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Resumo

Esta dissertação insere-se no âmbito de um projeto de investigação, atualmente em curso no Insti-
tuto de Biofísica e Engenharia Biomédica (IBEB), dedicado ao desenvolvimento de um software para
construção de modelos personalizados do cérebro. Estes modelos permitirão prever respostas neuronais
mediante estimulação elétrica, recorrendo a dados de eletroencefalografia (EEG), de forma a otimizar
protocolos para o tratamento de patologias do foro neurológico com envolvimento das funções motoras.
O principal objetivo do trabalho de dissertação é o desenvolvimento de uma rede neuronal artificial que
represente os estados cerebrais associados a repouso e a execução motora. Um estado cerebral consiste
na dinâmica existente entre redes neuronais no córtex, sendo caracterizado por um padrão de atividade
elétrica, a conectividade funcional, que reflete a forma como estas redes comunicam e se organizam para
uma dada condição. Para calcular esta conectividade funcional, foram utilizados dados de EEG em in-
divíduos saudáveis recolhidos no IBEB. Os dados de EEG foram medidos durante diferentes atividades:
execução motora com a mão esquerda; execução motora com a mão direita; imagética motora com a mão
esquerda; imagética motora com a mão direita; período de repouso. O sinal EEG é medido no escalpe e
tem de ser transformado para o espaço cortical através de um processo chamado reconstrução do espaço
fonte ou problema inverso. Para realizá-lo foi utilizado o modelo “fsaverage”, um modelo de cabeça
genérico, obtido através da combinação de ressonâncias magnética dos cérebros de 40 sujeitos, junta-
mente com o algoritmo “eLORETA”. O cérebro é subdivido em várias regiões de interesse utilizando
o atlas cortical (ou parcelamento) "Desikan-Killiany", e para cada região é obtida uma série temporal
derivada do espaço fonte. A conectividade funcional, o modo como estes sinais interagem entre si, é
quantificada por 3 métricas com base na magnitude e na fase dos sinais para as bandas de frequência
alfa e beta, obtendo então matrizes de conectividade funcional que caracterizam os diferentes estados
cerebrais durante as várias atividades. Todo este processo foi realizado utilizando o software de código
aberto “MNE-Python”.

A conectividade funcional é analisada de 2 formas. Primeiro, uma análise geral é efetuada para
detetar diferenças entre as conectividades dos estados cerebrais, calculando a distância euclidiana entre
as conectividades médias de cada estado a cada frequência. Segue-se uma análise estatística na qual,
para uma ligação entre 2 regiões, um elemento da matriz de conectividade funcional, é executado um
teste de normalidade. Se a ligação para cada estado cerebral apresentar uma distribuição normal aplica-
se análise de variância (ANOVA) para verificar se existem diferenças entre os vários estados cerebrais.
Se for indicado que há uma diferença significativa é aplicado o teste de Tukey para identificar entre
que par de estados existe esta diferença para esta ligação. Se a distribuição não for normal é aplicado
o teste de Kruskal-Wallis para indicar se existe alguma diferença seguido pelo teste de Wilcoxon para
identificar entre que estados a diferença se manifesta. É também aplicada uma correção tendo em conta
a taxa de falsa descoberta (FDR). Isto é feito para todas as ligações, todas as bandas de frequências e
todos as métricas de conectividade. De forma geral, conclui-se que as maiores diferenças entre estados
cerebrais são maiores quando estados de execução ou imagética motora são comparados entre si, ao invés
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de quando comparados com o repouso. Em particular, os estados que demostraram ser mais diferentes
são a execução motora com mãos opostas, imagética motora com as mãos opostas e execução motora
com a mão esquerda face a imagética motora com a mão direita.

Com a conectividade funcional calculada e analisada é construída a rede neural artificial. Uma rede
é composta por nodos e as ligações entre os nodos. Cada nodo modela as dinâmicas locais da população
de neurónios de cada região de interesse. Para isto foi escolhida a forma normal da bifurcação de Hopf.
Este modelo de dinâmicas locais está estudado extensivamente, dada a sua grande relevância para esta
dissertação, bem como no estudo de estados cerebrais e as suas transições no contexto de várias patolo-
gias neurológicas como Alzheimers e Parkinson. As ligações entre cada nodo indicam a relação entre
as populações de neurónios de todas as regiões de interesse. Inicialmente estas ligações são modeladas
de forma a refletir a anatomia do cérbero. Para isto é utilizada a base de dados Braingraph para obter
1064 conectomas para o parcelamento cortical escolhido. Estes conectomas são baseados em scans de
MRI disponibilizados pelo Human Connectome Project (HCP). Cada conectoma contêm várias métricas
como o número de fibras entre as várias regiões. Foi criado um conectoma genérico com a média das
métricas dos 1064 conectomas. Este conectoma é chamado conectividade estrutural.

São simuladas várias séries temporais para cada nodo correspondentes aos dados empíricos, seg-
mentos de 4 s com aproximadamente 2000 pontos (o sinal EEG tem uma frequência de amostragem
de 500 Hz) e é calculada a conectividade entre os vários nodos, a conectividade funcional simulada.
Para calcular a semelhança entre as matrizes de conectividade funcional empírica e simulada são uti-
lizadas 4 métricas: a distância euclidiana, a distância de correção, a correlação de Pearson e o índice
de similaridade estrutural. Com base nestas várias métricas é feita uma exploração dos parâmetros do
modelo. É avaliado como variar cada parâmetro afeta a conectividade funcional simulada, a semelhança
entre a conectividade funcional simulada e empírica, o efeito de cada conectividade estrutural e se estes
parâmetros variam de forma diferente para diferentes variáveis como as métricas de conectividade fun-
cional, as bandas de frequência e os estados cerebrais. Com esta exploração inicial feita, a conectividade
entre os nodos do modelo é refinada de modo a refletir também a conectividade funcional e não só a
conectividade anatómica do cérebro, obtendo-se a conectividade efetiva. Após isto, é realizada outra vez
uma breve exploração dos parâmetros e é decidido o conjunto de parâmetros que melhor reproduzem a
conectividade funcional empírica. Como os parâmetros que maximizam a semelhança entre conectivi-
dades muitas vezes não são únicos, são também introduzidas outras métricas como a meta-estabilidade
e coerência globais e os estados probabilísticos metaestáveis resultantes da análise das dinâmicas dos
vetores próprios (LEiDA). Tendo em conta tudo isto, é ajustado um modelo final para cada frequência,
métrica de conectividade e estado cerebral.

O modelo final mostra a capacidade de reproduzir a conectividade funcional dos diferentes estados
cerebrais, para as diferentes métricas e frequências com um alto grau de semelhança. Os parâmetros,
fora algumas exceções, comportaram-se da forma esperada, sendo a implementação da conectividade
efetiva responsável pelo maior incremento entre a semelhança empírica e simulada. Entre as métricas de
semelhança destacou-se a distância euclidiana permitindo identificar um espaço de soluções muito mais
restrito face aos outros métodos. Existe também uma alta correlação entre as diferenças gerais calculadas
através da distância euclidiana para os dados empíricos e simulados. Para avaliar a semelhança entre as
duas análises estatísticas foram aplicadas métricas da matriz de confusão. Estas indicaram que o mod-
elo prevê com bastante precisão a maioria das diferenças significativas entre estados cerebrais, com um
desempenho ligeiramente melhor a simular as diferenças entre os estados cerebrais que demonstraram
as maiores diferenças. Portanto, o modelo reproduz as diferenças entre estados não só a um nível geral,
mas também ao nível de cada ligação individual entre regiões do cérebro. A coerência global é também
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modelada com sucesso permitindo estudar melhor os estados cerebrais. A meta-estabilidade e os estados
probabilísticos metaestáveis são métricas que representam o aspeto dinâmico do sistema e para ambas
foram obtidos resultados semelhantes. O modelo demonstra a capacidade de reproduzir os valores em-
píricos, mas não é possível restringire-lo a esses valores com os parâmetros disponíveis. Embora esta
tese se tenha centrado exclusivamente em dados de EEG relacionados a execução motora e imagética a
estrutura de modelação desenvolvida fornece uma base para aplicações mais amplas. Dado que o mod-
elo atual reproduz com sucesso os estados cerebrais e as suas diferenças em condições saudáveis — e
considerando que modelos baseados em Hopf já foram aplicados de forma eficaz para simular patologias
neurológicas e estimulação elétrica — espera-se que a extensão deste modelo permita estudar os estados
cerebrais patológicos efetivamente.

Palavras chave: Conectividade funcional, rede neuronal artificial, estados cerebrais
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Abstract

This thesis is part of an ongoing research project at the Instituto de Biofísica e Engenharia Biomédica
(IBEB), dedicated to developing software for constructing personalized brain models. These models
aim to predict neuronal responses to electrical stimulation using electroencephalography (EEG) data,
ultimately contributing to optimized therapeutic protocols for neurological disorders affecting motor
functions. The main objective is to develop a brain network model capable of representing brain states
associated with rest and motor execution. The EEG data used was collected from healthy right-handed
participants during five conditions: rest, left and right-hand motor execution, and left and right-hand
motor imagery. The EEG signals were preprocessed, transformed into cortical space using eLORETA
and the fsaverage head model, and then parcellated using the Desikan–Killiany atlas. Functional con-
nectivity (FC) was quantified through three metrics: Coherence (COH), phase locking value (PLV), and
amplitude envelope correlation (Pearson). Outside the FC, other relevant metrics used were global coher-
ence and metastability as well as the Probabilistic Metastable Substates (PMS) resulting from Leading
Eigenvector Dynamics Analysis (LEiDA). Analyzing the empirical data revealed that all brain states
are very similar. Global coherence, metastability and PMS showed no significant differences between
states. The FC reveals some slight differences which were most pronounced between motor tasks, partic-
ularly opposite-hand movements showed the highest differences. The final model accurately reproduces
empirical FC across tasks and frequencies, capturing not only overall similarities but also task-specific
differences with high sensitivity and precision. Fitting global coherence showed that right-handed move-
ments may require a higher degree of synchronization. While the model can reproduce the empirical
dynamic measures (metastability and PMS), they cannot be fitted precisely.

Keywords: Functional Connectivity, Brain network model, Brain states
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4.1 Resting State Functional Connectivity for subjects (n = 8) with z-score ≤ 2 and Euclidean
Distance≤ 15. The color scale on the right refers to the connectivity. Envelope varies
between −1 and 1 and has normalized to match the other metrics. . . . . . . . . . . . . 31

4.2 Grand average Functional Connectivity calculated in Resting State considering only the
selected subjects, for alpha, low beta and mid beta frequency bands. . . . . . . . . . . . 32

4.3 PLV FC difference between rest and other tasks. . . . . . . . . . . . . . . . . . . . . . . 33
4.4 Euclidean Distance between task’s FC for all frequency bands and methods . . . . . . . 34
4.5 Coherence and metastability box plots for every task and frequency band . . . . . . . . . 35
4.6 Probabilistic Metastable Substates obtained from Leading Eigenvector Dynamics Anal-

ysis. In the first row the connectome, showing only connections in the 95% percentile,
are shown. The second row displays connectivity matrix. . . . . . . . . . . . . . . . . . 36

4.7 Probability of each PMS occurring for each task and frequency band. . . . . . . . . . . . 37
4.8 Model behavior at 1 Hz and 10 Hz for the 3 regimes: noisy (a < 0), fluctuating (a = 0)

and oscillating (a > 0). At 10 Hz the model does not behave as expected and is always
oscillating . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.9 a values in which the model crosses the amplitude ratio threshold of 0.1, blue points, and
PSD peak ration threshold of 0.05, green points. As the frequency increases a lower a
value is required to reach the threshold. . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.10 Filtered average experimental signal and average simulated signal for determined a val-
ues. The solid black line corresponds to the average and the grey shade represents the
standard deviation. The simulated data’s number of epochs and length match the experi-
mental data’s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.11 G parameter exploration using FA mean as the adjacency connectivity matrix, C, for
every task at the alpha frequency and the respective supercritical bifurcation parameter.
Each color corresponds to a different task’s fit with a moving average filter and a dot on
the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . . . 40

4.12 a parameter exploration using FA mean as the adjacency connectivity matrix, C, for every
task at the alpha frequency. The g parameter was chosen for each structural connectivity
based on the previous g parameter exploration. Each color corresponds to a different
task’s fit with a moving average filter and a dot on the best fit point. The actual fits are
the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.13 EC fit for each SC and FC at the alpha frequency and respective supercritical bifurcation
parameter. Each color corresponds to a fit with a different SC starting point with a
moving average filter. The actual fit is displayed in a less opaque color. . . . . . . . . . . 42

4.14 EC fit for each task type and frequency at respective supercritical bifurcation parameter
and g = 1 using the COH FC. Each color corresponds to a fit with a different task type
with a moving average filter. The actual fit is displayed in a less opaque color. . . . . . . 43

4.15 EC matrix for each for each frequency and task type using the COH FC . . . . . . . . . 44

xiv



LIST OF FIGURES

4.16 Differences between REST EC matrix and every other tasktype for each frequency, EC
fitted using the COH FC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.17 G parameter exploration using EC as the adjacency connectivity matrix, C, for every task
and frequency band for the PLV FC metric. The a parameter is the bifurcation location
determined for each frequency band. Each color corresponds to a different task’s fit with
a moving average filter and a dot on the best fit point. The actual fit is displayed in a less
opaque color . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.18 a parameter exploration using EC as the adjacency connectivity matrix, C, for every
task and frequency band for the PLV FC metric. The G parameter was chosen for each
structural connectivity based on the previous G parameter exploration. Each color corre-
sponds to a different task’s fit with a moving average filter and a dot on the best fit point.
The actual fit is displayed in a less opaque color . . . . . . . . . . . . . . . . . . . . . . 46

4.19 COH EC coherence and metastability G parameter fit for each frequency and the respec-
tive critical bifurcation region parameter . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.20 G parameter value estimated from the linear fits ,shown in 4.19. . . . . . . . . . . . . . 48
4.21 G parameter exploration for each task and frequency band at the respective supercritical

bifurcation. Each color corresponds to a different task’s fit with a moving average filter.
The actual fit is displayed in a less opaque color . . . . . . . . . . . . . . . . . . . . . . 50

4.22 a parameter exploration for each task and frequency band with G = 1. Each color corre-
sponds to a different task’s fit with a moving average filter. The actual fit is displayed in
a less opaque color . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.23 Simulated FC for the alpha frequency band using: the number of fibers as adjacency
matrix, C, a = −4.5 and G = 4 (show on the first row); the Tract Lengths as adjacency
matrix, C, a = −4.5 and G = 1 (show on the second row); the FA mean as adjacency
matrix, C, a = −4.5 and G = 1 (show on the third row). On the last row the empirical
FC is displayed for comparison. Every FC was simulated according to the a and G
parameters that maximized similarity. The similarity between each simulated FC and the
empirical FC are displayed above them using the metrics mentioned 3.6 . . . . . . . . . 51

4.24 Euclidean Distance between each simulated task’s FC for all frequencies and methods . . 52

A.1 Resting State Functional Connectivity for all subjects . . . . . . . . . . . . . . . . . . . 67
A.2 COH FC during rest and other tasks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
A.3 PLV FC during rest and other tasks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
A.4 Envelope FC during rest and other tasks. . . . . . . . . . . . . . . . . . . . . . . . . . . 69
A.5 COH FC difference between rest and other tasks. . . . . . . . . . . . . . . . . . . . . . 69
A.6 PLV FC difference between rest and other tasks. . . . . . . . . . . . . . . . . . . . . . . 70
A.7 Envelope FC difference between rest and other tasks. . . . . . . . . . . . . . . . . . . . 70
A.8 Box plots of absolute significant differences for all task comparisons frequency bands

and FC metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
A.9 Coherence distribution for all events and frequency bands . . . . . . . . . . . . . . . . . 75
A.10 Metastability distribution for all events and frequency bands . . . . . . . . . . . . . . . 76

xv



LIST OF FIGURES

B.1 G parameter exploration using FA mean as the adjacency connectivity matrix, C, for
every task at the alpha frequency and the respective supercritical bifurcation parameter.
Each color corresponds to a different task’s fit with a moving average filter and a dot on
the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . . . 77

B.2 G parameter exploration using FA mean as the adjacency connectivity matrix, C, for ev-
ery task at the low beta frequency and the respective supercritical bifurcation parameter.
Each color corresponds to a different task’s fit with a moving average filter and a dot on
the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . . . 78

B.3 G parameter exploration using FA mean as the adjacency connectivity matrix, C, for ev-
ery task at the mid beta frequency and the respective supercritical bifurcation parameter.
Each color corresponds to a different task’s fit with a moving average filter and a dot on
the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . . . 78

B.4 G parameter exploration using Number of fibers as the adjacency connectivity matrix, C,
for every task at the alpha frequency and the respective supercritical bifurcation parame-
ter. Each color corresponds to a different task’s fit with a moving average filter and a dot
on the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . 79

B.5 G parameter exploration using Number of fibers as the adjacency connectivity matrix,
C, for every task at the low beta frequency and the respective supercritical bifurcation
parameter. Each color corresponds to a different task’s fit with a moving average filter
and a dot on the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . 79

B.6 G parameter exploration using Number of fibers as the adjacency connectivity matrix,
C, for every task at the mid beta frequency and the respective supercritical bifurcation
parameter. Each color corresponds to a different task’s fit with a moving average filter
and a dot on the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . 80

B.7 G parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for
every task at the alpha frequency and the respective supercritical bifurcation parameter.
Each color corresponds to a different task’s fit with a moving average filter and a dot on
the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . . . 80

B.8 G parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for
every task at the low beta frequency and the respective supercritical bifurcation parame-
ter. Each color corresponds to a different task’s fit with a moving average filter and a dot
on the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . 81

B.9 G parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for
every task at the mid beta frequency and the respective supercritical bifurcation parame-
ter. Each color corresponds to a different task’s fit with a moving average filter and a dot
on the best fit point. The actual fits are the shaded profiles. . . . . . . . . . . . . . . . . 81

B.10 a parameter exploration using FA mean as the adjacency connectivity matrix, C, for every
task at the alpha frequency. The g parameter was chosen for each structural connectivity
based on the previous g parameter exploration. Each color corresponds to a different
task’s fit with a moving average filter and a dot on the best fit point. The actual fits are
the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

xvi



LIST OF FIGURES

B.11 a parameter exploration using FA mean as the adjacency connectivity matrix, C, for
every task at the low beta frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

B.12 a parameter exploration using FA mean as the adjacency connectivity matrix, C, for
every task at the mid beta frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

B.13 a parameter exploration using Number of fibers as the adjacency connectivity matrix, C,
for every task at the alpha frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

B.14 a parameter exploration using Number of fibers as the adjacency connectivity matrix, C,
for every task at the low beta frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

B.15 a parameter exploration using Number of fibers as the adjacency connectivity matrix, C,
for every task at the mid beta frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

B.16 a parameter exploration using Tract lengths as the adjacency connectivity matrix, C,
for every task at the alpha frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

B.17 a parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for
every task at the low beta frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

B.18 a parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for
every task at the mid beta frequency. The g parameter was chosen for each structural
connectivity based on the previous g parameter exploration. Each color corresponds to a
different task’s fit with a moving average filter and a dot on the best fit point. The actual
fits are the shaded profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

B.19 EC fit for each task type and frequency at respective supercritical bifurcation parameter
and G = 1 using the COH FC. Each color corresponds to a fit with a different task type
with a moving average filter. The actual fit is displayed in a less opaque color. . . . . . . 87

xvii



LIST OF FIGURES

B.20 EC fit for each task type and frequency at respective supercritical bifurcation parameter
and G = 1 using the PLV FC. Each color corresponds to a fit with a different task type
with a moving average filter. The actual fit is displayed in a less opaque color. . . . . . . 87

B.21 EC fit for each task type and frequency at respective supercritical bifurcation parameter
and G = 1 using the Envelope FC. Each color corresponds to a fit with a different task
type with a moving average filter. The actual fit is displayed in a less opaque color. . . . 88

B.22 EC matrix for each for each frequency and task type using the COH FC . . . . . . . . . 88
B.23 Differences between REST EC matrix and every other tasktype for each frequency, EC

fitted using the COH FC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
B.24 EC matrix for each for each frequency and task type using the PLV FC . . . . . . . . . . 89
B.25 Differences between REST EC matrix and every other tasktype for each frequency, EC

fitted using the PLV FC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
B.26 EC matrix for each for each frequency and task type using the Envelope FC . . . . . . . 90
B.27 Differences between REST EC matrix and every other tasktype for each frequency, EC

fitted using the Envelope FC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
B.28 G parameter exploration using EC as the adjacency connectivity matrix, C, for every task

and frequency band for the COH FC metric. The a parameter is the bifurcation location
determined for each frequency band. Each color corresponds to a different task’s fit with
a moving average filter and a dot on the best fit point. The actual fit is displayed in a less
opaque color . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

B.29 G parameter exploration using EC as the adjacency connectivity matrix, C, for every
task and frequency band for the Envelope FC metric. The a parameter is the bifurcation
location determined for each frequency band. Each color corresponds to a different task’s
fit with a moving average filter and a dot on the best fit point. The actual fit is displayed
in a less opaque color . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

B.30 G parameter exploration using EC as the adjacency connectivity matrix, C, for every task
and frequency band for the PLV FC metric. The a parameter is the bifurcation location
determined for each frequency band. Each color corresponds to a different task’s fit with
a moving average filter and a dot on the best fit point. The actual fit is displayed in a less
opaque color . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

B.31 a parameter exploration using EC as the adjacency connectivity matrix, C, for every
task and frequency band for the COH FC metric. The G parameter was chosen for
each structural connectivity based on the previous G parameter exploration. Each color
corresponds to a different task’s fit with a moving average filter and a dot on the best fit
point. The actual fit is displayed in a less opaque color . . . . . . . . . . . . . . . . . . 93

B.32 a parameter exploration using EC as the adjacency connectivity matrix, C, for every
task and frequency band for the Envelope FC metric. The G parameter was chosen for
each structural connectivity based on the previous G parameter exploration. Each color
corresponds to a different task’s fit with a moving average filter and a dot on the best fit
point. The actual fit is displayed in a less opaque color . . . . . . . . . . . . . . . . . . 93

B.33 a parameter exploration using EC as the adjacency connectivity matrix, C, for every
task and frequency band for the PLV FC metric. The G parameter was chosen for each
structural connectivity based on the previous G parameter exploration. Each color corre-
sponds to a different task’s fit with a moving average filter and a dot on the best fit point.
The actual fit is displayed in a less opaque color . . . . . . . . . . . . . . . . . . . . . . 94

xviii



LIST OF FIGURES

B.34 COH EC coherence and metastability G parameter fit for each frequency and the respec-
tive critical bifurcation region parameter. . . . . . . . . . . . . . . . . . . . . . . . . . . 95

B.35 Envelope EC coherence and metastability G parameter fit for each frequency and the
respective critical bifurcation region parameter. . . . . . . . . . . . . . . . . . . . . . . 95

B.36 PLV EC coherence and metastability G parameter fit for each frequency and the respec-
tive critical bifurcation region parameter. . . . . . . . . . . . . . . . . . . . . . . . . . . 96

B.37 G parameter value estimated from the linear fits, shown in figure B.34. . . . . . . . . . . 96
B.38 G parameter value estimated from the linear fits, shown in figure B.35. . . . . . . . . . . 97
B.39 G parameter value estimated from the linear fits, shown in figure B.36. . . . . . . . . . . 97
B.40 Box plots of absolute significant simulated differences for all task comparisons frequency

bands and FC metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

xix



xx



List of Tables

2.1 Examples of academic and commercial software packages that offer EEG source local-
ization tools (Adapted from Michel et al. [68]) . . . . . . . . . . . . . . . . . . . . . . . 8

3.1 Anatomical labels for the 68 regions in the Desikan-Killiany parcellation. The two region
numbers per line refer to right and left hemisphere respectively. . . . . . . . . . . . . . . 19

3.2 Relevant attributes from the braingraph dataset and their role on the graph . . . . . . . . 21
3.3 Comparison between different models of whole-bran resting-state activity (Adapted from

Cabral et al. [21]) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

4.1 Euclidean Distance between task’s FC for all frequency bands and metrics with green
and blue being values above 50th and 90th percentile for each metric, respectively. . . . 33

4.2 Average absolute FC task differences for all metrics and frequency bands. Only statistical
significant differences (α < 0.05) were considered . . . . . . . . . . . . . . . . . . . . 34

4.3 a and G parameter exploration summary, best similarity metric values, averaged across
different explored variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.4 Euclidean Distance between task’s EC for all frequency bands and methods with green
and blue being values above 50th and 90th percentile of each method . . . . . . . . . . . 45

4.5 Summary of a and G parameter exploration with EC. Best similarity metric values, aver-
aged across different explored variables . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.6 Estimated G values from coherence fitting . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.7 Estimated G values from metastability fitting . . . . . . . . . . . . . . . . . . . . . . . 49
4.8 Task differences in estimated G (coherence), significant differences (α < 0.05) are dis-

played in bold . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.9 Significant task differences in estimated G (metastability), significant differences (α <

0.05) are displayed in bold . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.10 Euclidean Distance between simulated task’s FC for all frequency bands and methods

with green and blue being values above 50th and 90th percentile of each method . . . . . 53
4.11 Pearson Correlation Coefficient between simulated and empirical task comparison ED

shown in 4.24 and 4.4 respectively . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.12 Average absolute simulated FC task differences for all metrics and frequency bands.

Only statistical significant differences (α < 0.05) were considered . . . . . . . . . . . . 53
4.13 Average overlap metrics for each task comparison, FC method, and frequency band . . . 54

A.1 COH alpha FC difference between tasks in all node connections. All FC diferences are
statistically significant (α < 0.05) and > 0.175. . . . . . . . . . . . . . . . . . . . . . . 71

xxi



LIST OF TABLES

A.2 COH low beta FC difference between tasks in all node connections. All FC diferences
are statistically significant (α < 0.05) and > 0.175. . . . . . . . . . . . . . . . . . . . . 71

A.3 COH mid beta FC difference between tasks in all node connections. All FC diferences
are statistically significant (α < 0.05) and > 0.175. . . . . . . . . . . . . . . . . . . . . 72

A.4 PLV alpha FC difference between tasks in all node connections. All FC diferences are
statistically significant (α < 0.05) and > 0.2. . . . . . . . . . . . . . . . . . . . . . . . . 72

A.5 PLV low beta FC difference between tasks in all node connections. All FC diferences
are statistically significant (α < 0.05) and > 0.2. . . . . . . . . . . . . . . . . . . . . . . 73

A.6 PLV mid beta FC difference between tasks in all node connections. All FC diferences
are statistically significant (α < 0.05) and > 0.2. . . . . . . . . . . . . . . . . . . . . . . 73

A.7 Envelope alpha FC difference between tasks in all node connections. All FC diferences
are statistically significant (α < 0.05) and > 0.12. . . . . . . . . . . . . . . . . . . . . . 73

A.8 Envelope low beta FC difference between tasks in all node connections. All FC difer-
ences are statistically significant (α < 0.05) and > 0.12. . . . . . . . . . . . . . . . . . . 74

A.9 Envelope mid beta FC difference between tasks in all node connections. All FC difer-
ences are statistically significant (α < 0.05) and > 0.12. . . . . . . . . . . . . . . . . . . 74

B.1 Simulated Node Connections with significant diferences (α < 0.05 and differ-
ence>0.115) for COH alpha . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

B.2 Simulated Node Connections with significant diferences (α < 0.05 and differ-
ence>0.115) for COH low beta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

B.3 Simulated Node Connections with significant diferences (α < 0.05 and differ-
ence>0.115) for COH mid beta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

B.4 Simulated Node Connections with significant diferences (α < 0.05 and difference>0.12)
for PLV alpha . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

B.5 Simulated Node Connections with significant diferences (α < 0.05 and difference>0.12)
for PLV low beta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

B.6 Simulated Node Connections with significant diferences (α < 0.05 and difference>0.12)
for PLV mid beta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

B.7 Simulated Node Connections with significant diferences (α < 0.05 and differ-
ence>0.065) for Envelope alpha . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

B.8 Simulated Node Connections with significant diferences (α < 0.05 and differ-
ence>0.065) for Envelope low beta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

B.9 Simulated Node Connections with significant diferences (α < 0.05 and differ-
ence>0.065) for Envelope mid beta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

B.10 Overlap between empirical and simulated connections that show significant differences
for each frequency, method and task comparison. Only significant overlap metrics (α <

0.05) are shown . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

xxii



List of Acronyms

ANOVA Analysis of Variance. 29

BEM Boundary Element Method. xiii, 6, 16

BNM Brain Network Model. 1, 2, 9, 10, 21, 55

COH Coherence. xiv, xv, xvii–xix, xxi, xxii, 11, 27, 33, 40, 42–45, 47, 52, 54, 55, 68, 69, 71, 72,
87–89, 91, 93, 95, 98

dCor Distance Correlation. 25, 26

DTI Diffusion Tensor Imaging. 9, 10

DWI Diffusion Weighted Magnetic Resonance Imaging. 10

EC Effective Connectivity Matrix. xii, xxi, 10, 22, 24, 26, 42, 43, 45, 91, 93

EC Effective Connectivity. xii, xiv, xv, xvii–xix, xxi, 10, 24, 25, 42–47, 51, 55, 56, 86–96

ED Euclidean Distance. xiv, xv, xxi, 25, 28, 29, 31–34, 40, 43, 45, 52, 53, 55, 56

EEG Electroencephalogram. 3

EEG Electroencephalography. xiii, 1–3, 5–7, 9, 13–15, 18, 22, 25, 27, 55, 56

eLORETA Exact Low Resolution Electromagnetic Tomography. 7, 18

Envelope Envelope Functional Connectivity. xiv, xv, xviii, xix, xxii, 12, 31, 33, 34, 40, 45, 53–55, 69,
70, 73, 74, 88, 90–93, 95, 100, 101

FA mean mean of the fractional anisotropies of the fibers. xiv, 21, 40, 55, 86

FC Functional Connectivity Matrix. xiv, xv, xxi, 10, 25, 28, 29, 33, 34, 52, 53

FC Functional Connectivity. xiii–xv, xvii–xix, xxi, xxii, 1, 10–13, 22, 24–29, 31–34, 40, 42–47, 49, 51,
53–56, 67–75, 77, 86–94, 97, 101

FDR False Discovery Rate. 29, 54

FEM Finite Element Method. 6

fMRI Functional Magnetic Resonance Imaging. 1, 5, 9, 22, 27, 55, 56

xxiii



List of Acronyms

FN False Negative. 29

FP False Positive. 29

GFP Global Field Power. xiii, 17

HCP Human Connectome Project. 21

IBEB Instituto de Biofísica e Engenharia Biomédica. 1, 13

ICA Independent Component Analysis. 14

ICP Iterative Closest Point. 16

KL Symmetrized Kullback-Leibler Divergence. 28

KOP Kuramoto Order Parameter. 26, 27, 56

LEiDA Leading Eigenvector Dynamics Analysis. xiv, 24, 25, 27, 28, 35, 36, 50, 56

LORETA Low Resolution Electromagnetic Tomography. 7

ME Motor Execution. xiii, 2, 13, 33, 56, 67

MEG Magnetoencephalography. 1, 5, 18, 22

MEL Motor Execution Left. 13, 14

MER Motor Execution Right. 13, 14

MFM Mean Field Model. 8

MI Motor Imagery. xiii, 2, 13, 33, 56, 67

MIL Motor Imagery Left. 13, 14

MIR Motor Imagery Right. 13, 14

MNE Minimum Norm Estimation. 7

MNE-Python MNE-Python. 7, 12, 14, 16, 17, 20

MRI Magnetic Resonance Imaging. 6, 15, 16, 18, 21

NFM Neural Field Model. 8, 9

NMW Neural Mass Model. 8

NPV Negative Predictive Value. 29, 54

PCC Pearson Correlation Coefficient. xxi, 11, 12, 25, 26, 53

PLV Phase-Locking Value. xiv, xv, xviii, xix, xxii, 11, 12, 32–34, 40, 45, 46, 52, 53, 55, 68, 70, 72, 73,
87, 89, 90, 92, 94, 96, 99, 100

xxiv



List of Acronyms

PMS Probabilistic Metastable Substates. xiv, 24, 28, 35–37, 50, 56

PPV Positive Predictive Value. 29, 54

PSD Power Spectral Density. xiv, 24, 38, 39

PSP postsynaptic potentials. 3

REST Resting State. xiv, xv, xviii, 2, 13, 14, 31–34, 43, 44, 51–54, 56, 67, 86, 89–91

ROI Regions of Interest. 10

SC Structural Connectivity Matrix. xiv, 10, 21, 22, 24

SC Structural Connectivity. xii, xiv, 1, 10, 24–26, 40, 42, 45, 51, 55, 77, 79, 81, 83, 85, 86

sLORETA Standardized Low Resolution Electromagnetic Tomography. 7

SSIM Structure Similarity Index. 25

tDCS Transcranial Direct Current Stimulation. xiii, 13, 14

TN True Negative. 29

TNR True Negative Rate. 29, 54

TP True Positive. 29, 54

TPR True Positive Rate. 29, 54

Tukey’s HSD Tukey’s HSD (honestly significant difference) test. 29

WBM Whole Brain Model. 8

WMN Weighted Minimum Norm. 7

xxv



xxvi



Chapter 1

Introduction

Brain states refer to distinct patterns of neural activity associated with different levels of conscious-
ness, cognitive functions, or pathological conditions and can be characterized by Functional Connectivity
(FC), which quantifies the patterns of synchronization between brain regions, often using coherence or
phase-locking metrics. It is understood that these states emerge from the dynamic interactions of neuron
populations in a synchronous fashion. These electrical signals are detected in the scalp by EEG, in the
form of oscillations. These oscillations can be modelled considering theories of volume conduction in
biological tissues. However, there are several factors that impact the accuracy of forward (from source to
sensor) and inverse (from sensor to source) modelling of signal propagation in the brain. The problem of
source estimation, i.e. estimating the sources of the brain activity at the scalp, is also an ill-posed prob-
lem as the solution is not unique. Solutions that rely on different models, assumptions and algorithms
exist, however it is unclear which one is the best and under which circumstances should it be used. Be-
sides the relevant signal being a attenuated and distorted by other tissues, EEG is also sensitive to other
non-relevant components such as muscle activity, eye movements, heartbeat and even environmental fac-
tors. These components introduce artifacts in measured data that require extensive preprocessing. All
these issues add up to make the development of a realistic modelling pipeline of brain states a complex
challenge.

In Brain Network Models, the brain is divided into regions, represented by nodes whose local activity
is described by mathematical equations. Nodes are connected by edges derived from anatomical charac-
teristics of the brain, Structural Connectivity (SC), Functional Connectivity or both. BNMs have been
used to study how FC and SC are linked to search for a characterization of the intricacies of different
brain states. Clinically, BNMs have provided insights into the biology of various neuropathologies like
Epilepsy, Stroke, Traumatic Brain Injury, Alzheimer’s Disease, Schizophrenia and Disorders of Con-
sciousness. Despite this, there are several obstacles associated with this kind of modeling, in addition to
the difficulties added by the methods used to obtain the modelling data such as EEG, Functional Mag-
netic Resonance Imaging (fMRI) or Magnetoencephalography (MEG). Many models have been posed
to describe the dynamics of connections between nodes, involving multiple parameters with no unique
solution. Different metrics can be also be modelled.Functional Connectivity alone, usually the most
important or even only metric, can be calculated using various methods. Overall the entire process of
comparison and modelling can be very perplexing, especially regarding task-based connectivity. One
particular obstacle to note is that literature involving Brain network modelling based on EEG is sparse,
as most studies use fMRI data.

This thesis is inserted in an ongoing investigation project at Instituto de Biofísica e Engenharia
Biomédica (IBEB), dedicated to the development of personalized brain models that will allow for the
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1. INTRODUCTION

modulation of neuronal responses measured by Electroencephalography (EEG), with the goal of opti-
mizing treatment protocols targeting motor involvement in neurological pathologies. The main goal of
this thesis is the development of a Brain Network Model (BNM) that simulates the brain states associ-
ated with Resting State (REST), Motor Execution (ME) and Motor Imagery (MI), to serve as a future
framework to optimize stimulation delivery to repair brain states associated with motor impairments.
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Chapter 2

Scientific Background

2.1 Electroencephalography

Electroencephalography (EEG), is a noninvasive neuroimaging technique that records the electrical
activity of the brain by placing electrodes on the scalp. The electrical signals generated by neurons are
transmitted through the conductive properties of the head and brain tissues, a phenomenon known as
volume conduction, detected by the electrodes. The signals are read as eletric potentials and recorded
over time in the form of an Electroencephalogram (EEG) [2, 18, 65, 19, 85, 50].

EEG is widely used in clinical settings and research to study brain activity and diagnose various
neurological conditions due to its noninvasive nature and relatively low cost. Other than research, some
of the primary applications of EEG include diagnosing: epilepsy, sleep disorders, depth of anesthesia,
coma and encephalopathies, brain death [2, 50].

Neurons are cells responsible for encoding, transmitting, and integrating signals originating the ner-
vous system. The exchange of information within and between neurons involves changes in the mem-
brane potential defined by the difference between the electric potentials at the intracellular and extracellu-
lar regions (Vint −Vext). When a neuron is activated, transient changes are induced in its resting membrane
potential called postsynaptic potentials (PSP). The PSP are generated by interacting pyramidal cells, or
pyramidal neurons.

These potential changes are controlled by changing the concentration of ions, namely Na+, Cl−, and
K+, inside and outside the neuron. This flux of ions is controlled through ion channels present in the
membrane, that open or close depending on the membrane potential and presence of specific neurotrans-
mitters (dopamine, epinephrine, acetylcholine, etc). Neurotransmitters are produced by neurons when
synaptic transmissions occur to induce changes in connected neurons [2, 18, 14, 50] .

An action potential can occur when the summation of incoming PSP reaches a certain threshold
producing a spike or impulse. PSP can be either excitatory or inhibitory, bringing the neuron closer to
or further from this firing threshold. Due to the very complex geometrical configuration of the electric
currents arriving at neurons, with currents of opposite charges nearby, signals originated from action
potentials are heavily decreased with distance and overwhelmed by postsynaptic potentials, thus the
latter are the main source of cortical potentials measured by EEG [18, 14, 76, 19, 30, 50].

The PSP that EEG is capable of detecting are those generated by neuron populations where individual
neurons are active in a synchronous, or close to, state, over a volume of cross-section of roughly 6
cm2. This detected synchronous activity is seen in EEG as oscillations. The spectral properties of these
oscillations or brain waves depend on the cell types and their connectivity and also reflect the brain state.

It is commonly established that brain waves are divided by their frequency into five main bands,
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2. SCIENTIFIC BACKGROUND

shown in figure 2.1, which are delta (δ ) 0.5–4 Hz, theta (θ ) 4–8 Hz, alpha (α) 8–12 Hz, beta (β ) 12–35
Hz and gamma (γ) > 35Hz.

Alpha brain waves can be detected during wakeful mental and physical relaxation with closed eyes,
when the brain is in an idle state without actively concentrating. The suppression of alpha waves is a
valid signal of a more active and engaged brain state.

Beta brain waves are generally known to be correlated with active, busy or anxious thinking and
active concentration and can become stronger as we plan or execute movements.

Delta waves are associated with deep dreamless sleep and unconsciousness and theta waves with
deep relaxation, creativity, intuition, dreaming, and fantasizing [18, 14, 50, 2, 3, 81, 80, 79, 19].

Figure 2.1: Brain wave samples with dominant frequencies belonging to beta, alpha, theta, and delta bands and gamma waves
(Adapted fromAbhang et al. [2]).
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2.2 Source Estimation

2.2 Source Estimation

Regardless of the neuroimaging method used, whether it is Functional Magnetic Resonance Imaging
(fMRI), Electroencephalography (EEG), or Magnetoencephalography (MEG), the resulting data does
not directly represent neural activity. Instead, it reflects indirect measurements related to neural activity.
To study and model the neural activity, further steps must be taken. For EEG, this process is known as
source estimation.

EEG signals arise from a combination of neural activity originating from various brain regions ad-
dressed as sources, depicted in figure 2.2. Source estimation, also known as inverse modeling, tackles
the task of deciphering the spatio-temporal patterns of neural activity based on these recorded signals.
The main objective is to, either pinpoint the regions in the brain that give rise to the observed MEG and
EEG signals, an aspect of source estimation that is commonly referred to as source localization, or dis-
entangling the individual contributions from different brain regions in the recorded time-varying signals,
the latter is often emphasized as spatio-temporal imaging [4, 30, 71, 51, 69, 68, 70, 41, 74, 48, 53, 54,
7].

Figure 2.2: EEG electrodes and intracranial sources

2.2.1 EEG Forward Problem

Before source estimation, we must first examine the forward problem, which, in this context, refers
to the calculation of the potential detected in the scalp produced by a given source in the brain. To solve
the forward problem, we first begin by taking into account that sources can be modeled as dipoles. As
mentioned before, the potential detected in the scalp is mainly the synchronized post-synaptic potential
generated by pyramid neurons. Due to the structure of pyramid neurons and some other characteristics
such currents can be viewed as a pair of monopoles, a current sink and a source, originating a dipole. Be-
ing able to describe the sources, we must next construct a head model where to put those sources, taking
into account the geometry and conductivity of the different tissues such as the scalp, skull, cerebrospinal
fluid and cortex, since the differences between them cause the electric potential generated by the sources
to propagate in non-uniform manner. One of the most used head models with an analytical solution is
the three layer spherical head model, shown in figure 2.3, where the skull is composed of 3 concentric
spheres, each with isotropic conductivity.

5



2. SCIENTIFIC BACKGROUND

Figure 2.3: The Three layer model (Adapted from Hallez et al. [51]).

For a more precise estimation, realistic head models have been used recently, with more accurate
geometric and conductive properties. Analytical solutions were replaced by numerical methods, of which
the 2 most common are the Boundary Element Method (BEM) and the Finite Element Method (FEM).
BEM is a 2 dimensional approach that is currently the most widely used solution, allowing for the
integration of anatomical details of the head and key conductivity characteristics such as those of the
brain, skull, and scalp into EEG forward solutions. In BEM the surfaces between various head tissues
are modeled by using a mesh of triangles, as shown in figure 2.4, encompassing interfaces like air/scalp,
scalp/skull, and skull/brain. Each tissue type must be electrically homogeneous and isotropic, with
distinct conductivity values assigned to them.

Figure 2.4: Example mesh of a human head used in BEM (Adapted from Hallez et al. [51])

FEM is 3 dimensional and requires the modeling of the entire volume, however it allows for tissues
to have an heterogeneous conductivity, even accommodating anisotropic conduction distributions char-
acteristic of the white matter. It is generally assumed to have an higher computational requirement and so
less widespread than BEM. Both these numerical techniques allow for the incorporation of the subject’s
anatomical information using methods such as Magnetic Resonance Imaging (MRI) [71, 51, 4, 30].

Having implemented a head model and taking into account the position of the electrons on the head
we can determine the EEG forward solution, by calculating the Gain or Lead Field matrix, which relates
the source activity and the electrical potential detected at the scalp.
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2.2.2 EEG Inverse Problem

After having calculated the forward solution we can do the opposite, i.e. estimate the source activity
that would give rise to a certain scalp potential, and solve the inverse problem (hence why source estima-
tion is also known as inverse modeling). Unlike the forward problem, solving the inverse problem does
not lead to a unique solution, rather to a large number of source distributions, all resulting in the same
scalp potential. The possible distributions are many times unstable and small changes can lead to very
different results. Due to these reasons, it is commonly described as an ill-posed problem. This may be
due to the fact that the forward problem is mainly focused on geometry and other properties like con-
ductivity, while the inverse problem is focused on making a priori assumptions and constraints whether
they be purely mathematical, making use of estimation and statistical theory, or based on biophysical or
physiological information to narrow down a unique solution.

The classic approach to solve the inverse problem is the localization of a limited number of dipoles.
This number should be inferior or equal to the number of electrodes or sensors to allow for a unique
solution, and it is further limited by the non-linear complexity of the chosen algorithm. The number of
dipole sources cannot, in most cases, be determined a priori and using more or less sources may impact
estimates, so this approach is more and more frequently replaced by methods that do not require a priori
constrains on the number of sources, the so called distributed source localization methods.

These methods use a large amount of sources, at least 5000, with their distribution around the brain,
designated as the source space, usually constrained to the gray matter or cortex. As the source num-
ber is higher than the number of sensors, even taking into account other anatomical and physiological
constraints, the solution is undetermined and requires further assumptions. One of the first and most
popular approaches is the Minimum Norm Estimation (MNE). In this method, the solution that mini-
mizes the overall current intensity is chosen (the least square solution of the minimum norm), ending
up favoring more superficial sources, since these are naturally closer to the sensors. To mitigate this,
Weighted Minimum Norm (WMN) methods were introduced. From these a particular method stands
out, the Low Resolution Electromagnetic Tomography (LORETA), where the additional constraint of
minimizing the Laplacian of the sources is added leading to a smoother and more coherent current den-
sity, but also allowing for blurred and over-smoothed solution. Upgraded versions of LORETA have been
implemented, namely Standardized Low Resolution Electromagnetic Tomography (sLORETA), and Ex-
act Low Resolution Electromagnetic Tomography (eLORETA). Table 2.1 contains a table listing some
software packages that offer EEG source localization tools and the available inverse models. In this the-
sis, the MNE-Python package [62, 47] was used for source estimation combined with other open-source
solutions [4, 69, 68, 70, 41, 74, 48, 53, 54, 7].
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2. SCIENTIFIC BACKGROUND

Figure 2.5: Illustration of computational models at the three scales (Adapted from [46])

Table 2.1: Examples of academic and commercial software packages that offer EEG source localization tools (Adapted from
Michel et al. [68])

2.3 Computational Models

According to Glomb et al. [46], computational models can be classified into 3 distinct types, depend-
ing on the scale of the neuro-physiological activity they attempt to integrate, the level of abstraction and
the different aspects of neural systems they replicate (Figure 2.5).

Microscopic models describe individual neurons or micro circuits, composed by populations of in-
terconnected individual neurons.

Mesoscopic models or Mean Field Model (MFM) describe a large population of neurons by its
average properties and interactions, such as mean firing rate, and evolution in space and time. It is based
on the mean field approximation, a concept from statistical physics for studying large-scale complex
systems that are computationally or analytically intractable. Generally, MFM can be divided into two
types: Neural Mass Model (NMW), where variables characterizing neural activity depend only on time;
Neural Field Model (NFM), where variables are a function on time and space.

Macroscopic models, also called Whole Brain Model (WBM), integrate some or all large-scale sys-
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2.3 Computational Models

Figure 2.6: Requirements to implement a whole-brain model (Adaped from [59])

tems that support brain function and can, in general, be split into two types: Brain Network Model
(BNM), in which the brain is conceptualized as a discrete network of coupled nodes, where each node
emulates the local population dynamics and the coupling between reflects the brain connectome (figure
2.6); Large scale NFM, where the entire cortex is treated as a spatially continuous sheet.

An advantage BNM have over NFM is the insertion of crucial medical observables like structural
connectivity, functional correlations between different brain regions or the distribution of cell types that
could not be expressed in mathematical expressions, allowing the use of patient-specific neuroimaging
data (e.g., DTI, fMRI, connectivity) facilitating precision medicine.

Despite the name “Whole-brain” models do not typically model the entire brain, but only parts of it,
like the cerebral cortex or a single cortical hemisphere, excluding subcortical regions. The role of sub-
cortical regions in whole brain computational models is not well studied. There are several reasons why
subcortical regions have been overlooked or excluded in some computational models. One reason is the
complexity of subcortical structures, which consist of diverse nuclei and intricate connections. Modeling
and incorporating this complexity into whole brain models can be challenging and computationally de-
manding. Additionally, the availability and quality of data for subcortical regions are often more limited
compared to cortical regions. Techniques like fMRI orEEG have spatial limitations and may not capture
subcortical activity as effectively as cortical activity. This data limitation can hinder the inclusion of
subcortical regions in computational models. For those reasons, these structures are often excluded from
BNM and thus will also be excluded from our study.

However, it is important to note that there has been growing recognition of the significance of sub-
cortical regions in recent years. Researchers are increasingly exploring the role of subcortical structures
in whole brain computational models to gain a more comprehensive understanding of brain function.
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Advances in imaging techniques, such as Diffusion Tensor Imaging (DTI) and deep brain stimulation,
have provided new avenues for investigating subcortical regions and their contributions to brain dynam-
ics. So, while the subcortical regions are not included in this model for the previous mentioned reasons,
it can be a future avenue of research [60, 72, 75, 82, 46, 16, 59, 31].

2.4 Brain network models

In the BNM framework, the brain is parcellated into various Regions of Interest (ROI) and concep-
tualized as a network of nodes, where each node represents the activity of individual ROI and can be
influenced by coupling from other brain regions, noise and/or external inputs. In practice, these ROI are
defined according to an existing brain atlas also known as a parcellation.

Several methods of describing node dynamics exist, according to various degrees of abstractness,
ranging from purely phenomenological to biological accurate, the kind of data we want to model, such
as resting state, specific activities, epileptic seizures, data from subjects with Alzheimer’s. Though it may
vary depending on the model and fitting method, the coupling between these nodes is determined mainly
by their connectivity, whereas it may be the Structural Connectivity (SC), the Functional Connectivity
(FC) or a combination of both the Effective Connectivity (EC).

As aforementioned, the coordinated activity of multiple brain regions underlies various brain func-
tions such as cognition, behavior, and perception. Brain connectivity measures are employed to under-
stand how these regions interact as a network. These measures explore the relationships between brain
regions, distinguishing between the different types of connectivity (SC, FC and EC).

Structural Connectivity refers to the physical connections formed by fiber pathways in the brain
(eg. white matter tracts) between different regions, the actual anatomical links. SC is measured using
Diffusion Weighted Magnetic Resonance Imaging (DWI). From DWI data, a weighted matrix can be
derived through tractography, the Structural Connectivity Matrix (SC).

Functional Connectivity, on the other hand, examines non-directed statistical associations and depen-
dencies between brain regions. It focuses on the patterns of activity across regions without considering
any causal/implicit relationships between them. Numerous metrics are accessible to assess these depen-
dencies resulting in a Functional Connectivity Matrix (FC).

Effective Connectivity refers to the optimal strengths of connections between regions in a model,
which give rise to the observed FC. In this context, we define EC as the amalgamation of anatomical
connectivity and connection weights (synaptic conductivity or the effectiveness of synaptic connections).
The Effective Connectivity Matrix (EC) represents, as the name implies, the effective connection between
distinct brain areas. Besides using EC as a parameter from which we can draw conclusions, it can also
be used to fine-tune models, Friston [45].

Recent comparisons between connectomes, generated using diffusion tractography-based techniques
and neuroanatomical tracer studies, have revealed that even state-of-the-art tractography methods may
fail to detect all neuroanatomical pathways and their corresponding connection strengths. Still, many of
these issues can be overcame with the use of model-based estimates of the effective connectivity, where
measures of Functional Connectivity can enhance and supplement the anatomical Structural Connectiv-
ity.

As explained in section 2.1, while brain activity can be interpreted and studied at several scales,
at the scale BNMs are designed, brain activity is mostly resulting from synchronous activation of neu-
ron populations across brain regions. Hence, the brain activity associated with different brain states is
characterized by the Functional Connectivity and BNMs generally attempt to reflect this metric.
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The typical modeling approach, of which an example is shown in figure 2.7, consists of simulating
data and computing a certain feature, normally the FC, and then adjusting the model parameters to
enhance correlation between the empirical and simulated data. A fitted model can then be used to test
several hypotheses, or the modeled parameters studied to get a better understanding of the modeled brain
state. There are several successful clinical applications such as locating the origin of epileptic seizures in
the brain, predict the chronic effects resulting from traumatic brain injuries and many more [60, 72, 75,
82, 46, 16, 59, 31].

Figure 2.7: Typical modeling approach using FC (Adapted from [46]))

2.5 Functional Connectivity Metrics

To compute the Functional Connectivity the chosen metrics were Coherence (COH), Phase-Locking
Value (PLV) and the Pearson Correlation Coefficient (PCC).

The Coherence, Cxy( f ) between two signals x and y (in this case the sources estimate time courses
of 2 different nodes, i and j) is a real value between 0 and 1 showing the degree with which two signals
are linearly related. It is given as the cross power spectrum Gxy( f ) divided by the square root of the
product of the two auto power spectra, Gyy( f ) and Gxx( f ), averaged across epochs and frequency band
f , as shown in Equation 2.1 [6, 26, 66, 86].

Cxy( f ) =
|Gxy( f )|√

Gxx( f )×Gyy( f )
(2.1)

The Phase-Locking Value (PLV) between two signals x and y is a real value between 0 and 1 repre-
senting the degree to which the signal phases are synchronized. It is close to 1 when the phase difference
is constant and closer to 0 when the phase difference varies. It is given as the averaged Φxy, Φxy = e−i∆φxy

across trials and frequency bands as is shown in equation 2.2, with ∆φxy being the phase difference
between signal x and y, (∆φxy = φx −φx).

PLVxy =
1
N

N

∑
n=1

e−i∆φxy (2.2)

The Phase-Locking Value is similar to Coherence. While Coherence shows how two signals are
related taking into account both the phase and the amplitude of the signal, the Phase-Locking Value
considers only the phase.

As there are many methods of obtaining the signal’s phase, there are also many ways to calculate the
Phase-Locking Value. Similarly to Coherence, it can be can be obtained with the cross power spectrum,
Gxy( f ), as the cross spectrum includes both magnitude and phase information between the two signals
at each frequency. Dividing it by its magnitude ,Φxy =

Gxy( f )
|Gxy( f )| removes the magnitude from the equation
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leaving only the phase. Using this method the PLV is a purely frequency dependent metric, as show in
equation 2.3. This is the method implemented in MNE-Python and what is referred to as "PLV".

PLVxy( f ) =
1
N

N

∑
n=1

Gxy( f )
|Gxy( f )|

(2.3)

Another method used to calculate the Phase-Locking Value is using the instantaneous phase φ(t).
After band passing the signal, x(t), and applying the Hilbert transform H{x(t)} the analytical signal z(t),
shown in equations 2.4, can be obtained.

z(t) = x(t)+ jH{x(t)} (2.4)

z(t) = Ax(t)eφx(t) (2.5)

Representing the analytical signal in its polar form, 2.5 we have the argument, argz(t) = φx(t), cor-
responding to the instant phase and the magnitude, |z(t)|= Ax(t), corresponding to the instant amplitude
or the amplitude envelope.

This instant phase can be used as an alternate method to calculate the PLV. Amplitude can also be
used as an FC metric, specifically the correlation between amplitude envelopes (normally the Pearson
Correlation Coefficient, shown in equation 3.6), referred to as the Envelope Functional Connectivity (En-
velope). These 3 FC metrics were chosen as they are the most commonly used and show high correlation
between empirical and simulated data [61, 8, 9, 20, 58, 24, 34, 23, 42].

12



Chapter 3

Methods and Materials

3.1 EEG Data and pre-processing

The EEG data collection and pre-processing tasks were performed at Instituto de Biofísica e Engen-
haria Biomédica (IBEB) under the scope of a project dedicated to measure the efects of Transcranial
Direct Current Stimulation (tDCS) in FC measured by EEG, during Motor Imagery (MI) and Motor Ex-
ecution (ME). This study is described in greater detail in Silva [84]. Briefly, data was acquired in 21
healthy right-handed individuals (mean age 21.25 ± 1.97 years; 13 females), with a sampling rate of 500
Hz and following the experimental design in figure 3.1. The subjects underwent 3 trials of which only 2
will be used.

During trial 1, 3-minutes of open-eyes resting state activity (Resting State (REST)), while avoid-
ing mind-wandering, are recorded. During trial 2, visual stimuli were presented in a random manner
corresponding to 5 different tasks : motor execution of the left or right hand (Motor Execution Left
(MEL),Motor Execution Right (MER)), which consists of opening and closing the respective hand con-
secutively; motor imagery with the left or right hand (Motor Imagery Left (MIL),Motor Imagery Right
(MIR)), which consists of imagining the motor execution of the respective hand; rest in between tasks.
Each stimulus appears on screen during around 5 seconds.

Figure 3.1: Experimental Design from Silva [84]. Three groups (HD-M1, Bi-M1 and HD-SHAM) follow the same protocol -
a first trial of baseline resting state; a second trial with visual stimuli for resting state, ME and motor imagery MI tasks; and a
third one following the same paradigm as the second trial. Between each trial there is a moment of tDCS (sham or active)
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Only Trial 2 data is used as Trial 1 was not needed and Trial 3 occurs after tDCS. While that section
is not explored on this thesis it would be very interesting to model in future studies. The EEG device used
to collect the data had 64 recording electrodes distributed according to the 10-10 international system,
e.g. 3.2. Four of these positions were used only for stimulation and did not have an EEG recording (C3,
C4, F4, P4, F p2).

(a) 2D sensor positions (b) 3D sensor positions

Figure 3.2: Sensor positions (2D projection 3.2a and 3D 3.2b ). The red channels are the rejected channels for this particular
subject after pre-processing, since these were used of stimulation.

The EEG data used was filtered with a band-pass with cutoff frequencies of 1 and 40 Hz. Independent
Component Analysis (ICA) was applied to remove physiological artifacts such as ocular and heartbeat
artifacts. The data was then split into multiple 4 second (2000 points) epochs, each one corresponding to
one of the five tasks performed (REST; MER; MEL; MIR; MIL) Silva [84]. Figures 3.3 and 3.4 show an
example of the epochs and spectral distribution for a specific subject.

All tasks involved in pre-processing, inverse modelling and some connectivity calculations are done
on MNE-Python [62, 47].
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Figure 3.3: Example of an EEG recording divided in epochs according to each task

Figure 3.4: Example of a power spectral distribution of the EEG signals recorded in all available sensors in one subject.

3.2 Forward Model

After processing the EEG data, the forward model was set up. As explained in section 2.2.1, the
forward model requires a head model, a source model and the EEG sensors locations. It was not possible
not construct a head model for each subject, due to the lack of the subjects MRI. So the "fsaverage"
template, Fischl et al. [44], an average subject template built from the combination of 40 MRI scans of
real brains was chosen. This template was developed for the FreeSurfer software, Fischl [43], and later
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made available on MNE-Python along with an already pre-computed source space and BEM head model,
constructed base on "fsaverage" template.

The BEM head model, shown in figure 3.5, contains 3 surfaces, the inner skull, outer skull and scalp,
with the respective conductivities being 0.3, 0.006 and 0.3 S/m, as these are the default MNE-Python
values [47] (also used in Silva [84]). The effect of the conductivity values, the ratio between skull and soft
tissue conductivity and other possible conductivity values are explored in Hallez et al. [51]. The source
space, shown in figure 3.6, defines the position and orientation of every possible source point. This space
was recursively subdivided into icosahedra, ending up with 10242 source points in each hemisphere.

Figure 3.5: Slices number 50, 100, 150 and 200 of the BEM model’s outer boundaries of scalp, outer and inner skull and
white/grey matter interface are represented by orange, yellow, red and green contours, respectively, as well as the fsaverage
brain.

Figure 3.6: Source space distributed along fsaverage brain with 10242 source points in each hemisphere.

After setting the BEM model and source space, the last step consists of inserting the sensor infor-
mation and aligning their position with our BEM, a procedure known as coregistration. This can be
done in an automated fashion, first by fitting the MRI fiducials and then refining the fit with the Iter-
ative Closest Point (ICP) algorithm, to minimize the median distance between the electrodes and the
head surface, producing a transformation file. The final product can be seen in figure 3.7, allowing
for the computation of the forward solution, a lead field gain matrix of 63 sensors x 61452 dipoles,
np = ns ×nh ×no = 10242×2×3 with np = number of dipoles, ns = number of sources in each hemi-
sphere, nh = number of hemispheres, no = number of coordinates (as the source orientations are un-
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constrained, each source corresponds to 3 dipoles placed orthogonally to form a Cartesian coordinate
system).

Figure 3.7: Complete head model with red, blue and green vectors corresponding to the fiducials, red spheres to the electrode
positions, with a median distance to the scalp of 1.81mm, red disks the electrodes’ projection on the scalp (positions that will
be used on forward modeling), the inner and outer skull surfaces, source space and fsaverage brain

3.3 Source Estimation

With the forward model implemented, the inverse model can be calculated in MNE-Python. First, a
noise covariance matrix is calculated to provide an estimation of the signal noise. The definition of noise
depends on the paradigm: in this work we considered resting state brain activity with eyes open. The last
250 ms of the resting state intermission between each task were used to calculate the covariance matrix
for each of the subjects, according to Silva [84]. The estimated covariance can be numerically unstable
and introduce bias based on the number of samples, thus it should be regularized. There are many
methods to regularize the covariance matrix. MNE-Python provides an automated manner, using cross-
validation to choose the appropriate regularization implemented, Engemann et al. [40]. This is done by
determining how well the covariance matrix whitens the data using the negative log-likelihood of unseen
data. The final results are shown in figure 3.8: the whitened baseline signal should follow a multivariate
Gaussian distribution and be between -1.96 and 1.96, representing a 95% confidence interval, at a given
time sample while the expected value for the Global Field Power (GFP) is 1.

(a) Covariance matrix (b) Whitened evoked signals for each channels and the whitened GFP

Figure 3.8: 3.8a Covariance matrix and 3.8b its effects on the whitened signal and GFP for best method found for the considered
59 EEG channels

With the covariance matrix calculated, we can now perform the source estimation. For this purpose,
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there are some important parameters to take into account. First, the orientation: due to symmetry and
geometry, the net sum of the direction of the postsynaptic currents in the pyramidal cells are generally
perpendicular to the cortical surface, as the parallel components cancel each other out, Ahlfors et al.
[4]. Considering this, it is not unusual to constrain the source orientation as perpendicular to the cortical
surface, however EEG and MEG have low spatial resolution: even in a small volume the orientation
of a source relative to the cortical surface can change drastically. This also exacerbates possible errors
in the alignment of the MEG/EEG and MRI coordinate frames. To minimize this problem, a "loose"
orientation constraint can be added in such a way that other directions are also taken into account but
with less weight, Lin et al. [63]. This constraint was also applied with eLORETA, similarly to Silva [84].
Figure 3.9 shows an example plot of the fsaverage brain with the vector source estimates at a specific
point in time. While vectors are shown here, for further analysis only their magnitude will be considered.
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Table 3.1: Anatomical labels for the 68 regions in the Desikan-Killiany parcellation. The two region numbers per line refer to
right and left hemisphere respectively.

Region Number Region Name

1, 35 lateral orbitofrontal
2, 36 pars orbitalis
3, 37 frontal pole
4, 38 medial orbitofrontal
5, 39 pars triangularis
6, 40 pars opercularis
7, 41 rostral middle frontal
8, 42 superior frontal
9, 43 caudal middle frontal
10, 44 precentral
11, 45 paracentral
12, 46 rostral anterior cingulate
13, 47 caudal anterior cingulate
14, 48 posterior cingulate
15, 49 isthmus cingulate
16, 50 postcentral
17, 51 supramarginal
18, 52 superior parietal
19, 53 inferior parietal
20, 54 precuneus
21, 55 cuneus
22, 56 pericalcarine
23, 57 lateral occipital
24, 58 lingual
25, 59 fusiform
26, 60 parahippocampal
27, 61 entorhinal
28, 62 temporal pole
29, 63 inferior temporal
30, 64 middle temporal
31, 65 banks of superior temporal sulcus
32, 66 superior temporal
33, 67 transverse temporal
34, 68 insula
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Figure 3.9: Example of the source estimation vectors at a certain time point. The color scale represents the intensity of the
neural source activations.

Figure 3.10: Desikan-Killiany parcellation atlas plotted onto the fsaverage brain

After performing source estimation we can now transition the data onto a brain atlas parcellation.
The Desikan-Killiany parcellation atlas, Desikan et al. [38] was chosen, as it is the one of the most
commonly used in the bibliography and is available in MNE-Python. Figure 3.10 represents the chosen
parcellation, plotted onto the fsaverage brain. Table 3.1 indicates the regions and regions labels in figure
3.10. To extract each label time course, the mean flip method is used: the dominant direction of source
space normal vector orientations within each label is found, applying a sign-flip to time series at vertices
whose orientation is more than 90° (different from the dominant direction) and then averaging across
vertices at each time point within each label.

20



3.4 Structural Connectivity

3.4 Structural Connectivity

The structural connectivity data set was taken from Kerepesi et al. [57], a database that includes var-
ious connectomes generated from MRI scans from the Human Connectome Project (HCP). The dataset
chosen here is the 86 nodes set, which corresponds to the Desikan-Killiany parcellation, along with some
extra nodes belonging to sub cortical regions, containing the brain graphs of 1064 different subjects. The
relevant attributes from the dataset along with their function on a brain graph are indicated on table 3.2,
with the region name and number being the same as in table 3.1 and the edges corresponding to structural
connectivity metrics: fiber length mean - mean of the fiber lengths (in millimeters); FA mean - mean of
the fractional anisotropies of the fibers; number of fibers. Averaging the 1064 brains we obtain 3 SCs
shown in figure 3.11.

attribute name graph component

number of fibers edge
FA mean edge
fiber length mean edge
hemisphere node
region name node
region number node
z position node
y position node
x position node

Table 3.2: Relevant attributes from the braingraph dataset and their role on the graph

Figure 3.11: SC for the braingraph dataset averaged according to (a) FA mean, (b) number of fibers and (c) fiber length mean

(a) FA mean between each region (b) number of fibers between each region (c) fiber length mean between each region

Acknowledgments: Data was provided in part by the Human Connectome Project, WU-Minn Con-
sortium (Principal Investigators: David Van Essen and Kamil Ugurbil; 1U54MH091657) funded by the
16 NIH Institutes and Centers that support the NIH Blueprint for Neuroscience Research; and by the
McDonnell Center for Systems Neuroscience at Washington University."

3.5 Local Dynamics Model

The BNM employed in this thesis consists of 68 interconnected nodes, obtained through the afore-
mentioned parcellation method. The overall dynamics of this BNM model arise from the interactions

21



3. METHODS AND MATERIALS

between the local dynamics of individual nodes, which are described by the normal form of a super-
critical Hopf bifurcation and can be coupled through either the Structural Connectivity Matrix or the
Effective Connectivity Matrix.

Traditionally, models of brain signals have been categorized into two main families: noise-based
models and oscillatory-based models. Hopf bifurcation-based models bridge the gap between these two
approaches by integrating the principles of both noise-based and oscillatory-based models. They are
built upon the normal form of a Hopf bifurcation. In these models, the behavior of the signal generator
undergoes a sudden change after surpassing a critical value of one or more parameters. Specifically, a
Hopf bifurcation is the point at which a system that initially exhibits stable fixed point behavior loses its
stability and begins to oscillate. By incorporating Hopf bifurcation, these models allow for transitions
between asynchronous noise activity and oscillatory behavior. This characteristic makes them suitable
for reproducing empirical data observed in EEG, MEG or fMRI.

Figure 3.12 and table 3.3 show multiple models used to describe local brain dynamics. The Hopf
model was chosen as it is one of the more abstract models and easier to understand, implement and study.
Additionally, it has been used to successfully reproduce several aspects of Functional Connectivity and
is widely used in various studies. It is also highly relevant as several of these studies focus on themes
like resting state activity, transitions between sleep and wakefulness, mechanistic differences between
brain states and even Parkinson’s disease and Alzheimer’s disease, ensuring the model feasibility for
future works implementing this network. Besides availability and widespreading, one of the reasons for
choosing the Desikan-Killiany parcellatio is that it is frequently used together with the Hopf model [33,
77, 35, 88, 56, 39, 36, 87, 32, 49, 34, 37, 83, 78, 21, 55] .

Figure 3.12: Node dynamics models categorized on an axis according to phenomenological or biological validity (Adapted
from Pathak et al. [75]))
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3.5 Local Dynamics Model

Table 3.3: Comparison between different models of whole-bran resting-state activity (Adapted from Cabral et al. [21])

Dynamical regime Model Validation
Spatial Temporal Spectral

Biophysical
properties

Uncoupled
units

Coupled
units

Origin of slow
fluctuations Static FC FC Dynamics Envelope FC

Spiking Neurons

Integrate-and-fire
excitatory and

Inhibitory neurons
(AMPA, NMDA,
GABA receptors)

Fixed point
Multi-stability between

Fixed Points
At the brink of
Multi-stability

Yes Yes ?

Conductance-
based

Membrane potential
of E and I pools

controlled by ionic
conductance and
NMDA receptors

Chaotic with
oscillations

Chaotic
(range of frequencies)

Intermittent self-
organization from chaos

Yes Yes Yes

Neural Field
Coupled Excitatory

and Inhibitory
pools of neurons

Limit-Cycle
Limit-Cycle

(arbitrary frequencies)
Connectome-specific

Harmonics
Yes ? ?

FitzHugh-
Nagumo

Membrane potential
of neuronal pool with

recovery time-constants
Fixed Point

Fixed point or
Limit-cycle (10Hz)

Vicinity of a Supercritical
Bifurcation - Damping

Yes ? Yes

Wilson-Cowan
Coupled Excitatory

and Inhibitory
pools of neurons

Limit-Cycle
(40Hz)

Limit-Cycle
(40Hz)

Meta-stable Chimera
Synchronization

Yes ? ?

Kuramoto
γ Oscillators

Oscillator
representing
synchronous

neuronal firing

Limit-Cycle
(40, 60Hz)

Intrinsic
Limit-cycle (γ)
or Collective

Limit-cycle (α,β )

Meta-stable Chimera
Synchronization

Yes Yes Yes

Hopf Model
With Fast

Oscillations

Bifurcation representing
Synchronous vs Asynchronous

neuronal firing

At bifurcation
Fixed Point to
Limit-Cycle

Fixed point or
Limit-Cycle (2-30Hz)

Vicinity of Supercritical
bifurcation & Meta-stable

Synchronization
Yes Yes Yes

Dynamic Mean
Field

Synaptic input currents
and firing rates

Fixed point
Multi-stability

between
Fixed Points

At the brink of
Multi-stability

Yes Yes No

Kuramoto
Ultra-slow
Oscillators

Oscillator representing
BOLD fluctuations

Limit-Cycle
(0.1Hz)

Limit-Cycle
(0.05Hz)

Meta-stable Chimera
Synchronization

Yes Yes No

Hopf Model
With Ultra-Slow

Oscillations

Slow-oscillations
representing

BOLD fluctuations

At bifurcation
Fixed Point to
Limit-Cycle

Fixed point or
Limit Cycle

(0.04-0.07Hz)

Vicinity of a supercritical
Bifurcation & Meta-stable

Synchronization
Yes Yes No

Linear Stochastic
Model

Noise representing
firing rate deviations

Fixed Point Fixed Point
Noise deviations

around equilibrium
Yes No No

Spatial
Autoregression

Structured Noise - - - Yes No No

For the Hopf model, we can define ω as the intrinsic frequency of each node, a as the local bifurcation
parameter, η as additive Gaussian noise with standard deviation β = 0.02. The temporal evolution of the
activity, z, in node j is given in the complex domain as:

dz j

dt
= z(a j + iω j −|z2

j |)+βη j(t) (3.1)

where

z j = ρ jeiθ j = x j + iy j (3.2)

The normal form of the supercritical Hopf bifurcation model has a bifurcation at a j = 0. For a j <

0 there exists a stable fixed point at z j = 0, which corresponds to a low activity noisy state due to
the additive Gaussian noise, and for a j > 0, the local dynamics shows a stable limit cycle oscillation
with frequency f j =

ω j
2π

. The whole-brain dynamics are then described by the following set of coupled
equations:

dx j

dt
= [a j − x2

j − y2
j ]x j −ω jy j +G∑

i
Ci j(xi − x j)+βη j(t) (3.3)
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dy j

dt
= [a j − x2

j − y2
j ]y j +ω jx j +G∑

i
Ci j(yi − y j)+βη j(t) (3.4)

where G is a global coupling strength parameter that scales the adjacency connectivity matrix C, a
n× n square matrix where n is the number of nodes according to the parcellation, n equaling 68 in this
case. Ci j would be the value that couples nodes i and j, normally the Structural Connectivity (SCi j)

or the Effective Connectivity (ECi j) as mentioned. x, corresponding to the real component of z, Re(z),
represents the simulated source activity.

When the bifurcation parameter (a) of a node is negative, the model is in the noisy regime and it
indicates that the node activity is random or asynchronous (asynchronous firing of neurons). On the other
hand, when a is positive the model is in the oscillating regime and the node generates stable oscillatory
dynamics (synchronized firing of neurons). Nodes with non-zero a are less responsive to environmental
conditions since they are either generating noise or locked into a stable oscillatory pattern. This can
be seen on figure 3.13. With a close to zero, or the bifurcation, the model is in the fluctuating regime.
Here the generated noise is enough to trigger some oscillations but not in a sustained fashion as in the
oscillating regime. This regime represents an adaptive brain that can quickly switch between states and
most studies found that it best models a resting state brain [36, 35, 78, 56, 34].

Figure 3.13: Effect of bifurcation parameter, a (adapted from Demirtaş et al. [36])

3.6 Model Fitting

The goal of fitting the model is adjusting the parameters a, G and C to align and maximize the
similarity between model simulated and empirical data. The metrics used to fit the model other than
the already explained Functional Connectivity are the coherence and metastability along with the PMS
calculated using LEiDA, explained further ahead.

While it is possible to explore all parameters extensively in a grid like fashion this is a very compu-
tationally demanding task as such the bifurcation parameter a is typically set homogeneously (the same
for all nodes) near the bifurcation point (a = 0). The a parameter more is often explored in the context
of pathological alterations in brain dynamics. In the present study, a was not extensively optimized, as
it was not anticipated to play a significant role in healthy task-based dynamics. It is possible for a to
be assigned heterogeneously across nodes. Heterogeneous tuning typically requires adjusting each re-
gion based on its Power Spectral Density (PSD) profile. This approach is not practical here due to the
frequency limitations of the Hopf model, which can only capture oscillatory dynamics within a narrow
range (typically ± 2 Hz), Deco et al. [34].

The Structural Connectivity Matrix, C, serves as the anatomical scaffold of the model and can be
further optimized into an Effective Connectivity Matrix to enhance the fit between model and data.
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3.6 Model Fitting

However, apart from such optimizations, the global coupling parameter G is the primary control knob
for regulating network dynamics and achieving correspondence with empirical data. As such, parameter
exploration is primarily focused on tuning G.

EEG data is normally split into separate frequency bands for analysis. The bands of interest for this
work regarding motor-based tasks are the alpha (8-12 Hz) and beta split into lower beta (12-16 Hz) and
middle beta (16-20 Hz), matching well with the Hopf model’s simulating range (Schomer et al. [80]).

In parameter explorations, it is common to find an interval of values that maximize the similarity
between metrics. The ideal behavior is a local minimum or maximum where it is possible to narrow
down the best value. For this reason a wide variety of metrics are used.

The modeling approach will then be: G parameter exploration across FC metrics, frequency bands,
SC and tasks with a at the bifurcation. After the best G is determined, an exploration of a follows at
that G value. The EC is then fitted and the previous steps repeated along with LEiDA and coherence and
metastability, explained further ahead, to create the final model for every FC metric, frequency band and
brain state.

3.6.1 Functional Connectivity

In most studies and articles, Functional Connectivity is fitted for or used in the fitting process [31,
59, 72, 16, 75, 60, 46]. The most direct, first approach method at fitting for Functional Connectivity is
a parameter space exploration to determine the parameters that maximize similarity between empirical
and simulated signals. The problem with this method, and the reason why it can only be used as a
first approach, is that it is difficult to find unique solutions. These problems can be solved by using
supplementary fitting methods, which are explained in further detail in the next sections, or by using
higher computational effort and statistical analysis.

To evaluate the similarity between the simulated and empirical Functional Connectivity Matrix, mul-
tiple metrics were used: Euclidean Distance (ED), Structure Similarity Index (SSIM), Distance Correla-
tion (dCor), and Pearson Correlation Coefficient (PCC).

Euclidean Distance, shown in equation 3.5, is one of the most commonly used metrics. It measures
the overall dissimilarity, meaning that lower values indicate higher similarity with 0 corresponding to
the highest similarity possible. For two FC matrices FCemp and FCsim of size (N ×N) where x and y
correspond to the upper or lower triangular matrix element of each matrix respectively, x = {x1, ...,xn},
y = {y1, ...,yn} and n = N(N−1)

2 , the Euclidean Distance is given as the root sum of squared differences
for each element of x and y

ED(x,y) =

√
n

∑
i
(xi − yi)2 (3.5)

Pearson Correlation Coefficient (PCC), shown in equation 3.6, measures the linear correlation be-
tween 2 datasets and is commonly represented by r. Given x and y, r is given as the covariance of x and
y divided by the product of their standard deviations.

rxy =
cov(x,y)

σxσy
=

∑
n
i=1(xi −µx)(yi −µy)√

∑
n
i=1(xi −µx)2

√
∑

n
i=1(yi −µy)2

(3.6)

where µx,µy are means, σx,σy are standard deviations.
Structure Similarity Index, shown in equation 3.7 is mostly used in image processing and takes into

account luminance, contrast, and structure. Given x and y, SSIM is calculated as:

25



3. METHODS AND MATERIALS

SSIM(x,y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x +µ2

y + c1)(σ2
x +σ2

y + c2)
(3.7)

where σ2
x ,σ

2
y are variances, and σxy is covariance and c1 and c2 are two variables to stabilize the

division with weak denominator.
Distance Correlation (dCor), shown in equation 3.10, is similar to Pearson Correlation Coefficient

but captures both linear and nonlinear dependencies by calculating pairwise distances. Given x and y and
the respective pairwise distance matrices ai, j =

√
(xi − x j)2 and bi, j =

√
(yi − y j)2 of size (n× n), the

doubly centered distances matrices A j,k = a j,k − ā j − āk + ā and B j,k = b j,k − b̄ j − b̄k + b̄ are calculated.
Distance covariance, shown in equation 3.8, is the average product of the A and B matrices. Distance
variance, shown in equation 3.9, is the distance covariance for the same variable. Finally, dCor2 is given
as the squared distance covariance of x and y divided by the product of their distance standard deviations
[55, 83, 27].

dCov2(x,y) =
1
n2

n

∑
i=1

n

∑
j=1

Ai jBi j (3.8)

dVar2(x) = dCov2(x,x) =
1
n2 ∑

j,k
A2

i j (3.9)

dCor2(x,y) =
dCov2(x,y)√

dVar2(x) dVar2(y)
(3.10)

3.6.1.1 Effective Connectivity

A gradient-descent approach was implemented to obtain the Effective Connectivity Matrix that max-
imizes similarity between empirical and simulated Functional Connectivity , using Structural Connectiv-
ity as a primmer (equation 3.11).

ECnew
i j = ECold

i j +α

(
FCemp

i j −FCsim
i j

)
(3.11)

where α is the learning rate (α = 0.01) and (i, j) are the non-zero connectivity nodes [32, 49, 36].

3.6.2 Metastability and Coherence

For each of the 68 brain regions, the phase of the band-pass filtered neural activity time series are
calculated by applying the Hilbert transform and obtaining a(t) = A(t)eiϕ(t), where A(t) is the instanta-
neous amplitude (or envelope) and ϕ(t) the instantaneous phase, the same procedure used in connectivity
calculation section 2.5.

The Kuramoto Order Parameter (KOP), R(t), is a measure of synchronization in an ensemble of
oscillating signals (equation 3.12). When the phases are uniformly distributed and the regions are inde-
pendent, R approaches zero. Conversely, when all phases are equal, indicating full synchronization, R
equals one.

R(t) =

∣∣∣∣∣ n

∑
j=1

eiϕ j(t)

∣∣∣∣∣/n (3.12)

The temporal average of the Kuramoto Order Parameter was defined as the coherence, which pro-
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vides a measure of mean synchronization across the brain regions. This coherence reflects the overall
level of synchronization observed in the neural activity time series not to be confused with the FC metric
Coherence mentioned in 2.5. The standard deviation of the Kuramoto Order Parameter defined as the
metastability. The metastability captures the variation in synchronization over time, providing insights
into the dynamic changes in synchronization patterns across the brain regions.

By calculating the coherence and metastability using the Kuramoto Order Parameter, it is possible to
quantitatively assess the level of synchronization and its variability in the neural activity time series [35,
56, 24, 36, 78, 83, 34].

Unlike other metrics, when exploring the coherence and metastability no similarity metrics are re-
quired as they are scalars values and can be compared directly by applying a fit on the parameter explo-
ration. In this thesis, a logarithmic fit was used in the form of y = a ln(x+ c)+b, where y equals either
the coherence or metastability and x the a or G parameter. The parameter that results in matching of em-
pirical and simulated coherence or metastability is estimated with x = e

y−b
a − c and has a standard error

σx, obtained from uncertainty propagation through partial derivatives, show in equation 3.14, where σ

corresponds to the covariance matrix describing the uncertainty of parameters a,b,c and J the Jacobian
matrix shown in equation 3.13 [15, 73].

J =
[

∂x
∂a

∂x
∂b

∂x
∂c

]
=
[
− (y−b)

a2 e
y−b

a −1
a e

y−b
a −1

]
(3.13)

σ
2
x = JΣJ⊤, (3.14)

Statistical analysis is performed using the Pairwise Z-test. The test statistic is shown in equation
3.15. The power of the test is given by 3.16, where Φ(|z|) is the cumulative normal distribution function.

z =
x1 − x2√
σ2

1 +σ2
2

(3.15)

p = 2 · (1−Φ(|z|)) (3.16)

3.6.3 Leading Eigenvector Dynamics Analysis

Leading Eigenvector Dynamics Analysis (LEiDA) is a method used to analyze brain activity taking
into account transient dynamics and which reduces the dimensionality of the problem by using eigenvec-
tors.

LEiDA has proven useful in studying brain states and their transitions, providing insights into the
dynamic organization of Functional Connectivity in the brain. While it has not been directly applied to
source estimated EEG data, its application to fMRI data has yielded valuable findings in understanding
the spatio-temporal dynamics of brain activity and exploring functional subsystems involved in different
cognitive processes [22, 64, 32, 59].

The analysis begins by calculating a phase coherence matrix, dFC(i, j, t), at each time point to quan-
tify the synchrony between different brain regions. The signals are first band-pass filtered and then
Hilbert-transformed to obtain the phase evolution of the time series for each node, the same process used
in 3.6.2. The phase coherence between each pair of nodes, i and j, at time t is then estimated using the
cosine of the phase difference, as shown in Equation 3.17:

dFC(i, j, t) = cos(ϕ(i, t)−ϕ( j, t)) (3.17)
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The cosine function is used to measure the similarity or alignment between the phases. If two brain
areas have similar phases at that instance the phase coherence will be close to 1 (areas in-phase). On
the other hand, if their signals are orthogonal or the phases vary significantly, the phase coherence will
be close to 0 with the maximum phase difference corresponding to a phase coherence of −1 (areas in
anti-phase).

The resulting dFC matrix is of size N ×N ×T , where N is the number of brain areas (in this case,
68) and T is the total number of time points. The dFC matrix is symmetric across the diagonal, and
meaningful values can be obtained from either the upper or lower triangular parts of the matrix. This
characteristic allows for dimensionality reduction by calculating its leading eigenvector, V1(t), at each
time point. The leading eigenvector is the eigenvector associated with the largest eigenvalue. This
leading eigenvector, of size N ×1, captures the dominant connectivity pattern of the dFC matrix at that
time point. By calculating the outer product of V1(t), V1⊗V T

1 , the connectivity pattern can be visualized.
By using the leading eigenvector we reduce dimensionality from N(N −1)/2 to N while still explaining
most of its variance.

To identify recurrent FC patterns, clustering analysis is applied to all the leading eigenvectors V1(t)
across time points epochs and tasks. The k-means clustering algorithm is used with varying values of
k (number of clusters) from 2 to 20. The resulting cluster centroids represent the recurrent FC patterns
and are named Probabilistic Metastable Substates (PMS). The optimal number of clusters, k, is deter-
mined based on various criteria such as Silhouette index and significant differences between condition
probabilities.

Following this, each frequency and task is characterized by the probability of occurrence (or frac-
tional occupancy), which is calculated with the number of epochs assigned to a given Probabilistic
Metastable Substates divided by the total number of epochs for each task.

To measure the resemblance between the simulated and empirical PMS Euclidean Distance (equa-
tion 3.5) and Symmetrized Kullback-Leibler Divergence are used. Symmetrized Kullback-Leibler Di-
vergence (KL), shown in 3.18, is a statistical measure used to quantify how much a model and empirical
probability distribution Q and P vary.

KL(P,Q) =
1
2 ∑

i

[
P(i) log

(
P(i)
Q(i)

)
+Q(i) log

(
Q(i)
P(i)

)]
(3.18)

LEiDA is a very powerful tool to understand the brain however it is used in this study merely as a
tool to get a better fit to the model, so details will not be explored in depth.

3.7 Statistical Analysis and Model Performance

As many of the methods used to calculate the Functional Connectivity rely on using a certain number
of epochs the FC can not be calculated directly for each individual epoch. A bootstrap resampling
approach was taken where 500 FC were calculated for each task, FC and frequency band using 50
random epochs. After the model is fully fitted epochs matching the experimental data (length of 4 s and
frequency of 500 Hz) are simulated for each task, FC and frequency band, from which simulated FCs
are calculated (each with 50 epochs following the experimental data bootstrap).

The procedure describe results in two datasets of empirical and simulated FCs, with shape
(n f b,nt ,nm,500,nn,nn) where n f b = number of frequency bands, nm = number of FC metrics , nt =

number of tasks and nm = number of nodes.
Statistical analysis is performed on each dataset for each node connection in particular, all upper or
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lower triangular FC elements, (n f b,nt ,nm,500, nn×(nn−1)
2 ). The analysis starts with the Shapiro–Wilk test

for normality followed by a Analysis of Variance (ANOVA) if the data is considered normal (α < 0.05),
otherwise the Kruskal-Wallis test is used. If there are significant differences (α < 0.05), a pairwise
comparison between each task is done using, respectively, Tukey’s HSD (honestly significant difference)
test (Tukey’s HSD) or Wilcoxon signed-rank test depending on the data normality. False Discovery Rate
(FDR) is corrected for using the Benjamini-Hochberg method.

To measure how well the simulated model performed, the statistical significant differences between
the simulated and empirical data were overlapped via confusion matrix. The results are classified as: True
Positive (TP) when the model correctly simulates an empirical difference (a hit); False Positive (FP) when
the model simulates a difference that was not detected empirically (a false alarm, overestimation, or type
I error); True Negative (TN) when there was no simulated or empirical difference (correct rejection);
False Negative (FN) when there was no difference simulated by the model, but there was an empirical
difference (a miss, underestimation or type II error).

Positive Predictive Value (PPV) or Precision, shown in equation 3.19, can be interpreted as the like-
lihood that the model will simulate a difference correctly.

PPV =
T P

T P+FP
(3.19)

Negative Predictive Value (NPV), shown in equation 3.20, is similar to PPV. It can be interpreted as
the likelihood that the model will not incorrectly simulate a difference.

NPV =
T N

T N +FN
(3.20)

True Positive Rate (TPR) also named Recall or Sensitivity, shown in equation 3.21, can be seen as
the probability of detection or the ratio between correctly simulated all empirical differences.

TPR =
T P

T P+FN
(3.21)

True Negative Rate (TNR) or Specificity, shown in equation 3.22, is similar to TPR, i.e. the proba-
bility of rejection. The ratio between all non significant differences and the correctly simulated ones.

TNR =
T N

T N +FP
(3.22)

Permutation testing with 10000 permutations and FDR correction is applied to each metric guaran-
teeing statistical significance, α < 0.05.

The ED between averaged FC is calculated from which a matrix indicating task differences is ob-
tained for each FC metric and frequency band. The correlation between ED matrices is then calculated
as another model performance indicator.
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Chapter 4

Results

4.1 Experimental Data Analysis

4.1.1 Functional Connectivity

As FC can present large variations across individuals, subjects were excluded from FC analysis if
presenting an average FC z-score greater or equal to 2 or an Euclidean Distance (ED) between the FC
and the grand average FC above 15. These values were determined empirically in order to remove
outliers. Figure 4.1 shows the average of FC metrics for the sample of subjects included. FC for all
subjects is shown in Figure A.1. Excluding only the subjects that fit the criteria the grand average FC
was calculated for each data type. The Resting State FC is shown in figure 4.2, for each frequency band
and each connectivity type. The task-related FC do not present noticeable differences and are shown in
Appendix 5.

Figure 4.1: Resting State Functional Connectivity for subjects (n = 8) with z-score ≤ 2 and Euclidean Distance≤ 15. The color
scale on the right refers to the connectivity. Envelope varies between −1 and 1 and has normalized to match the other metrics.
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Figure 4.2: Grand average Functional Connectivity calculated in Resting State considering only the selected subjects, for alpha,
low beta and mid beta frequency bands.

To better detect differences in FC between rest and tasks, we can subtract the REST FC from each
task FC. Figure A.6 shows the results for Phase-Locking Value; the remaining can be found in section
A.1 of the Appendices.

To analyze how the FC varies across activities, the Euclidean Distance between each task’s FC was
calculated and represented in two forms: a matrix for each FC metric and frequency band, shown in
figure 4.4 and the corresponding ED in table 4.1.

32



4.1 Experimental Data Analysis

Figure 4.3: PLV FC difference between rest and other tasks.

PLV is the metric where the most differences are measured , followed by COH and Envelope. The
tasks that show the most differences are left and right handed Motor Execution, left and right handed
Motor Imagery and left handed Motor Execution with right handed Motor Imagery. Differences are
higher in between motor tasks than when compared with Resting State.

Table 4.1: Euclidean Distance between task’s FC for all frequency bands and metrics with green and blue being values above
50th and 90th percentile for each metric, respectively.

COH PLV Envelope
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta mean

REST-MEL 2.37 2.55 2.49 2.51 2.69 2.48 1.39 1.37 1.34 2.13
REST-MER 2.16 1.78 1.78 2.41 2.12 2.23 1.28 1.22 1.20 1.8
REST-MIL 2.15 1.89 1.92 2.71 2.40 2.51 1.29 1.33 1.35 1.95
REST-MIR 2.03 2.16 1.71 2.22 2.08 2.30 1.34 1.29 1.27 1.82
MEL-MER 3.01 2.76 2.64 2.94 3.16 3.20 1.71 1.81 1.62 2.54
MEL-MIL 2.37 2.37 2.48 3.00 3.14 3.09 1.64 1.67 1.78 2.39
MEL-MIR 2.83 2.99 2.48 2.77 3.17 2.84 1.55 1.80 1.63 2.45
MER-MIL 2.61 2.03 2.41 3.31 3.00 2.78 1.63 1.64 1.71 2.35
MER-MIR 2.22 1.92 2.06 2.63 2.44 2.74 1.56 1.53 1.52 2.07
MIL-MIR 2.30 2.33 2.05 3.58 3.23 3.18 1.63 1.70 1.81 2.42

mean 2.41 2.28 2.2 2.81 2.74 2.73 1.5 1.54 1.52
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4. RESULTS

Figure 4.4: Euclidean Distance between task’s FC for all frequency bands and methods

To check if these differences are significant, a statistical analysis is performed following the methods
described in section 3.7. In section A.2 of the appendices, the biggest differences in task FC connections
for each metric and frequency band are shown. Table 4.2 shows the average absolute statistically signif-
icant differences for each metric and frequency band. The results are consistent with the trends shown
in table 4.1: PLV is the most sensitive metric, and Envelope the least. Non-REST comparisons exhibit
stronger differences with the top three being MEL-MER, MIL-MIR and MEL-MIR.

Table 4.2: Average absolute FC task differences for all metrics and frequency bands. Only statistical significant differences
(α < 0.05) were considered

metric frequency REST-MEL REST-MER REST-MIL REST-MIR MEL-MER MEL-MIL MEL-MIR MER-MIL MER-MIR MIL-MIR mean

COH
alpha 0.0373 0.0353 0.0341 0.0328 0.0499 0.038 0.0458 0.0427 0.0364 0.0375 0.039

low beta 0.0387 0.0298 0.0297 0.0343 0.0454 0.0384 0.0468 0.034 0.0314 0.0372 0.0366
mid beta 0.037 0.0285 0.0305 0.0271 0.0425 0.0387 0.0389 0.0386 0.034 0.0332 0.0349

Envelope
alpha 0.0262 0.0243 0.0246 0.0255 0.0311 0.0305 0.0285 0.0298 0.0288 0.0298 0.0279

low beta 0.0253 0.023 0.0245 0.0243 0.0328 0.0304 0.0329 0.0301 0.0282 0.0315 0.0283
mid beta 0.0248 0.0227 0.0253 0.0236 0.0296 0.0326 0.0295 0.0309 0.0278 0.0338 0.0281

PLV
alpha 0.04 0.0387 0.0437 0.0373 0.0473 0.0481 0.0446 0.0533 0.0437 0.0588 0.0455

low beta 0.0425 0.0343 0.0389 0.0344 0.0498 0.0506 0.0503 0.0486 0.0403 0.0532 0.0443
mid beta 0.0388 0.0362 0.0411 0.0374 0.0515 0.0493 0.0454 0.0455 0.0451 0.0519 0.0442

mean 0.0345 0.0303 0.0325 0.0307 0.0422 0.0396 0.0403 0.0393 0.0351 0.0408
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4.1 Experimental Data Analysis

4.1.2 Metastability and Coherence

The coherence and metastability, calculated as explained in section 3.6.2, for each task and frequency
band, are shown in figure 4.5. Using the same statistical analysis procedure as in 3.7, no significant
differences were detected.

Figure 4.5: Coherence and metastability box plots for every task and frequency band

4.1.3 LEiDA

The results of the Leading Eigenvector Dynamics Analysis (LEiDA), obtained as explained in section
3.6.3, are shown in figures 4.6 and 4.7. The optimal number of clusters was determined to be 2 giving
rise to PMS A and B. For each PMS the connectome, showing only connections in the 99% percentile,
and the corresponding matrix are shown followed by the probability of occurrence for each frequency
band and task. LEiDA does not help in distinguishing tasks as the PMS’ probability of occurrence for
each task are almost identical.
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4. RESULTS

Figure 4.6: Probabilistic Metastable Substates obtained from Leading Eigenvector Dynamics Analysis. In the first row the
connectome, showing only connections in the 95% percentile, are shown. The second row displays connectivity matrix.
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4.2 Simulating data and comparing with Experimental data

Figure 4.7: Probability of each PMS occurring for each task and frequency band.

4.2 Simulating data and comparing with Experimental data

4.2.1 Supercritical Bifurcation Region

As explained in section 3.5, there are 3 parameters that can be adjusted in the Hopf model: the
bifurcation parameter a, the global coupling strength parameter G and the adjacency connectivity matrix
C. The a parameter is normally set to 0 at the supercritical bifurcation. At this point the noise is enough
to generate oscillations, but not in a sustained fashion.
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This expected behavior was verified for low frequencies, but not for the ones of interest. Shown
in figure 4.8 is the single node model output for 20 cycles at 2 different frequencies. At the lower
frequency the model behaves as expected but at a higher frequency the model stays oscillating despite
the a parameter being at or below 0.

Figure 4.8: Model behavior at 1 Hz and 10 Hz for the 3 regimes: noisy (a < 0), fluctuating (a = 0) and oscillating (a > 0). At
10 Hz the model does not behave as expected and is always oscillating

To estimate if the signal was oscillating, two measures were used: the average amplitude for each
oscillation cycle and the ratio between the frequency peak and total power, obtained from the Power
Spectral Density (PSD). This gave us a good estimation of the position of the a parameter of the bifur-
cation. Higher frequencies have the bifurcation located at a lower value of the a parameter. This can be
seen in figure 4.9, where for the two previous measures a threshold is set to estimate the a value at witch
the model starts to oscillate. After getting an approximate location of the bifurcation for each frequency
band an a parameter is chosen by plotting the time series. In figure 4.10, simulated data with the chosen
a parameters, alongside experimental data is displayed.
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4.2 Simulating data and comparing with Experimental data

Figure 4.9: a values in which the model crosses the amplitude ratio threshold of 0.1, blue points, and PSD peak ration threshold
of 0.05, green points. As the frequency increases a lower a value is required to reach the threshold.

Figure 4.10: Filtered average experimental signal and average simulated signal for determined a values. The solid black line
corresponds to the average and the grey shade represents the standard deviation. The simulated data’s number of epochs and
length match the experimental data’s
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4.2.2 FC Parameter Fit

For each Structural Connectivity, frequency band and task the a and G parameter were determined
with the simulated and empirical Functional Connectivity, using the metrics mentioned on section 3.6.
In figures 4.11 and 4.12 we have the G and a fit respectively for the structural connectivity based on the
FA mean for the alpha frequency band. While the remaining fits are shown in sections B.1.1 and B.1.2
of the appendices, in table 4.3 a summary of the exploration result across all FC and SC metrics as well
as frequency bands and tasks is shown.

The G parameter explorations were done using the supercritical bifurcation parameters found in
section 4.2.1. Across the different SCs FA mean and Tract Lengths show similar trends. Both favor G
values of around 1, while the number of fibers requires a higher G value of at least 4. Despite the trend
lines being fairly noisy, the trend is very similar across different tasks and it is not possible to distinguish
any significant differences in the G values the tasks tend to.

For the a fit, figure 4.12, the G values that maximized similarity found on the previous fit were used.
No significantly different behavior is seen among tasks. In most fits, it is possible to identify a drop in
similarity as the value of a increases past the threshold of the bifurcation. This is particularly clear in the
ED metric. In a values below the threshold, the similarity is mostly constant.

All the fits are shown in sections B.1.2 and B.1.1. Table 4.3 shows a summary of the exploration
result across all FC and SC metrics as well as frequency bands and tasks. Overall COH FC shows the
highest similarity followed by Envelope and Phase-Locking Value (PLV). The mid beta frequency band
shows a higher similarity compared to the remaining bands and the FA mean SC also shows higher
similarity compared to the other SC metrics. There are no clear differences in between tasks.

Figure 4.11: G parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the alpha
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.
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4.2 Simulating data and comparing with Experimental data

Figure 4.12: a parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the alpha
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.

Table 4.3: a and G parameter exploration summary, best similarity metric values, averaged across different explored variables

G exploration a exploration
ED dCor SSIM Pearson ED dCor SSIM Pearson

alpha 10.605 0.127 0.085 0.112 10.537 0.136 0.083 0.117
low beta 10.596 0.132 0.087 0.119 10.54 0.146 0.088 0.13
mid beta 10.513 0.139 0.089 0.126 10.518 0.151 0.086 0.133

MEL 10.443 0.133 0.088 0.123 10.411 0.15 0.088 0.133
MER 10.599 0.133 0.085 0.115 10.579 0.142 0.083 0.122
MIL 10.504 0.133 0.086 0.12 10.449 0.144 0.088 0.129
MIR 10.567 0.133 0.088 0.12 10.53 0.142 0.087 0.124

REST 10.743 0.131 0.087 0.116 10.688 0.145 0.083 0.125
FA mean 10.551 0.146 0.094 0.133 10.458 0.16 0.095 0.135

Number of fibers 10.563 0.145 0.092 0.138 10.633 0.155 0.093 0.155
Tract lengths 10.599 0.107 0.076 0.086 10.503 0.118 0.068 0.091

COH 8.839 0.155 0.109 0.15 8.965 0.17 0.114 0.16
Envelope 8.908 0.126 0.092 0.103 8.918 0.141 0.082 0.113

PLV 13.967 0.116 0.06 0.103 13.712 0.123 0.06 0.106
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4.2.3 Effective Connectivity

The last parameter that can be fitted in the Hopf model is the adjacency connectivity matrix, C. This
is done using equation 3.11 as explained in chapter 3.6.1.1 for each frequency and task.

An initial exploration is done for the different SC and FC, shown in figure 4.13. The Coherence FC
achieves the closest similarity out of all the connectivity metrics. FA mean SC is used as the initial value
on EC fits going forward as the initial SC does not appear to have much of an effect.

Figure 4.13: EC fit for each SC and FC at the alpha frequency and respective supercritical bifurcation parameter. Each color
corresponds to a fit with a different SC starting point with a moving average filter. The actual fit is displayed in a less opaque
color.

An Effective Connectivity Matrix was fitted for every task type and frequency with a corresponding
to the supercritical bifurcation values found for each frequency previously, the global coupling parameter,
G = 1 and a learning step, α = 0.01 for 500 iterations. This is shown for the COH metric in figure 4.14.
The remaining are in section B.2 of the appendices.
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4.2 Simulating data and comparing with Experimental data

Figure 4.14: EC fit for each task type and frequency at respective supercritical bifurcation parameter and g = 1 using the COH
FC. Each color corresponds to a fit with a different task type with a moving average filter. The actual fit is displayed in a less
opaque color.

As the EC fits in 4.14 converge, the final EC is calculated as the mean EC from the last 100 iterations.
These can be seen in figure 4.15 for COH. Some differences can be made visible by subtracting the REST
EC from each task’s EC, shown in figure 4.16 for COH, similarly to what happens in the empirical FC
(results for the other FC metrics are shown in section B.2). When using the ED to compare the fitted
EC, shown in table 4.4, the results show a very similar trend to the empirical FC, shown in 4.1, in that
Non-REST comparisons exhibit larger differences, with the strongest being MEL-MER, MIL-MIR and
MEL-MIR, however the metric indicating the largest differences between tasks is, in this case, COH.
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4. RESULTS

Figure 4.15: EC matrix for each for each frequency and task type using the COH FC

Figure 4.16: Differences between REST EC matrix and every other tasktype for each frequency, EC fitted using the COH FC
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4.2 Simulating data and comparing with Experimental data

Table 4.4: Euclidean Distance between task’s EC for all frequency bands and methods with green and blue being values above
50th and 90th percentile of each method

COH PLV Envelope
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta mean

REST-MEL 4.21 4.99 4.80 3.36 3.45 2.93 3.32 3.52 3.14 3.75
REST-MER 3.73 3.01 2.67 3.14 2.98 3.16 3.21 3.04 2.91 3.09
REST-MIL 3.60 3.56 3.48 3.80 3.26 3.26 3.15 3.45 3.10 3.41
REST-MIR 3.51 3.77 3.00 2.95 3.06 3.20 3.16 3.17 3.07 3.21
MEL-MER 5.70 5.36 5.45 4.49 4.43 4.32 4.40 4.42 3.91 4.72
MEL-MIL 4.67 4.36 4.29 4.40 4.27 3.87 4.21 4.46 3.95 4.27
MEL-MIR 5.53 5.34 4.99 3.99 4.03 3.62 4.02 4.31 3.96 4.42
MER-MIL 4.89 3.66 3.90 4.82 4.37 4.14 4.19 4.12 3.85 4.22
MER-MIR 4.10 3.61 3.64 3.76 3.68 4.10 3.94 3.79 3.71 3.82
MIL-MIR 4.48 4.30 3.88 5.01 4.66 4.36 4.13 4.30 4.27 4.38
mean 4.44 4.2 4.01 3.97 3.82 3.7 3.77 3.86 3.59

4.2.3.1 FC Parameter Fit With Effective Connectivity

Parameters were explored using the same methods as in section 4.2.2 with the fitted EC for each
frequency and task type. In figures 4.17 and 4.18, the parameter exploration for the PLV metric is
shown. When compared to the fits using SC, it is still not possible to distinguish differences in behavior
for the different tasks, however the fits are much less noisy and with more well defined maximum and
minimum.

Other FC metrics are shown in section B.3. Table 4.5shows a summary of the exploration result
across all FC metrics as well as frequency bands and tasks. When compared to table 4.3, containing the
results of the initial parameter exploration using SC, the similarity increased drastically for all similarity
metrics. Across frequency bands and tasks the results are overall very similar. For the FC metrics, the
results are somewhat contradictory between ED and the other similarity metrics and as such there is no
clearly superior FC metric. PLV shows the largest increase in similarity, while still having the highest
ED, it is superior or equal to COH and Envelope FCs in the other metrics.
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Figure 4.17: G parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band for
the PLV FC metric. The a parameter is the bifurcation location determined for each frequency band. Each color corresponds to
a different task’s fit with a moving average filter and a dot on the best fit point. The actual fit is displayed in a less opaque color

Figure 4.18: a parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band
for the PLV FC metric. The G parameter was chosen for each structural connectivity based on the previous G parameter
exploration. Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The
actual fit is displayed in a less opaque color
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Table 4.5: Summary of a and G parameter exploration with EC. Best similarity metric values, averaged across different explored
variables

G exploration a exploration
ED dCor SSIM Pearson ED dCor SSIM Pearson

alpha 5.026 0.831 0.62 0.853 4.973 0.822 0.612 0.852
low beta 4.92 0.833 0.626 0.856 4.912 0.823 0.613 0.853
mid beta 4.949 0.836 0.623 0.86 4.878 0.827 0.615 0.857

MEL 4.907 0.833 0.627 0.856 4.867 0.823 0.62 0.855
MER 5.006 0.831 0.618 0.855 4.955 0.824 0.609 0.854
MIL 4.972 0.835 0.624 0.856 4.915 0.826 0.612 0.855
MIR 4.944 0.829 0.618 0.853 4.903 0.818 0.607 0.85

REST 4.996 0.839 0.63 0.86 4.965 0.829 0.617 0.857
COH 4.936 0.865 0.627 0.896 4.985 0.883 0.611 0.913

Envelope 3.628 0.751 0.587 0.778 3.638 0.729 0.576 0.761
PLV 6.331 0.884 0.655 0.894 6.141 0.86 0.652 0.888

4.2.3.2 Metastability and Coherence

The empirical metastability and coherence, as well as the a and G parameter did not allow for the
distinction of task types so it is only by using the EC that it becomes possible to fit. For each frequency,
respective supercritical bifurcation parameter a, FC metric and task, the metastability and coherence
are simulated for different G values, in a similar fashion to the initial G exploration. A logarithmic fit
is then done on the G parameter exploration to estimate which G value best reproduces the empirical
metastability and coherence. This is shown in figures 4.19 and 4.20 respectively, for the COH metric.
The remaining figures are shown in section A.3 of the appendices.

Figure 4.19: COH EC coherence and metastability G parameter fit for each frequency and the respective critical bifurcation
region parameter
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Figure 4.20: G parameter value estimated from the linear fits ,shown in 4.19.

The model is able to reproduce the empirical metastability and coherence however there is a large
amount of variance. This is reflected in the goodness of the fit, R2, that is particularly low for the
metastability. The estimated G values for coherence and metastability are gathered in tables 4.6 and 4.7,
respectively. For coherence G was highest for low beta, followed by mid beta, and then alpha frequencies,
however for metastability low beta becomes the frequency band with lowest estimated G.

Table 4.6: Estimated G values from coherence fitting

COH Envelope PLV
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta mean

REST 0.498 0.547 0.533 0.45 0.507 0.495 0.475 0.548 0.483 0.504
MEL 0.483 0.552 0.546 0.457 0.486 0.503 0.465 0.53 0.481 0.5
MER 0.473 0.57 0.54 0.446 0.522 0.487 0.458 0.557 0.482 0.504
MIL 0.465 0.564 0.527 0.459 0.491 0.467 0.44 0.549 0.451 0.49
MIR 0.498 0.612 0.54 0.464 0.522 0.497 0.498 0.564 0.486 0.52
mean 0.483 0.569 0.537 0.455 0.506 0.49 0.467 0.55 0.477
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Table 4.7: Estimated G values from metastability fitting

COH Envelope PLV
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta mean

REST 1.149 0.997 1.188 0.981 0.891 1.079 1.301 1.105 1.405 1.122
MEL 1.115 1.008 1.216 1.006 0.855 1.117 1.289 1.119 1.356 1.12
MER 1.141 1.013 1.17 1.026 0.903 1.042 1.372 1.119 1.315 1.122
MIL 1.052 0.996 1.2 1.064 0.873 1.047 1.371 1.088 1.395 1.121
MIR 1.161 1.019 1.199 1.005 0.916 1.053 1.347 1.144 1.393 1.137
mean 1.124 1.007 1.195 1.016 0.888 1.068 1.336 1.115 1.373

Tables 4.8 and 4.9 show differences in the estimated G values across tasks, with statistically signif-
icant differences (α < 0.05) displayed in bold. Looking at coherence, table 4.8, there seems to be a
clear trend across FC metrics and frequency bands where right side related tasks show higher G when
compared to left sided tasks. In the metastability results, table 4.9, there are less significant values and
no obvious trend, this is to be expected due to the very low R2.

Table 4.8: Task differences in estimated G (coherence), significant differences (α < 0.05) are displayed in bold

COH Envelope PLV
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta

REST-MEL 0.015 -0.005 -0.013 -0.007 0.021 -0.008 0.011 0.019 0.002
REST-MER 0.025 -0.023 -0.007 0.003 -0.015 0.009 0.017 -0.009 0.001
REST-MIL 0.033 -0.016 0.007 -0.009 0.016 0.029 0.035 -0.001 0.032
REST-MIR 0.0 -0.065 -0.007 -0.014 -0.016 -0.002 -0.023 -0.015 -0.003
MEL-MER 0.01 -0.018 0.006 0.011 -0.036 0.016 0.006 -0.027 -0.001
MEL-MIL 0.018 -0.011 0.019 -0.002 -0.004 0.036 0.025 -0.02 0.03
MEL-MIR -0.015 -0.06 0.006 -0.007 -0.036 0.006 -0.034 -0.034 -0.005
MER-MIL 0.008 0.007 0.014 -0.013 0.032 0.02 0.018 0.008 0.031
MER-MIR -0.025 -0.042 0.0 -0.017 -0.0 -0.01 -0.04 -0.007 -0.004
MIL-MIR -0.033 -0.049 -0.013 -0.005 -0.032 -0.031 -0.058 -0.015 -0.035

Table 4.9: Significant task differences in estimated G (metastability), significant differences (α < 0.05) are displayed in bold

COH Envelope PLV
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta

REST-MEL 0.033 -0.01 -0.028 -0.025 0.036 -0.038 0.013 -0.014 0.049
REST-MER 0.008 -0.016 0.018 -0.045 -0.012 0.038 -0.07 -0.014 0.089
REST-MIL 0.096 0.002 -0.012 -0.083 0.018 0.032 -0.07 0.017 0.009
REST-MIR -0.012 -0.021 -0.011 -0.023 -0.025 0.026 -0.046 -0.039 0.012
MEL-MER -0.026 -0.006 0.047 -0.02 -0.048 0.075 -0.083 0.0 0.04
MEL-MIL 0.063 0.012 0.017 -0.058 -0.018 0.07 -0.083 0.031 -0.04
MEL-MIR -0.046 -0.011 0.017 0.001 -0.061 0.064 -0.059 -0.025 -0.037
MER-MIL 0.089 0.018 -0.03 -0.038 0.03 -0.006 0.0 0.031 -0.08
MER-MIR -0.02 -0.006 -0.029 0.021 -0.013 -0.011 0.024 -0.025 -0.077
MIL-MIR -0.109 -0.023 0.001 0.059 -0.043 -0.006 0.024 -0.056 0.003
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4.2.3.3 Leading Eigenvector Dynamics Analysis

The parameter exploration done previously for a and G is repeated for the similarity between PMS
obtained through LEiDA and presented in figures 4.21 and 4.22. It does appear that the model simulates
the PMS somewhat successfully, but is not very useful at narrowing down a unique solution other than
the best a being at the bifurcation location as was already known.

Figure 4.21: G parameter exploration for each task and frequency band at the respective supercritical bifurcation. Each color
corresponds to a different task’s fit with a moving average filter. The actual fit is displayed in a less opaque color

Figure 4.22: a parameter exploration for each task and frequency band with G = 1. Each color corresponds to a different task’s
fit with a moving average filter. The actual fit is displayed in a less opaque color
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4.2.4 Final Model

As explained in section 3.7, for each frequency band, FC metric, and for each task the fully fitted
model is used to simulate 500 FCs, each with 50 epochs of simulated data. Figure 4.23 presents simulated
alpha Resting State Functional Connectivity for the different SC and EC, using a and G parameters found
in the previous fits that maximize similarity between empirical and simulated FC. Using EC drastically
improves the fit and also allows for the possibility of distinguishing task types through simulations, which
was not possible using the a and G parameters.

Figure 4.23: Simulated FC for the alpha frequency band using: the number of fibers as adjacency matrix, C, a = −4.5 and
G = 4 (show on the first row); the Tract Lengths as adjacency matrix, C, a =−4.5 and G = 1 (show on the second row); the FA
mean as adjacency matrix, C, a = −4.5 and G = 1 (show on the third row). On the last row the empirical FC is displayed for
comparison. Every FC was simulated according to the a and G parameters that maximized similarity. The similarity between
each simulated FC and the empirical FC are displayed above them using the metrics mentioned 3.6
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The Euclidean Distance between each task’s FC was calculated as done for the empirical data, shown
in figure 4.24 and 4.10. Here the results showed allow us to draw the similar conclusion that MEL-MER,
MIL-MIR and MEL-MIR show the highest ED. Non-REST comparisons exhibit stronger differences but
PLV and COH now have very similar means 1.08± 0.23 and 1.02± 0.22, respectively. There is a high
correlation between the simulated and empirical ED, shown in table 4.11.

Figure 4.24: Euclidean Distance between each simulated task’s FC for all frequencies and methods
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Table 4.10: Euclidean Distance between simulated task’s FC for all frequency bands and methods with green and blue being
values above 50th and 90th percentile of each method

COH PLV Envelope
alpha low beta mid beta alpha low beta mid beta alpha low beta mid beta mean

REST-MEL 1.088 1.25 1.25 0.975 1.105 0.998 0.71 0.74 0.611 0.97
REST-MER 1.194 0.894 0.625 0.911 0.809 0.923 0.604 0.537 0.464 0.77
REST-MIL 1.099 1.016 0.960 1.45 1.065 1.30 0.574 0.652 0.75 0.98
REST-MIR 0.983 1.24 0.644 1.026 0.905 0.856 0.675 0.637 0.520 0.83
MEL-MER 1.44 1.39 1.34 1.207 1.38 1.26 0.79 0.95 0.69 1.16
MEL-MIL 1.20 1.151 1.28 1.44 1.33 1.36 0.74 0.732 0.94 1.13
MEL-MIR 1.46 1.54 1.20 1.36 1.44 1.102 0.703 1.01 0.672 1.17
MER-MIL 1.46 0.964 1.12 1.59 1.41 1.138 0.703 0.80 0.79 1.11
MER-MIR 1.26 0.943 0.928 1.273 1.049 1.28 0.70 0.628 0.575 0.96
MIL-MIR 1.186 1.25 0.998 2.09 1.71 1.65 0.77 0.87 0.91 1.27
mean 1.24 1.16 1.03 1.33 1.22 1.19 0.7 0.76 0.69

Table 4.11: Pearson Correlation Coefficient between simulated and empirical task comparison ED shown in 4.24 and 4.4
respectively

method frequency correlation
COH alpha 0.867
COH low beta 0.908
COH mid beta 0.874
PLV alpha 0.95
PLV low beta 0.939
PLV mid beta 0.885
Envelope alpha 0.963
Envelope low beta 0.799
Envelope mid beta 0.847

As was done in the empirical dataset, the simulated data is analyzed for statistically significance.
The results averaged across node connections are shown in table 4.12. Tables and box-plots are shown
in section B.5 (to reduce bloat for each table only differences above a certain value specific to each table
where shown). PLV is the most sensitive metric, and Envelope the least. Overall non-REST comparisons
still exhibit stronger differences, with the top three remaining unchanged. Despite maintaining the same
trend, all the differences are lower in value.

Table 4.12: Average absolute simulated FC task differences for all metrics and frequency bands. Only statistical significant
differences (α < 0.05) were considered

metric frequency REST-MEL REST-MER REST-MIL REST-MIR MEL-MER MEL-MIL MEL-MIR MER-MIL MER-MIR MIL-MIR mean

COH
alpha 0.0185 0.0197 0.0183 0.0173 0.0243 0.0196 0.0242 0.0243 0.0214 0.0195 0.0207

low beta 0.021 0.0159 0.0178 0.0225 0.0241 0.0194 0.0265 0.0163 0.0167 0.0209 0.0201
mid beta 0.0212 0.0109 0.0167 0.0108 0.0223 0.0219 0.02 0.0193 0.0155 0.0167 0.0175

Envelope
alpha 0.0119 0.0101 0.0095 0.0119 0.013 0.0125 0.0119 0.0114 0.012 0.013 0.0117

low beta 0.0129 0.0093 0.0109 0.0105 0.0169 0.0122 0.0177 0.014 0.0105 0.0146 0.0129
mid beta 0.0106 0.0079 0.013 0.0086 0.0113 0.0159 0.0109 0.0132 0.0094 0.0156 0.0117

PLV
alpha 0.0159 0.0152 0.0251 0.0178 0.0197 0.024 0.0225 0.0267 0.0222 0.0358 0.0225

low beta 0.0185 0.013 0.0178 0.0152 0.0231 0.0227 0.0245 0.0234 0.0169 0.0282 0.0203
mid beta 0.0162 0.0153 0.0226 0.0142 0.0203 0.0224 0.0178 0.0194 0.0215 0.0278 0.0197

mean 0.0163 0.013 0.0168 0.0143 0.0195 0.019 0.0196 0.0187 0.0162 0.0213
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4. RESULTS

4.2.4.1 Overlap between Statistical Significant Differences

The overlap between the empirical and simulated statistical significant differences is then calculated
to gives another indicator of the model’s performance. Each metric is permutation tested with 10000
permutations and FDR corrected.

The overlap in statistical significant differences for each connection, is shown in full in table B.10 and
averaged across frequency bands, FC metrics and task comparisons in table 4.13. The model shows an
extremely high PPV and TPR, indicating it is very reliable and a simulated significant difference is most
likely correct, matching the empirical data as well as that most differences are being simulated. Despite
this, TNR and NPV are low indicating that empirically connections showing no significant difference
can show a difference in the simulation. This might happen as there is a large class disparity, with most
nodes showing significant differences.

Envelope has the best PPV but lowest TPR, so it is more conservative that the other FC metrics. COH
is the opposite showing the highest TPR and lowest PPV indicating it finds more True Positive however
it has also less accurate. Something similar is seen with brain states: REST comparisons are less accurate
when compared non-REST ones; MEL-MER, MIL-MIR and MEL-MIR show the highest performance,
with non REST comparisons being inferior in accordance with the empirical analysis.

Table 4.13: Average overlap metrics for each task comparison, FC method, and frequency band

PPV TPR NPV TNR

MIL-MIR 0.900 ± 0.019 0.877 ± 0.048 0.162 ± 0.045 0.200 ± 0.091
MEL-MER 0.915 ± 0.010 0.867 ± 0.054 0.158 ± 0.028 0.230 ± 0.078
MEL-MIR 0.908 ± 0.011 0.864 ± 0.074 0.161 ± 0.034 0.225 ± 0.109
MEL-MIL 0.906 ± 0.017 0.856 ± 0.051 0.172 ± 0.035 0.249 ± 0.081
MER-MIL 0.909 ± 0.014 0.838 ± 0.059 0.160 ± 0.029 0.268 ± 0.098
REST-MIL 0.884 ± 0.022 0.835 ± 0.087 0.191 ± 0.040 0.252 ± 0.102
REST-MEL 0.898 ± 0.008 0.833 ± 0.064 0.187 ± 0.040 0.278 ± 0.075
MER-MIR 0.901 ± 0.020 0.827 ± 0.084 0.179 ± 0.033 0.287 ± 0.129
REST-MIR 0.882 ± 0.020 0.804 ± 0.084 0.189 ± 0.033 0.289 ± 0.102
REST-MER 0.885 ± 0.018 0.788 ± 0.088 0.202 ± 0.029 0.338 ± 0.127

COH 0.887 ± 0.020 0.903 ± 0.028 0.197 ± 0.039 0.169 ± 0.036
PLV 0.894 ± 0.012 0.847 ± 0.045 0.186 ± 0.029 0.259 ± 0.074

Envelope 0.914 ± 0.013 0.760 ± 0.055 0.149 ± 0.020 0.367 ± 0.075
low beta 0.900 ± 0.018 0.846 ± 0.070 0.181 ± 0.039 0.255 ± 0.086

alpha 0.896 ± 0.016 0.839 ± 0.076 0.178 ± 0.036 0.260 ± 0.118
mid beta 0.898 ± 0.023 0.827 ± 0.075 0.173 ± 0.035 0.276 ± 0.108
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Chapter 5

Conclusions

The aim of this thesis was to build a Brain Network Model that not only models motor execution and
imagery, but would also allow for further study in the context of electric stimulation and neural patholo-
gies. EEG data recorded from 21 healthy right-handed subjects during rest, left and right handed motor
execution and imagery tasks was used to calculate Functional Connectivity. Two approaches were taken
to analyse the FC: the Euclidean Distance (ED) between the grand average FC of each task; a statistical
analysis of the differences in FC for each element at every individual connection. Both approaches gave
similar results, with MEL-MER, MIL-MIR and MEL-MIR showing the largest differences. Of the three
FC metrics used (COH, PLV, Envelope) PLV shows the largest differences between tasks followed by
COH, with Envelope showing the least.

The normal form of the Hopf bifurcation, used to model the dynamics of neuron populations, has
a bifurcation at a = 0 and it is in this region that it best models brain activity [36, 35, 78, 56, 34]. It
was verified that the bifurcation is shifted to the left of 0 at higher frequencies, with a higher frequency
requiring a bigger shift. This does not occur at the lower frequencies used in fMRI. Once the shifted
a parameter was found, the model worked as expected supporting the necessity of accounting for the
impact of frequency in ’a’.

The a and G parameter exploration was done across frequency bands, FC metrics, and SCs, the C
parameter. The G parameter exploration, done with the a parameter set at the bifurcation location. FA
mean and Tract Lengths show similar trend with FA mean achieving a superior score in almost every
metric except the ED where the results are very similar. While the number of fibers can achieve similar
metric scores, the explorations tend to be constant with a growing G value, FA mean shows a higher
tendency to form unique solutions (maximum or minimum). Analyzing the a parameter exploration
there is generally a decrease in similarity as the model starts fully oscillating. Outside the oscillating
regime, as the a value increase the similarity is either constant or there is a slight increase until the
bifurcation. Both parameters behave in the same manner across tasks as expected, since the brain states
are very similar and their slight differences would manifest in such global variables.

For the EC fit, a first approach was taken where the EC was fitted with the three possible SC and no
difference was found. Since the FA mean determined allowed for the best a and G parameter exploration
it was chosen as the starting point of the definitive initial EC fit. An EC was fitted for each FC metric,
frequency band and task. The analysis of the final ECs reflected the results obtained in the initial analysis
of the FC however, despite PLV initially being the most sensitive to differences in brain states, the EC
matrix fitted using the COH FC shows larger differences when compared to the one fitted using the PLV
metric. The a and G parameters were re-explored using the EC instead of the SC showing a drastically
higher similarity and less noisy behavior. Across different tasks there is still no apparent difference. The
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5. CONCLUSIONS

ED, when compared to other metrics, shows much more constrained results and might be a key metric
when exploring other brain states that differ significantly such has neural pathologies.

Other than the FC, three other metrics were fitted for: coherence, metastability, and PMS obtained
through LEiDA. Global coherence is defined as the temporal average of the Kuramoto Order Parameter
and reflects the overall level of synchronization across brain regions. This metric is very well constrained
by the global coupling parameter G and the model is able to replicate the empirical values. Further
analysis indicates: higher synchronization at the beta frequency bands compared to the alpha band;
higher synchronization in right handed tasks when compared to left handed tasks further supported by
the FC analysis that showed left and right handed tasks have the highest distinction, which may be
related to all of the data being gathered from right-handed individuals. Metastability is defined as the
temporal average of the Kuramoto Order Parameter and reflects variation in synchronization over time.
The model is able to simulate activity with the empirical metastability, however the G parameter has very
little effect on it, which is translated in a very low value of R2. Because of this, we conclude that results
obtained from this metric may not be very reliable. LEiDA is a fairly recent technique and has only been
applied to fMRI data. The optimal number of PMS identified from the cluster analysis is two which,
although feasible, does not lead to any useful or new insights about the studied brain states. It seems that
LEiDA can be used successfully on EEG data, however adjustments might be required to produce useful
insights. Similar to the results obtained from metastability, the model is able to reproduce empirical
results, possibly due to the EC, however other parameters have little to no effect on it. This indicates
that the model has the possibility to successfully replicate dynamic behavior but there is not a method to
adjust or control it.

Overall, the final model is able to reproduce the empirical FC with very high similarity across fre-
quency bands and metrics. Moreover, the differences between brain states are not only captured globally
but are also simulated with high precision and sensitivity at the node and connection levels. However,
despite this strong correspondence in static connectivity, the model still presents limitations in reproduc-
ing realistic temporal dynamics. These results highlight both the strength of the model as a mechanistic
framework for Functional Connectivity and the need for further refinements to better capture the tran-
sient, dynamical aspects of brain activity.

Although this thesis focused exclusively on Resting State and motor-related (Motor Execution and
Motor Imagery (MI)) EEG data, the modeling framework developed here provides a foundation for
broader applications. In future work, this approach will be extended to the study of neural pathologies and
the effects of electrical stimulation. Given that the current model successfully reproduces FC and state-
dependent differences in healthy conditions—and considering that Hopf-based whole-brain models have
already been effectively applied to simulate alterations in brain dynamics associated with neurological
disorders and stimulation paradigms—the extension of this framework to pathological brain states is
expected to yield even more distinct and interpretable differences, further validating its clinical and
theoretical relevance.
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Appendix A

Experimental data

Figure A.1 presents the resting state FC for all subjects. Figures A.2 to A.4 present FC metrics for
REST and other tasks (MI and ME of left or right hand). Figures A.5 to A.7 present differences in each
FC metric between REST and tasks. The latter were determined only considering subjects included for
FC analysis.

A.1 Functional Connectivity

Figure A.1: Resting State Functional Connectivity for all subjects
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A. EXPERIMENTAL DATA

Figure A.2: COH FC during rest and other tasks.

Figure A.3: PLV FC during rest and other tasks.
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A.1 Functional Connectivity

Figure A.4: Envelope FC during rest and other tasks.

Figure A.5: COH FC difference between rest and other tasks.
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A. EXPERIMENTAL DATA

Figure A.6: PLV FC difference between rest and other tasks.

Figure A.7: Envelope FC difference between rest and other tasks.
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A.2 Functional Connectivity Statistical Differences

A.2 Functional Connectivity Statistical Differences

Tables A.1 to A.9 show the highest statistically significant (α < 0.05) differences for each FC metric
and frequency band. Figure A.8 shows the box plots of all statistically significant (α < 0.05) differences
for each FC metric and frequency band.

Table A.1: COH alpha FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.175.

REST-MEL MEL-MER MEL-MIL MEL-MIR MER-MIL MIL-MIR
metric frequency connection

COH alpha lateralorbitofrontal-rh - parsorbitalis-rh 0.182
lateralorbitofrontal-rh - cuneus-rh 0.18

lateralorbitofrontal-rh - entorhinal-rh 0.186 -0.187
lateralorbitofrontal-rh - temporalpole-rh 0.187

parsorbitalis-rh - entorhinal-rh 0.201 0.194
parsorbitalis-rh - temporalpole-lh -0.184

parsorbitalis-rh - insula-lh -0.191
parstriangularis-rh - temporalpole-rh 0.191 -0.175

parstriangularis-rh - superiortemporal-rh 0.198
rostralmiddlefrontal-rh - transversetemporal-lh 0.18

lateralorbitofrontal-lh - parsopercularis-lh -0.176
parstriangularis-lh - supramarginal-lh -0.204

precentral-lh - supramarginal-lh -0.188
posteriorcingulate-lh - supramarginal-lh 0.203

posteriorcingulate-lh - superiorparietal-lh 0.233
supramarginal-lh - temporalpole-lh -0.188

supramarginal-lh - transversetemporal-lh -0.223 -0.209
supramarginal-lh - insula-lh -0.183

lingual-lh - entorhinal-lh -0.189
entorhinal-lh - superiortemporal-lh -0.175
bankssts-lh - superiortemporal-lh -0.188

bankssts-lh - transversetemporal-lh -0.183

Table A.2: COH low beta FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.175.

REST-MEL MEL-MER MEL-MIR MIL-MIR
metric frequency connection

COH low beta parsorbitalis-rh - entorhinal-rh 0.188
parsorbitalis-rh - temporalpole-rh 0.189 0.176

parsorbitalis-rh - insula-rh 0.214
rostralmiddlefrontal-rh - cuneus-lh 0.176

precuneus-rh - cuneus-rh 0.176
temporalpole-rh - superiortemporal-rh 0.179 0.178

lateralorbitofrontal-lh - superiortemporal-lh 0.213
precentral-lh - paracentral-lh -0.234 0.194

posteriorcingulate-lh - cuneus-lh 0.195
posteriorcingulate-lh - pericalcarine-lh 0.197 0.213

postcentral-lh - bankssts-lh -0.181
fusiform-lh - inferiortemporal-lh 0.215
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A. EXPERIMENTAL DATA

Table A.3: COH mid beta FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.175.

REST-MEL MEL-MER MEL-MIL MEL-MIR
metric frequency connection

COH mid beta lateralorbitofrontal-rh - parsorbitalis-rh 0.183
lateralorbitofrontal-rh - temporalpole-rh 0.183

parsorbitalis-rh - frontalpole-rh 0.186
parsorbitalis-rh - temporalpole-rh -0.199 0.237 0.182 0.228

parsorbitalis-rh - insula-rh 0.187
parstriangularis-rh - temporalpole-rh 0.188

paracentral-rh - precentral-lh -0.189 0.193
posteriorcingulate-rh - precentral-lh -0.179 0.198

precentral-lh - paracentral-lh -0.196 0.189

Table A.4: PLV alpha FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.2.

REST-MIL MEL-MER MEL-MIL MEL-MIR MER-MIL MIL-MIR
metric frequency connection

PLV alpha parsorbitalis-rh - parstriangularis-rh 0.202
medialorbitofrontal-rh - middletemporal-rh 0.203
parsopercularis-rh - lateralorbitofrontal-lh 0.235

parsopercularis-rh - parsorbitalis-lh 0.225
parsopercularis-rh - frontalpole-lh 0.219

superiorfrontal-rh - fusiform-lh -0.206
rostralanteriorcingulate-rh - inferiortemporal-lh -0.202

posteriorcingulate-rh - precentral-lh 0.2
posteriorcingulate-rh - inferiortemporal-lh 0.235
isthmuscingulate-rh - inferiorparietal-rh -0.222 0.208

inferiorparietal-rh - precuneus-rh -0.282
inferiorparietal-rh - pericalcarine-rh 0.233 0.21

inferiorparietal-rh - lingual-rh -0.202
inferiorparietal-rh - isthmuscingulate-lh -0.205

inferiorparietal-rh - transversetemporal-lh -0.21
parahippocampal-rh - bankssts-rh -0.208 0.218

parahippocampal-rh - transversetemporal-lh 0.214
temporalpole-rh - caudalmiddlefrontal-lh 0.204
temporalpole-rh - transversetemporal-lh 0.204

middletemporal-rh - medialorbitofrontal-lh 0.264
superiortemporal-rh - transversetemporal-rh 0.207

insula-rh - transversetemporal-lh -0.218 0.221
frontalpole-lh - precentral-lh -0.208 -0.2 0.223

medialorbitofrontal-lh - postcentral-lh -0.203
parstriangularis-lh - precentral-lh -0.206
superiorfrontal-lh - precentral-lh 0.21 -0.2
precentral-lh - superiorparietal-lh 0.213 0.21
precentral-lh - inferiorparietal-lh 0.222

precentral-lh - precuneus-lh 0.207
pericalcarine-lh - transversetemporal-lh -0.213

lingual-lh - transversetemporal-lh -0.22
fusiform-lh - transversetemporal-lh -0.237
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A.2 Functional Connectivity Statistical Differences

Table A.5: PLV low beta FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.2.

MEL-MER MEL-MIL MEL-MIR MER-MIL MIL-MIR
metric frequency connection

PLV low beta parsorbitalis-rh - rostralmiddlefrontal-rh 0.201
parsorbitalis-rh - entorhinal-rh 0.225

parstriangularis-rh - superiortemporal-lh 0.248
rostralmiddlefrontal-rh - superiorparietal-rh 0.202

paracentral-rh - parahippocampal-lh 0.216
paracentral-rh - inferiortemporal-lh 0.227

caudalanteriorcingulate-rh - precuneus-rh 0.211
caudalanteriorcingulate-rh - transversetemporal-lh 0.202

precuneus-rh - caudalanteriorcingulate-lh 0.205
temporalpole-rh - transversetemporal-lh 0.201

superiortemporal-rh - transversetemporal-rh 0.212
parstriangularis-lh - precentral-lh 0.237

paracentral-lh - fusiform-lh 0.213
posteriorcingulate-lh - inferiortemporal-lh 0.21

Table A.6: PLV mid beta FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.2.

REST-MEL MEL-MER MEL-MIL MEL-MIR MER-MIL MER-MIR MIL-MIR
metric frequency connection

PLV mid beta parsorbitalis-rh - parstriangularis-rh 0.22
parsorbitalis-rh - insula-rh 0.216

parstriangularis-rh - superiortemporal-lh 0.225
superiorfrontal-rh - supramarginal-lh 0.225

superiorfrontal-rh - lingual-lh 0.209
paracentral-rh - entorhinal-rh 0.228

isthmuscingulate-rh - caudalanteriorcingulate-lh -0.2
superiorparietal-rh - parsorbitalis-lh -0.222

entorhinal-rh - paracentral-lh 0.208
entorhinal-rh - precuneus-lh 0.234

temporalpole-rh - caudalmiddlefrontal-lh -0.216
temporalpole-rh - transversetemporal-lh -0.216

insula-rh - transversetemporal-lh 0.222
parsorbitalis-lh - lateraloccipital-lh -0.204 0.232
parstriangularis-lh - precentral-lh 0.227 -0.209

parsopercularis-lh - inferiortemporal-lh -0.23
postcentral-lh - bankssts-lh -0.202

temporalpole-lh - transversetemporal-lh -0.219

Table A.7: Envelope alpha FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.12.

MEL-MER MEL-MIL MEL-MIR MER-MIL MER-MIR MIL-MIR
metric frequency connection

Envelope alpha rostralmiddlefrontal-rh - superiorfrontal-rh -0.121 0.14
superiorfrontal-rh - rostralmiddlefrontal-lh -0.12

postcentral-rh - superiorparietal-lh -0.133
precuneus-rh - isthmuscingulate-lh -0.124

cuneus-rh - precentral-lh -0.133
lateraloccipital-rh - pericalcarine-lh 0.127

lingual-rh - fusiform-rh 0.13
superiortemporal-rh - parsopercularis-lh 0.126

lingual-lh - transversetemporal-lh -0.137
fusiform-lh - transversetemporal-lh -0.136
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A. EXPERIMENTAL DATA

Table A.8: Envelope low beta FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.12.

MEL-MER MEL-MIL MEL-MIR MIL-MIR
metric frequency connection

Envelope low beta precentral-rh - isthmuscingulate-lh 0.121
posteriorcingulate-rh - precuneus-rh 0.137

postcentral-rh - supramarginal-lh -0.138
medialorbitofrontal-lh - insula-lh 0.121

caudalanteriorcingulate-lh - superiortemporal-lh 0.128
superiorparietal-lh - middletemporal-lh 0.144

precuneus-lh - fusiform-lh 0.132
precuneus-lh - middletemporal-lh 0.146

cuneus-lh - middletemporal-lh 0.12 0.124
pericalcarine-lh - middletemporal-lh 0.132 0.144

Table A.9: Envelope mid beta FC difference between tasks in all node connections. All FC diferences are statistically significant
(α < 0.05) and > 0.12.

MEL-MIL MEL-MIR MER-MIL MIL-MIR
metric frequency connection

Envelope mid beta medialorbitofrontal-rh - insula-rh 0.131
parstriangularis-rh - rostralmiddlefrontal-rh 0.129

parstriangularis-rh - rostralanteriorcingulate-rh 0.122
parstriangularis-rh - caudalanteriorcingulate-rh 0.122

parstriangularis-rh - lateraloccipital-lh -0.127
posteriorcingulate-rh - caudalanteriorcingulate-lh -0.123

supramarginal-rh - superiorparietal-rh -0.123
bankssts-rh - superiorparietal-lh 0.121

superiortemporal-rh - lateralorbitofrontal-lh -0.131
parsorbitalis-lh - insula-lh -0.131

medialorbitofrontal-lh - insula-lh 0.137
cuneus-lh - temporalpole-lh -0.12
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A.3 Metastability and Coherence

Figure A.8: Box plots of absolute significant differences for all task comparisons frequency bands and FC metrics

A.3 Metastability and Coherence

Figures A.9 and A.10 show the distribution of the empirical metastability and coherence for each
task.

Figure A.9: Coherence distribution for all events and frequency bands
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A. EXPERIMENTAL DATA

Figure A.10: Metastability distribution for all events and frequency bands
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Appendix B

Simulation data

B.1 Structural Connectivity Parameter exploration

Figures B.1 to B.9 show the exploration of the G parameter across FC metrics, SC metrics, frequency
bands. Figures B.10 to B.18 show the exploration of the a parameter across FC metrics, SC metrics,
frequency bands.

B.1.1 G parameter

Figure B.1: G parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the alpha
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.
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B. SIMULATION DATA

Figure B.2: G parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the low beta
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.

Figure B.3: G parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the mid beta
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.
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B.1 Structural Connectivity Parameter exploration

Figure B.4: G parameter exploration using Number of fibers as the adjacency connectivity matrix, C, for every task at the alpha
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.

Figure B.5: G parameter exploration using Number of fibers as the adjacency connectivity matrix, C, for every task at the low
beta frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a
moving average filter and a dot on the best fit point. The actual fits are the shaded profiles.
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B. SIMULATION DATA

Figure B.6: G parameter exploration using Number of fibers as the adjacency connectivity matrix, C, for every task at the mid
beta frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a
moving average filter and a dot on the best fit point. The actual fits are the shaded profiles.

Figure B.7: G parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for every task at the alpha
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.
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B.1 Structural Connectivity Parameter exploration

Figure B.8: G parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for every task at the low beta
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.

Figure B.9: G parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for every task at the mid beta
frequency and the respective supercritical bifurcation parameter. Each color corresponds to a different task’s fit with a moving
average filter and a dot on the best fit point. The actual fits are the shaded profiles.
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B. SIMULATION DATA

B.1.2 a parameter

Figure B.10: a parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the alpha
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.

Figure B.11: a parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the low beta
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.
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B.1 Structural Connectivity Parameter exploration

Figure B.12: a parameter exploration using FA mean as the adjacency connectivity matrix, C, for every task at the mid beta
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.

Figure B.13: a parameter exploration using Number of fibers as the adjacency connectivity matrix, C, for every task at the
alpha frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration.
Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.
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B. SIMULATION DATA

Figure B.14: a parameter exploration using Number of fibers as the adjacency connectivity matrix, C, for every task at the low
beta frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration.
Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.

Figure B.15: a parameter exploration using Number of fibers as the adjacency connectivity matrix, C, for every task at the mid
beta frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration.
Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.
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B.1 Structural Connectivity Parameter exploration

Figure B.16: a parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for every task at the alpha
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.

Figure B.17: a parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for every task at the low beta
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.
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B. SIMULATION DATA

Figure B.18: a parameter exploration using Tract lengths as the adjacency connectivity matrix, C, for every task at the mid beta
frequency. The g parameter was chosen for each structural connectivity based on the previous g parameter exploration. Each
color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fits are the
shaded profiles.

B.2 Effective Connectivity fit

Figures B.19 to B.21 show the EC fitting for each FC metric and frequency, using the FA mean SC
metric. Figures B.22 to B.27 show the final EC for each FC metric and frequency band as well as the
differences in each EC between REST and other tasks.
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B.2 Effective Connectivity fit

Figure B.19: EC fit for each task type and frequency at respective supercritical bifurcation parameter and G = 1 using the COH
FC. Each color corresponds to a fit with a different task type with a moving average filter. The actual fit is displayed in a less
opaque color.

Figure B.20: EC fit for each task type and frequency at respective supercritical bifurcation parameter and G = 1 using the PLV
FC. Each color corresponds to a fit with a different task type with a moving average filter. The actual fit is displayed in a less
opaque color.
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B. SIMULATION DATA

Figure B.21: EC fit for each task type and frequency at respective supercritical bifurcation parameter and G = 1 using the
Envelope FC. Each color corresponds to a fit with a different task type with a moving average filter. The actual fit is displayed
in a less opaque color.

Figure B.22: EC matrix for each for each frequency and task type using the COH FC
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B.2 Effective Connectivity fit

Figure B.23: Differences between REST EC matrix and every other tasktype for each frequency, EC fitted using the COH FC.

Figure B.24: EC matrix for each for each frequency and task type using the PLV FC
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B. SIMULATION DATA

Figure B.25: Differences between REST EC matrix and every other tasktype for each frequency, EC fitted using the PLV FC.

Figure B.26: EC matrix for each for each frequency and task type using the Envelope FC
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B.3 Parameter exploration with Effective Connectivity Matrix

Figure B.27: Differences between REST EC matrix and every other tasktype for each frequency, EC fitted using the Envelope
FC.

B.3 Parameter exploration with Effective Connectivity Matrix

Figures B.28 to B.33 show the G and a parameter exploration using EC across FC metrics and
frequency bands.

Figure B.28: G parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band for
the COH FC metric. The a parameter is the bifurcation location determined for each frequency band. Each color corresponds
to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fit is displayed in a less opaque
color

91



B. SIMULATION DATA

Figure B.29: G parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band
for the Envelope FC metric. The a parameter is the bifurcation location determined for each frequency band. Each color
corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The actual fit is displayed in a
less opaque color

Figure B.30: G parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band for
the PLV FC metric. The a parameter is the bifurcation location determined for each frequency band. Each color corresponds to
a different task’s fit with a moving average filter and a dot on the best fit point. The actual fit is displayed in a less opaque color
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B.3 Parameter exploration with Effective Connectivity Matrix

Figure B.31: a parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band
for the COH FC metric. The G parameter was chosen for each structural connectivity based on the previous G parameter
exploration. Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The
actual fit is displayed in a less opaque color

Figure B.32: a parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band
for the Envelope FC metric. The G parameter was chosen for each structural connectivity based on the previous G parameter
exploration. Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The
actual fit is displayed in a less opaque color
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B. SIMULATION DATA

Figure B.33: a parameter exploration using EC as the adjacency connectivity matrix, C, for every task and frequency band
for the PLV FC metric. The G parameter was chosen for each structural connectivity based on the previous G parameter
exploration. Each color corresponds to a different task’s fit with a moving average filter and a dot on the best fit point. The
actual fit is displayed in a less opaque color

B.4 Metastability and coherence fit

Figures B.34 to B.36 show the metastability and coherence for different G values, using EC for each
FC metrics and frequency bands. Figures B.37 to B.39 show the estimated G parameter that reproduces
the empirical metastability and coherence values base on fits from figures B.34 to B.36.

94



B.4 Metastability and coherence fit

Figure B.34: COH EC coherence and metastability G parameter fit for each frequency and the respective critical bifurcation
region parameter.

Figure B.35: Envelope EC coherence and metastability G parameter fit for each frequency and the respective critical bifurcation
region parameter.
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B. SIMULATION DATA

Figure B.36: PLV EC coherence and metastability G parameter fit for each frequency and the respective critical bifurcation
region parameter.

Figure B.37: G parameter value estimated from the linear fits, shown in figure B.34.
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B.5 Simulated Functional Connectivity Statistical Differences

Figure B.38: G parameter value estimated from the linear fits, shown in figure B.35.

Figure B.39: G parameter value estimated from the linear fits, shown in figure B.36.

B.5 Simulated Functional Connectivity Statistical Differences

Tables B.1 to B.9 show the highest statistically significant (α < 0.05) differences for each simulated
FC metric and frequency band. Figure B.40 shows the box plots of all statistically significant (α < 0.05)
differences for each simulated FC metric and frequency band.
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B. SIMULATION DATA

Table B.1: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.115) for COH alpha

REST-MEL MEL-MIL MEL-MIR MER-MIL MIL-MIR
method frequency node

COH alpha lateralorbitofrontal-rh-cuneus-rh 0.12
lateralorbitofrontal-rh-superiortemporal-rh 0.116

parsorbitalis-rh-entorhinal-rh 0.12
medialorbitofrontal-rh-cuneus-rh 0.119

rostralanteriorcingulate-rh-cuneus-rh 0.124
cuneus-rh-medialorbitofrontal-lh 0.125

cuneus-rh-rostralanteriorcingulate-lh 0.12
parstriangularis-lh-supramarginal-lh -0.137

rostralmiddlefrontal-lh-supramarginal-lh -0.127
caudalmiddlefrontal-lh-supramarginal-lh -0.116

precentral-lh-supramarginal-lh -0.12
posteriorcingulate-lh-superiorparietal-lh 0.136

supramarginal-lh-fusiform-lh -0.127
supramarginal-lh-temporalpole-lh -0.144

supramarginal-lh-transversetemporal-lh -0.142 -0.12
supramarginal-lh-insula-lh -0.135

Table B.2: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.115) for COH low beta

REST-MEL MEL-MIR
method frequency node

COH low beta lateralorbitofrontal-rh-superiortemporal-rh 0.117
parsorbitalis-rh-superiortemporal-rh 0.128

parsorbitalis-rh-insula-rh 0.127
cuneus-rh-medialorbitofrontal-lh 0.121

temporalpole-rh-superiortemporal-rh 0.116
precentral-lh-paracentral-lh -0.151

precentral-lh-posteriorcingulate-lh -0.122

Table B.3: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.115) for COH mid beta

REST-MEL MEL-MER MEL-MIR
method frequency node

COH mid beta parsorbitalis-rh-temporalpole-rh 0.122 0.124
parsorbitalis-rh-insula-rh 0.116

precentral-lh-paracentral-lh -0.135 0.12
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Table B.4: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.12) for PLV alpha

REST-MIL MEL-MER MEL-MIL MEL-MIR MER-MIL MIL-MIR
method frequency node

PLV alpha lateralorbitofrontal-rh-middletemporal-rh -0.14 0.137
parsorbitalis-rh-frontalpole-rh 0.153

parsorbitalis-rh-medialorbitofrontal-rh 0.13
parsorbitalis-rh-parstriangularis-rh 0.153 0.143

parsorbitalis-rh-rostralanteriorcingulate-rh 0.126
parsorbitalis-rh-entorhinal-rh 0.129

parsorbitalis-rh-insula-rh 0.128
parsorbitalis-rh-rostralanteriorcingulate-lh 0.126

parsorbitalis-rh-parahippocampal-lh 0.124
parsorbitalis-rh-entorhinal-lh 0.133

frontalpole-rh-middletemporal-rh -0.122 -0.146 0.146
medialorbitofrontal-rh-middletemporal-rh -0.126 0.13

parstriangularis-rh-middletemporal-rh -0.128 0.131
precentral-rh-transversetemporal-rh 0.126

paracentral-rh-inferiorparietal-rh -0.127
isthmuscingulate-rh-precentral-lh 0.123

cuneus-rh-pericalcarine-rh 0.125
cuneus-rh-pericalcarine-lh 0.136

parahippocampal-rh-bankssts-rh -0.156 0.147
parahippocampal-rh-transversetemporal-rh -0.146 0.132

temporalpole-rh-middletemporal-rh -0.136
middletemporal-rh-bankssts-rh -0.121

middletemporal-rh-lateralorbitofrontal-lh -0.127 0.14
middletemporal-rh-parsorbitalis-lh 0.127
middletemporal-rh-frontalpole-lh -0.121 -0.139 0.132

middletemporal-rh-medialorbitofrontal-lh -0.134 -0.152 0.159
middletemporal-rh-rostralmiddlefrontal-lh 0.13

superiorfrontal-lh-precentral-lh 0.138 0.128 -0.136 0.126
precentral-lh-posteriorcingulate-lh 0.128
precentral-lh-superiorparietal-lh 0.131 0.14

precentral-lh-precuneus-lh 0.146
supramarginal-lh-precuneus-lh 0.125

fusiform-lh-transversetemporal-lh -0.123

Table B.5: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.12) for PLV low beta

REST-MER MEL-MER MEL-MIR MER-MIL MIL-MIR
method frequency node

PLV low beta lateralorbitofrontal-rh-parsorbitalis-rh 0.122
parsorbitalis-rh-frontalpole-rh 0.138

parsorbitalis-rh-medialorbitofrontal-rh 0.124
parsorbitalis-rh-parstriangularis-rh 0.122 0.161

parsorbitalis-rh-entorhinal-rh 0.121 0.145
parsorbitalis-rh-insula-rh 0.121

parsorbitalis-rh-entorhinal-lh 0.129
caudalmiddlefrontal-rh-superiortemporal-rh 0.124 0.132

precentral-rh-transversetemporal-rh 0.121
posteriorcingulate-rh-supramarginal-lh -0.121

parahippocampal-rh-transversetemporal-rh 0.12 0.131
superiortemporal-rh-transversetemporal-rh 0.134 0.121

superiorfrontal-lh-precentral-lh 0.144 0.127
paracentral-lh-supramarginal-lh -0.125

posteriorcingulate-lh-supramarginal-lh -0.122
supramarginal-lh-precuneus-lh -0.12

temporalpole-lh-transversetemporal-lh -0.13
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Table B.6: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.12) for PLV mid beta

REST-MIL MEL-MER MEL-MIL MER-MIR MIL-MIR
method frequency node

PLV mid beta parsorbitalis-rh-frontalpole-rh 0.145
parsorbitalis-rh-medialorbitofrontal-rh 0.14

parsorbitalis-rh-parstriangularis-rh -0.12 0.12 0.161
parsorbitalis-rh-rostralanteriorcingulate-rh 0.14

precentral-rh-transversetemporal-rh 0.123
rostralanteriorcingulate-rh-parsopercularis-lh 0.127

bankssts-rh-superiortemporal-rh 0.141
parstriangularis-lh-parsopercularis-lh 0.122

temporalpole-lh-transversetemporal-lh -0.146

Table B.7: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.065) for Envelope alpha

MEL-MER MER-MIL
method frequency node

Envelope alpha rostralmiddlefrontal-rh-superiorfrontal-rh 0.071
pericalcarine-lh-superiortemporal-lh -0.069

lingual-lh-superiortemporal-lh -0.065
lingual-lh-transversetemporal-lh -0.069

fusiform-lh-transversetemporal-lh -0.073

Table B.8: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.065) for Envelope low beta

REST-MIR MEL-MER MEL-MIR MER-MIR MIL-MIR
method frequency node

Envelope low beta lateralorbitofrontal-rh-transversetemporal-lh 0.069
frontalpole-rh-transversetemporal-lh 0.067

medialorbitofrontal-rh-transversetemporal-lh 0.068
parstriangularis-rh-rostralanteriorcingulate-rh 0.066

parstriangularis-rh-medialorbitofrontal-lh 0.07 0.069
parstriangularis-rh-rostralanteriorcingulate-lh 0.067

rostralanteriorcingulate-rh-transversetemporal-lh 0.067
medialorbitofrontal-lh-transversetemporal-lh 0.072

medialorbitofrontal-lh-insula-lh 0.07
posteriorcingulate-lh-middletemporal-lh 0.066
isthmuscingulate-lh-middletemporal-lh 0.081 0.071
superiorparietal-lh-middletemporal-lh 0.083

precuneus-lh-fusiform-lh 0.068
precuneus-lh-middletemporal-lh 0.088 0.067

cuneus-lh-middletemporal-lh 0.075 0.072
pericalcarine-lh-middletemporal-lh 0.074 0.073

lingual-lh-middletemporal-lh 0.067
fusiform-lh-middletemporal-lh 0.067
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Table B.9: Simulated Node Connections with significant diferences (α < 0.05 and difference>0.065) for Envelope mid beta

MEL-MIL MER-MIL MIL-MIR
method frequency node

Envelope mid beta medialorbitofrontal-rh-temporalpole-rh -0.068
medialorbitofrontal-rh-insula-lh -0.069

rostralanteriorcingulate-rh-insula-lh -0.067
temporalpole-rh-lateralorbitofrontal-lh -0.068

temporalpole-rh-frontalpole-lh -0.071
temporalpole-rh-rostralanteriorcingulate-lh -0.067

lateralorbitofrontal-lh-temporalpole-lh -0.066
lateralorbitofrontal-lh-insula-lh -0.067

parsorbitalis-lh-insula-lh -0.067
frontalpole-lh-insula-lh -0.07

medialorbitofrontal-lh-insula-lh -0.076 0.071
temporalpole-lh-insula-lh -0.066

Figure B.40: Box plots of absolute significant simulated differences for all task comparisons frequency bands and FC metrics

B.5.1 Statistical Differences Overlap

freq method task comparison PPV TPR NPV TNR TP FP FN TN
alpha COH REST-MEL 0.899 0.898 0.228 0.231 1808 203 206 61
alpha COH REST-MER 0.869 0.895 0.191 0.156 1757 265 207 49
alpha COH REST-MIL 0.877 0.902 0.208 0.169 1783 250 194 51
alpha COH REST-MIR 0.874 0.897 0.175 0.143 1775 257 203 43
alpha COH MEL-MIL 0.878 0.902 0.211 0.173 1784 248 194 52
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alpha COH MEL-MIR 0.905 0.934 0.192 0.137 1910 201 135 32
alpha COH MER-MIR 0.886 0.929 0.23 0.15 1857 238 141 42
alpha COH MIL-MIR 0.881 0.888 0.177 0.168 1769 238 223 48

low beta COH REST-MEL 0.9 0.921 0.267 0.22 1855 206 159 58
low beta COH REST-MER 0.885 0.916 0.254 0.194 1817 237 167 57
low beta COH REST-MIL 0.851 0.912 0.232 0.143 1752 306 169 51
low beta COH REST-MIR 0.903 0.938 0.244 0.167 1905 205 127 41
low beta COH MEL-MER 0.922 0.941 0.169 0.13 1963 167 123 25
low beta COH MEL-MIL 0.891 0.9 0.219 0.202 1801 221 200 56
low beta COH MEL-MIR 0.905 0.932 0.141 0.103 1915 200 140 23
low beta COH MER-MIL 0.896 0.904 0.145 0.134 1837 213 195 33
low beta COH MER-MIR 0.875 0.907 0.2 0.153 1793 255 184 46
low beta COH MIL-MIR 0.885 0.92 0.243 0.176 1830 238 159 51
mid beta COH REST-MEL 0.906 0.914 0.146 0.133 1877 195 176 30
mid beta COH REST-MER 0.853 0.852 0.223 0.223 1632 282 283 81
mid beta COH REST-MIL 0.852 0.885 0.25 0.199 1692 294 219 73
mid beta COH REST-MIR 0.849 0.805 0.192 0.245 1541 274 374 89
mid beta COH MEL-MER 0.921 0.918 0.136 0.141 1915 164 172 27
mid beta COH MEL-MIL 0.895 0.91 0.192 0.167 1839 215 181 43
mid beta COH MEL-MIR 0.898 0.895 0.134 0.138 1825 207 213 33
mid beta COH MER-MIL 0.905 0.895 0.205 0.224 1819 191 213 55
mid beta COH MER-MIR 0.884 0.874 0.159 0.173 1747 230 253 48
mid beta COH MIL-MIR 0.877 0.887 0.158 0.145 1765 247 224 42

alpha PLV REST-MEL 0.894 0.796 0.196 0.345 1584 188 407 99
alpha PLV REST-MER 0.894 0.79 0.207 0.369 1566 186 417 109
alpha PLV REST-MIL 0.891 0.905 0.218 0.193 1814 221 190 53
alpha PLV REST-MIR 0.864 0.855 0.206 0.218 1661 262 282 73
alpha PLV MEL-MER 0.902 0.861 0.15 0.207 1753 191 284 50
alpha PLV MEL-MIL 0.901 0.886 0.131 0.15 1812 199 232 35
alpha PLV MER-MIR 0.899 0.883 0.191 0.219 1785 200 237 56
alpha PLV MIL-MIR 0.898 0.924 0.083 0.061 1894 215 155 14

low beta PLV REST-MEL 0.886 0.832 0.197 0.279 1650 212 334 82
low beta PLV REST-MER 0.877 0.744 0.197 0.377 1452 203 500 123
low beta PLV REST-MIL 0.891 0.809 0.166 0.276 1620 199 383 76
low beta PLV REST-MIR 0.872 0.789 0.192 0.302 1541 226 413 98
low beta PLV MEL-MER 0.915 0.874 0.183 0.259 1795 166 259 58
low beta PLV MEL-MIL 0.915 0.871 0.192 0.275 1784 166 265 63
low beta PLV MEL-MIR 0.901 0.877 0.197 0.239 1775 194 248 61
low beta PLV MER-MIL 0.896 0.869 0.165 0.202 1757 205 264 52
low beta PLV MER-MIR 0.891 0.803 0.186 0.316 1600 195 393 90
low beta PLV MIL-MIR 0.908 0.878 0.184 0.235 1792 182 248 56
mid beta PLV REST-MEL 0.89 0.82 0.176 0.276 1639 202 360 77
mid beta PLV REST-MER 0.877 0.807 0.212 0.315 1576 222 378 102
mid beta PLV REST-MIL 0.881 0.9 0.202 0.172 1789 241 198 50
mid beta PLV REST-MIR 0.884 0.782 0.223 0.379 1530 200 426 122
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mid beta PLV MEL-MER 0.901 0.832 0.205 0.321 1670 184 337 87
mid beta PLV MEL-MIL 0.911 0.859 0.182 0.272 1755 171 288 64
mid beta PLV MEL-MIR 0.899 0.833 0.202 0.312 1671 187 335 85
mid beta PLV MER-MIL 0.897 0.854 0.179 0.244 1722 198 294 64
mid beta PLV MER-MIR 0.895 0.866 0.211 0.262 1734 203 269 72
mid beta PLV MIL-MIR 0.908 0.909 0.166 0.164 1866 189 186 37

alpha Envelope REST-MEL 0.91 0.758 0.15 0.364 1546 152 493 87
alpha Envelope REST-MER 0.901 0.712 0.201 0.483 1409 154 571 144
alpha Envelope REST-MIL 0.898 0.67 0.157 0.446 1341 153 661 123
alpha Envelope REST-MIR 0.905 0.789 0.184 0.366 1590 166 426 96
alpha Envelope MEL-MER 0.916 0.776 0.132 0.324 1601 146 461 70
alpha Envelope MEL-MIL 0.909 0.781 0.157 0.343 1590 159 446 83
alpha Envelope MER-MIL 0.926 0.75 0.156 0.436 1545 123 515 95
alpha Envelope MER-MIR 0.915 0.759 0.15 0.377 1554 144 493 87

low beta Envelope REST-MEL 0.894 0.803 0.166 0.293 1612 191 396 79
low beta Envelope REST-MER 0.909 0.724 0.15 0.401 1471 148 560 99
low beta Envelope REST-MIL 0.904 0.737 0.13 0.333 1502 160 536 80
low beta Envelope REST-MIR 0.883 0.717 0.151 0.346 1427 189 562 100
low beta Envelope MEL-MER 0.925 0.867 0.134 0.228 1811 146 278 43
low beta Envelope MEL-MIL 0.932 0.786 0.141 0.38 1640 119 446 73
low beta Envelope MEL-MIR 0.923 0.854 0.134 0.24 1779 149 303 47
low beta Envelope MER-MIL 0.921 0.822 0.162 0.327 1694 146 367 71
low beta Envelope MER-MIR 0.919 0.739 0.153 0.422 1513 133 535 97
low beta Envelope MIL-MIR 0.91 0.786 0.139 0.309 1609 159 439 71
mid beta Envelope REST-MEL 0.905 0.758 0.156 0.361 1535 161 491 91
mid beta Envelope REST-MER 0.903 0.654 0.182 0.524 1299 139 687 153
mid beta Envelope REST-MIL 0.915 0.796 0.157 0.339 1630 152 418 78
mid beta Envelope REST-MIR 0.907 0.668 0.138 0.437 1356 139 675 108
mid beta Envelope MEL-MIL 0.921 0.812 0.124 0.276 1689 144 390 55
mid beta Envelope MEL-MIR 0.924 0.72 0.127 0.408 1492 122 580 84
mid beta Envelope MER-MIL 0.923 0.775 0.112 0.306 1615 134 470 59
mid beta Envelope MER-MIR 0.939 0.687 0.13 0.513 1433 93 654 98
mid beta Envelope MIL-MIR 0.934 0.826 0.148 0.339 1728 123 364 63

Table B.10: Overlap between empirical and simulated connections that show significant differences for each frequency, method
and task comparison. Only significant overlap metrics (α < 0.05) are shown
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