the inadequacy of the phase randomization methods for non-stationary data and also due 

to the unpractical computational demand this would impose. Additionally, a multi-trial 

analysis cannot be performed with the TV-MVAR models as they would require similar 

duration across all ripple events, which is not the case. Therefore, time-varying 

causality and total influence analysis are inferred for each ripple event.  

As with the time-invariant analysis, a total influence metric is also proposed for the 

resulting time-varying adjacency matrices that aims at identifying the SOZ. Similarly to 

the metric proposed in (van Mierlo et al., 2013) our TV total influence (TVTI) accounts 

for the outflow from each channel (in the cited work it is the out-degree 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 it accounts for the current outflow of each channel plus the future TVTI 

values of its target channels. Hence, 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 future. It is computed for channel j with the following 

formula: 
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Here, this formula is applied iteratively for each time-point k and backwards: starting 

from the end of the ripple event until its beginning so that the future TVTI values are 

computed first. The variable W is the length of a window that averages W future TVTI 

values. If W is greater than the number of these values, then only available values are 

averaged; in the first iteration, since no future TVTI values exist, the leftmost term of 

(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 be the most 

determinant for the SOZ identification and this is the potential benefit from using time-

varying analysis over time-invariant ones. The resulting TVTI matrices are then 

averaged across all ripple events. 

6.2.4. CASE REPORT 

In this work ECoG recordings from a child diagnosed as symptomatic case of infantile 

spasms at Hospital Júlio de Matos and targeted for epilepsy surgery are analyzed. This 

child, born in 19/01/2007 , female, started to show flexion spasms at 5 months of age 

and was diagnosed with infantile spasms at 9 months of age starting vigabatrin 

treatment with partial and transitory response. A retardation in the psychomotor 

development, with right hemiparesis, was also observed at 5 months of age. At 15 

months of age this child was reevaluated. EEG revealed slow and unstructured baseline 

activity, bi-hemispheric multifocal interictal paroxysmal activity and lateralized ictal 

activity spread over the frontal-temporal areas of the left hemisphere. PET scan images 

reveal hypometabolism in the left occipital-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 discharges 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 left parietal cortex in the following month. Prior to 

surgery ECoG recordings were taken to identify the SOZ (determined from the temporal 

precedence of activity in the 60-80 Hz) in the electrodes A15, A15, A22 and A24, and 

delineate resection area: a region enclosed by the central sulcus and electrodes A1 to 

A8, half of A15, A16, half of A24, A22 and all posterior electrodes except B14. 

Seizures had not occurred in the 4 months post-surgery but reappeared gradually after 
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that period. Consequently, a hemispherectomy was performed in following two months. 

There have been no reports of seizures since then. The aforementioned pre-surgical 

ECoG recordings are re-analyzed in this study. 

6.3. RESULTS 

In the 5 kHz recordings, the first two electrodes (A1 and A2) had faulty measurements 

so these channels were not considered for this analysis. Figure 6.2A shows an ES from 

the 256 Hz recording. Both recordings were preprocessed to remove the frequencies 

below 0.5 Hz and DC bias with a two-way FIR filter. To achieve an appropriate balance 

between model complexity and the time span covered by the MVAR models (Seth 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. 

 

Figure 6.2: Signal and cortical activations. A) 256 Hz recording during an ES for the 48 channels in 

EEGLAB software (http://sccn.ucsd.edu/eeglab/). B) Channels from the 5 kHz dataset that presented 

HFOs in the 60-200 Hz and in 200-500 Hz band. 
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6.3.1. HFO DETECTION 

The threshold procedure presented in Section 6.2.1 is applied in both the 256 Hz and 5 

kHz datasets. The resulting significant ripple events, 30 events for the 256 Hz dataset 

and 29 for the 5 kHz dataset, can be seen in Figure 6.3 along with their average 

amplitudes. Furthermore, 11 of the 29 ripple events in the 5 kHz recording presented FR 

(200-500 Hz) activity in channels A4, A8, A15, A16, A22, A23, A24, B1, B2 and B13, 

a much more focalized region than the ripple (60-200Hz) region (see Figure 6.2B). 

Besides, significant activity in the Beta (15-30 Hz) and Gamma (30-60 Hz) bands were 

also present during these events. 

 

Figure 6.3: Amplitudes in the frequency bands of interest for the ripple events for each channel: A) 256 

Hz recording. B) 5 k Hz recording. 

Each ripple event was visually inspected with the WT and the SSWT transforms, Figure 

6.4 depicts this process for electrode A16 during the first ripple event of both 256 Hz 

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 and 100 Hz in the 

256 Hz recording and to the instantaneous frequencies between 60 and 200 Hz (with 

short periods of 50 ms of fast ripples in the 320 Hz) in the 5 kHz recording. Although 

only the first ripple event of each recording in electrode A16 is depicted, 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 visual inspection of ripple events in the channel from 

electrode A16. This is a snapshot the first ripple event for each recording; the WT and SSWT were 

computed with additional samples outside this window to avoid end effects. The uppermost windows 

show the time domain, 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 EVENTS AND CHANNEL SELECTION 

Due to the heterogeneous channel activation patterns in-between 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 weighted average Euclidean 

distances between significant channel activities resulting in the dendograms in Figures 

6.5A and 6.5B for the 256 Hz and 5 kHz datasets respectively. 

 

Figure 6.5: Hierarchical clustering applied to the ripple events from Figure 6.3: 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 in Figure 6.5A, two groups of events were chosen: Group 1 comprised of 

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 kHz dataset resulted in an 

increased number of subgroups despite its apparent simpler channel activation pattern 

found in Figure 6.5B. Considering both the dendogram and the activation pattern only 

one group of ripple events was chosen from the leftmost and rightmost clusters (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 irregular activation 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, A11, A12, A14, 

A15, A16, A21, A23, A24 and B02. Cluster 2 network contains the channels A01, A02, 

A03, A04, A09, A10, A11, A12, A13, A17, A18 and A19. The network from the 5 kHz 

recording is attributed channels A04, A08, A15, A16, A22, A24, B02 and B13. 

6.3.3. CAUSALITY AND INFLUENCE 

Causal analysis was performed with the time-invariant and time-varying procedures 

introduced in Section 6.2.3 in the previously defined epileptogenic networks for the 

Gamma (30-60 Hz) and HG/ripple (60-100 Hz in the 256Hz dataset and 60-200 Hz in 

the 5 kHz dataset) frequency bands. These were the most predominant frequency bands 

in the ripple events and have been reported to be related to the SOZ (Hiroki Nariai et al., 

2011b), hence their choice. An initial time-invariant analysis was also performed for all 

channels and ripple events to provide an overview of causality in all electrodes. 

6.3.3.1.TIME-INVARIANT ANALYSIS 

Time-invariant analysis consisted in fitting groups of selected ripple events with a 

multi-trial MVAR model and computing the corresponding gPDC values. The resulting 

matrices were used to compute the causal inflow and outflow and total influence (6.1). 

Figure 6.6 shows the time-invariant significant causal relations, between all channels, 

resulting from fitting all the identified ripple events to a multi-trial MVAR model. 
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Figure 6.6: Overview of directed functional connectivity (gPDC) in all ripple events between all electrode 

channels for the 256 Hz and 5 kHz recordings in different frequency bands. Graphical representation 

obtained with eConnectome software (http://econnectome.umn.edu). 

In the 256 Hz dataset when causality is assessed for all frequencies (Figure 6.6A) it is 

possible to identify a cluster of causal relations between channels A6, A7, A8, A14, 

A15, A16 and A23 where A16 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 projects both posteriorly and 
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anteriorly. The analysis in the Gamma band from Figure 6.6C presents the same cluster 

of influences centered in A16 that propagates to anterior regions, posterior propagation 

from A10 and A26 propagating only anteriorly. In the ripple band in Figure 6.6E the 

cluster of influences is now centered in A6, A16 projects to A8 and A24 which in turn 

projects posteriorly. Projections from this cluster to anterior regions are not present and 

the electrodes adjacent to A26, inclusive, project posteriorly. The results from the 5 kHz 

dataset have similar features however, in both Figures 6.6B and 6.6F the cluster of 

influences now has a predominant posterior projection and A26 has no significant 

causal relations in the ripple band. The Gamma band causality in Figure 6.6D 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 6.6E since this channel rarely presents significant ripple activity as 

can be seen in Figure 6.3. Nevertheless, most 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 corresponding ripple events.  

256 HZ DATASET 

Figure 6.7 depicts the resulting connectogram for the Cluster 1 network in the two 

analyzed frequency bands. Figure 6.7A suggests that A7, A15, A16 and A24 have 

strong causal outflows but the total influence metric from (6.1) put A15 and A16 as the 

most influential in the ripple band. As for the Gamma band, Figure 6.7B 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 is the clear candidate for the SOZ. 
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Figure 6.7: Time-invariant gPDC connectogram for the 256 Hz dataset and Cluster 1. Causality 

represented in the black arrows, inflow, outflow and total influence from the innermost to the outermost 

rings. Analysis in the ripple events and network (highlighted with boldface labels) in different frequency 

bands: A) Ripple band. B) Gamma band. 

Figure 6.8 depicts a similar connectogram, this time for Cluster 2 and its corresponding 

ripple events and network. 

 

Figure 6.8: Time-invariant gPDC connectogram for the 256 Hz dataset and Cluster 2. Causality 

represented in the black arrows, inflow, outflow and total influence from the innermost to the 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 inspecting Figure 6.3, 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 influence for 

the same frequency band (see Figure 6.8A). The opposite is also valid; the channels 

(A2, A3, A18 and A19) with the highest causal outflow in Figure 6.8A and total 

influence in Figure 6.3 have low activity in the ripple band. Combined with the fact that 

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 network. In Figure 6.8A, 

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 events in Figure 6.3. The results in the Gamma band 

(Figure 6.8B) show two electrodes with no causal inflow however these present lower 

total influence values than A17. Considering these results, the inference of a SOZ 

candidate electrode or region is not possible. 

5 KHZ DATASET 

Figure 6.9 shows the connectogram for the 5 kHz dataset with the ripple events found in 

Section 3.2. From Figure 6.9A, channel A24 presents the highest total influence in the 

ripple band while Figure 6.9B 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 candidate 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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Figure 6.9: Time-invariant gPDC connectogram for the 5 kHz dataset network and every ripple event. 

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 previous events in subgroups with and 

without FRs. The resulting connectograms are shown in Figure 6.10. Interestingly, 

when only ripple events with fast ripples are analyzed, channel A15 is revealed as the 

most influential in both ripple and Gamma bands (Figures 6.10A and 6.10B) while the 

same occurs for channel A24, when only ripple events without fast ripples are used in 

the analysis (Figures 6.10C and 6.10D). Channel A16 remains as the holder of the 

highest gPDC value (to A8) in the Gamma band connectograms (Figures 6.10B 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. 



 

164 

 

 

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 rings. Analysis in different conditions: A) Only events with 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. 

6.3.3.2.TIME-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 ripple and Gamma bands and 

computing TVTI. The following results are the average TVTI matrices (channels vs. 

time) across selected ripple events. 
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256 HZ DATASET 

The average TVTI for the channels and ripple events pertaining to Cluster 1 are shown 

in Figure 6.11. It is evident that in both frequency bands, channel A16 is the first to 

present expressive values of TVTI but while in the Gamma band it is shortly followed 

by channel A7 (Figure 6.11B), in the ripple band a more interesting pattern occurs 

notably, with the adjacent channels A15 and A14. These results are in line with the 

time-invariant total influence presented in Figure 6.7 when suggesting channel A16 as 

the SOZ. 

 

Figure 6.11: Average TVTI of all the ripple events of Cluster 1 for its channels, in the 256 Hz dataset in 

different frequency bands: A) Ripple band. B) Gamma band. 

Cluster 2 results, presented in Figure 6.12, are not as consistent with the time-invariant 

counterparts in Figure 6.8, especially since channels A17 to A19 show little or none 

TVTI, but may improve the understanding of this causal network. As Figure 6.12A 

suggests, channel A2 is the first to show consistent TVTI in the ripple band (although 

A13 might have started before the analysis widow) followed by A12 and A3. In the 

Gamma band (Figure 6.12B), 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 in Figure 6.8A that channel A2 is a plausible candidate for the SOZ in the 

ripple band although results in the Gamma band are not supportive. 
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Figure 6.12: Average TVTI of all the ripple events of Cluster 2 for its channels, in the 256 Hz dataset in 

different frequency bands: A) Ripple band. B) Gamma band. 

5 KHZ 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 results of TVTI averaged for these two groups of events in Figure 6.13. Overall, 

channel A16 is seen with the first expressive TVTI values however, it is accompanied 

or closely followed by channels A15 and A24 (except in Figure 6.13B). This might be 

the reason why the latter channels have high values of influence in the time-invariant 

analysis from Figure 6.10. The reason channel A16 was not identified in that analysis 

and is here, might be due to the use of the DOI in the time-invariant procedure; if there 

were reciprocal causality between A15 and A16, and A15 were stronger, the causal 

relation from A16 would have to be removed from the adjacency matrix. The 

connectograms in Figure 6.10 have already narrowed the choice of SOZ candidates to 

A15, A16 and A24 and these results further suggest channel A16 as a SOZ candidate. 
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Figure 6.13: Average TVTI in the network attributed to the 5 kHz dataset in different conditions: A) Only 

events with 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. 

6.4. DISCUSSION 

Since this study is limited to a single patient, 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 between the functional activity of these two groups 

and in fact, their channels were separated in distinct components which further supports 



 

168 

 

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 the first epilepsy surgery. In light of recent developments that have been proposing 

FRs as biomarkers of epileptogenesis (Ibrahim et al., 2012; Jefferys et al., 2012; Wu et 

al., 2010; Zijlmans et al., 2012) the location of FRs in Figure 6.2B also supports the 

claim that the epileptogenic region was partially resected since electrodes A22 and A23 

were not included in the resection. 

Directed functional connectivity also provided interesting results. The time-invariant 

analysis of Cluster 1 and the 5 kHz dataset often elects channels A15, A16 and A24 as 

those with higher total influence. Furthermore, these channels are part of the restricted 

area where FRs were found which suggests that directed functional connectivity might 

have a similar faculty in identifying epileptogenesis, even when FRs are undetected 

both due to their absence or due to low sampling rate. Time-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 candidate in the 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 since it proposed distant 

channels as the most influential. Time-varying 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 be addressed. Although there 

are several directed functional causality metrics to choose from, and other recent 

strategies that combine indirect and direct relations (obtained with pairwise and 

pairwise-conditional GC respectively) to improve causality estimation (Stramaglia 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 metrics of out-degree in previous 

studies (van Mierlo et al., 2013). At first glance DTF combined with out-degree 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 our metric of 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 our proposal 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: time-invariant statistically significant causality values with 

DTF were lower than those with gPDC, DTF is not scale invariant as gPDC is (although 

DTF’s formulation can be modified for this purpose), indirect causal relations are not 

desirable for TVTI since its objective is to follow the causal propagation over time with 

direct connections.  

Spectral normalization is increasingly used since gPDC can yield high values even 

when spectral power is low (Plomp et al., 2014). Even so, it was only performed with 

time-varying gPDC because when applied in time-invariant gPDC it decreased its 

values to a considerable extent due to the vanishing of the spectral power in the ripple 

and Gamma bands after averaging the multi-trial data. Furthermore, Gamma band 

results should have been compared or statistically 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 the use 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 directed functional 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 spasms. We hope this work is a stepping stone for follow-up studies and 

also a suggestion that this problem requires a broad set of techniques from advanced 

time-frequency analysis, cluster analysis and time-varying causal influence metrics. 

Additionally, this analysis may be extended to data other than intracranial EEG 

recordings since ictal HFOs at 50-100 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 generators (Akiyama et al., 2005; Châtillon et al., 2011; 

Gotman, 2010) scalp EEG recordings from infantile 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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7. GENERAL DISCUSSION AND CONCLUSIONS 

Although neuroimaging studies have traditionally focused on the functional 

specialization of individual areas, their aim has been shifting towards the functional 

integration between ROIs or functionally segregated regions (Stephan and Roebroeck, 

2012). Therefore, besides studying which areas of the brain activate or deactivate in 

specific contexts, it has also been of interest to infer how information flows between 

these sites. Directed functional connectivity is one of the most widely used strategy to 

infer such knowledge however, it has faced context specific challenges that required 

thorough comprehension (Deshpande et al., 2009b; Seth et al., 2013; Smith et al., 2012, 

2010; Solo, 2007) and innovative solutions (Ancona et al., 2008; Dhamala et al., 2008; 

Marinazzo et al., 2012; Stramaglia et al., 2014a). This thesis aimed at offering such a 

contribution to the directed functional connectivity framework. 

Chapter 2 addressed one of the most relevant aspects common to these studies 

(Deshpande et al., 2009b; Seth et al., 2013; Valdes-Sosa et al., 2011), the generation of 

synthetic datasets used to test and benchmark connectivity metrics. In this chapter four 

popular generative models for LFPs were presented and tested for their capacity to 

modulate causal strength as a function of their parameters. Furthermore, the same 

analysis was performed on forward models applied to the synthetic LFPs in 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 metrics since it is 

desired that synthetic data reflects different levels of coupling and causal strength, 

common in neuronal datasets. Furthermore, the proposed generative models covered 

popular implementations of distinct nature, biophysical fidelity and computational 

complexity. AR models provide optimal control on the modulated causal relations since 

they allow for precise control of neuronal delays, causal strength and frequency content 

with low computational demand but limited biophysical meaning. On the other hand, 

Izhikevich columns offer the most biophysically realistic generative modeling but 

sacrifice the ability to directly model the causal influence strength and frequency 
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location and are more computationally demanding. The latter tradeoff however, is 

mitigated by taking advantage of the parallel processing power of the GPU in the 

distributed computation of spiking neuronal units. Coupled oscillators such as 

Kuramoto models and KIe,i sets offer an intermediate option between biophysical 

realism, simulation control and computational load which makes them useful candidates 

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 fMRI BOLD data. The use 

of these metrics with fMRI BOLD datasets had been afflicted by a well-funded 

skepticism concerning the low time sampling and SNR and variable vascular latency, 

commonplace in BOLD time-series (David et al., 2008; Smith et al., 2010). Most 

studies that dealt with these issues have been biased towards a limited subset of 

connectivity metrics and specific extreme worst and best case scenarios. The work 

presented in Chapter 3 aimed at balancing this bias by benchmarking a large family of 

metrics, found in popular neuroscience toolboxes or with in-house implementations, in a 

vast simulation experiment with more than 23.000 distinct scenarios, both 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, in realistic conditions, 

the neuronal delays of the underlying neuronal dynamics are in the order of the 

hundreds of milliseconds. With the eventual decrease in scanner TR and increase in 

SNR, or with proper hemodynamic deconvolution or other strategies to identify the 

vascular latencies, the window of possible neuronal delays can be lowered to the order 

of tens of milliseconds allowing these metrics to be used in most connectivity studies 

with fMRI data. 

Both Chapters 4 and 5 dealt with time-frequency distribution of directed functional 

connectivity with adaptive data analysis. In Chapter 4, the complex Hilbert-Huang 

spectrogram was introduced for the NP GC framework and used similarly to (Dhamala 

et al., 2008), in place of the WT, resulting in improved time and frequency distribution. 

Chapter 5 further 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 presented an all-encompassing study in order to cover all possible advantages 

and limitations of these techniques. Overall, it was found that some EMD algorithms, 

like NA-MEMD or SSWT, are more suited to be used with causal inference and, in 
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turn, that some connectivity metrics, like PDC or GGC, provide more accurate results 

when used in EMD decompositions. The results also showed that adaptive 

decomposition is far superior than digital filtering as a pre-processing step and that, by 

allocating the causal strength to the respective IMF's IF, an improved time-frequency 

representation can also be obtained, similarly to the results from Chapter 4. Overall, 

both chapters dealt with the issue of time-frequency resolution in directed functional 

connectivity but Chapter 5 goes further by validating the use of adaptive decomposition 

analysis prior to causality inference, which can be useful not only as a pre-processing 

technique but also as a way to target the connectivity analysis to pairs of IMFs with 

physical meaning. 

Finally, Chapter 6 employs state of the art directed functional connectivity techniques 

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 time-invariant analysis and other for time-varying analysis. These metrics aimed 

at identifying the channels with the highest causal influence as candidate SOZs. The 

SOZ of this patient had been clinically determined but in this study its location was 

reassessed with the current gold standard using ripple band mapping (Zijlmans et al., 

2012) and a promising new method of FR mapping (Wu et al., 2010). In this study FRs 

were identified and were, in fact, more selective than the ripples during epileptic 

spasms, thus hinting at their improved specificity in localizing the SOZ. However, by 

using directed functional connectivity metrics, the same specificity was achieved in 

recordings with a sample-rate 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 representation of total influence offers an alternative way for epilepsy 

clinicians to interpret the temporal evolution of seizures. Usually the identification of 

the SOZ with EEG (besides the remaining functional and structural imaging based 

diagnosis) relies on the visual inspection of EEG pages and tracking the channels with 

the earliest sign of ictal activity. This might lead to misleading SOZ identifications 

(Akiyama et al., 2011) for several reasons: temporal precedence does not imply 

causation and, some frequency specific content is not distinguishable with the standard 

temporal scales used in visual inspection. Nevertheless, epilepsy clinicians are 

proficient at evaluating this information and therefore, the proposed time-varying 

influence representation is suggested to be used as a complementary analysis since it 
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provides an alternative interpretation that informs about the temporal evolution of the 

frequency specific causal influence of each channel. 

Altogether, this thesis provided answers and solutions to current problems of directed 

functional connectivity in the analysis of fMRI and EEG data. Its contributions are 

complementary to some recent developments in this area. The analysis of BOLD fMRI 

has a promising future, not only due to instrumentation improvements (Boyacioğlu and 

Barth, 2012; Chang et al., 2013), but also due to methodological advances like the 

partial conditioned analysis (Marinazzo et al., 2012) and the estimation of GC from the 

DCM parameters (Friston et al., 2014a). Recent proposals from other leading authors in 

these area have suggested and detailed the use of GC metrics with SS models (Seth, 

2015; Solo, 2015) which may be synergetic with adaptive data analysis since the 

estimation of these models benefits from IMF time-series (Yinfeng et al., 2008). The 

interest in time-varying representation of causal relations is also increasing (Luo et al., 

2013a; Omidvarnia et al., 2014; Sommerlade et al., 2012; van Mierlo et al., 2013) and, 

although this thesis proposed a simple metric that is able to use the temporal evolution 

of causality to infer the total influence of each time-series variable, there are a number 

of other ways to explore this information rich representation in order to obtain 

additional information about the causal dynamics. Overall, the results from this thesis 

have offered an important contribution to this research area that, in light of the ongoing 

developments, are important future research lines. 
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