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7. Summary

In this thesis I aimed for advancing our understanding of the system that is the human

brain. I focused on MEG activity during resting state with the analysis of MEG data

going hand in hand with modeling work. For this I took a quite general approach

adopted from synergetics, the study of thermodynamics of open systems. I interpreted

the cortical network as a large system of interacting units whose macroscopic dynamics

display emergent behavior.

A well-studied class of models for synchronization phenomena is that of phase

oscillators networks, whose dynamics are analytically tractable under appropriate as-

sumptions. This makes them so appealing for modelers and experimentalists alike.

Synchronization of neural activity has been shown to play a crucial role in the coor-

dination of tasks and forms the basis for defining functional connectivity. Seminal is

the Kuramoto model that consists of a population of uniformly coupled phase oscilla-

tors. Cortical network structure differs from the Kuramoto network in two important

aspects: Brain connectivity is relatively sparse and delays due to finite conduction

velocity and/or synaptic connections influence nodal interactions.

We investigated the effects of heterogeneity in structural connectivity and delays

on the phase dynamics of a neural mass network showing self-sustained oscillations

in Chapter 2. Neural mass dynamics were given by the Freeman model in terms

of mean membrane voltage. The phase variable referred to the phase shift in the

oscillation. We assumed phase to evolve on a slower time scale than the oscillatory

motion itself. With this we could employ slowly varying amplitude and a rotating wave

approximations to isolate the slow phase dynamics. Since the delays in the neural mass

network were of the same order of magnitude as the fast time scale, they entered the

phase dynamics as phase shifts. Phase synchronization properties were estimated in

terms of the (stationary) phase distributions that could be deduced from the system

of Fokker-Planck equations (FPE) of the corresponding (finite-dimensional) phase

dynamics.

We showed that a large degree of structural homogeneity in the network allowed

for a reduction of the system of FPEs into a small number of equations corresponding

to the number of clusters in the network. For homogeneous structural connectiv-

ity the presence of delays per se did not change this: non-zero but homogeneous

delays largely preserved structural connectivity, thereby allowing for clustered solu-

tions, i.e. synchronized groups. When delays were (randomly) distributed clustered

solutions ceased to exist. To a large degree this mimicked structural inhomogene-

ity. Hence, phase (de-)synchronization patterns caused by inhomogeneous coupling

structure cannot be easily separated from those caused by distributed delays. We ver-

ified our analytical findings with numerical simulations of the underlying neural mass

network. These simulations also confirmed the stability of these clustered solutions.

The analysis of structural connectivity and phase coupling explained their resem-
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blance, although this correspondence was not one-to-one. Additionally, the fact that

delays in the neural mass network were reflected as mere phase shifts in the phase

description explained why we did not observe the complex dynamics associated with

delays in phase oscillator networks.

Chapter 2 focused on stationary distributions, whereas the remainder of this thesis

addressed the full dynamics. We were interested in the scaling characteristics of the

autocorrelation structures in cortical activity and used detrended fluctuation analy-

sis (DFA) for its analysis. In case of fractional Brownian motion (fBm) the scaling

exponent α can be identified with the Hurst exponent H and characterizes the corre-

lations between increments: negatively correlated (0< H<0.5), positively correlated

(0.5< H< 1) or non-correlated (H = 0.5) such that it reduces to Gaussian noise. In

the other cases the process is referred to as being anti-persistent or persistent, respec-

tively. The conventional implementation of DFA relies on calculating the root mean

square fluctuation strengths and applying linear regression in a double logarithmic

coordinate system to determine the scaling exponent α. The scaling exponent esti-

mate obtained via linear regression, however, can only be properly interpreted when

the fluctuations indeed scale as a power law, an assumption that is not tested in the

conventional application of this technique.

To overcome this, we developed a method in Chapter 3 to assess the presence

of power laws, or, equivalently, scale-free behavior, in DFA results. Instead of using

an averaged value of the fluctuation strength F̄ (n), we regarded fluctuation magni-

tude Fi(n) in each non-overlapping window i of length n as one realization of the

stochastic variable Fi(n). Subsequently we determined the probability density func-

tion pn for each window length n. By this we could define a likelihood function to

quantify the probability that a certain fitted model described the data at hand. Since

fitting was performed in double logarithmic coordinates, a linear model corresponded

to scale-free behavior. Using the likelihood function we could calculate the Akaike

(AICc) and Bayesian (BIC) information criterion. Minimal values of these criteria

indicated the model providing an optimal compromise between goodness-of-fit and

model complexity, i.e. the most parsimonious model with sufficient data explanation.

We demonstrated that scaling exponents for fractional Gaussian noise (fGn) pro-

cesses could be very accurately retrieved. By introducing a deterministic component

in the form of a potential function in the stochastic differential equation (SDE) govern-

ing the dynamics, we showed that deviations from linearity could be detected as long

as the potential was sufficiently narrow relative to the range of interval lengths under

consideration. We also applied our method to a ‘toy model’ for neural spike activity

including multiplicative noise. Theoretically predicted scaling exponents could be re-

trieved when we averaged over multiple signals, but not for the individual spike trains.

We attributed this to the skewness of the fluctuation distributions of each individual
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7. Summary

realization. Note that this averaging is similar to the integration of neuronal activ-

ity in the population dynamics measured by encephalographic recordings, i.e. neural

masses. This application, as well as application of this method to beamformed MEG

signals indicated how to determine the scaling range over which scale-free behavior is

present.

The method of Chapter 3 was subsequently used to investigate whether the com-

monly observed scale-free autocorrelations in local measures of brain activity general-

ized to global cortical dynamics in Chapter 4. The relevance of this can be appreci-

ated against the background of order parameters in thermodynamics and synergetics

that provide low-dimensional but very informative descriptions of the macroscopic

dynamics of large systems. This explicitly holds for critical systems, i.e. systems

located in the vicinity of a phase transition. Therefore, one may relate this research

to the so-called critical brain hypothesis, which states that the human brain in resting

state is located close to this regime.

The data set considered in Chapter 4 included resting state MEG for 10 subjects

for which we calculated the collective variables phase coherence R and average ampli-

tude A in the alpha (8-12 Hz) and beta (20-30 Hz) frequency band. We z-scored the

individual subject time series and determined the density functions of fluctuations pn

by means of the pooled results of ten subjects. By this we proved the existence of

scale-free behavior in these signals over a scaling range of two decades. This was also

shown for the same variables (R(a) and A(a)) corresponding to the (slower) oscillatory

dynamics of the amplitudes’ envelopes. We regarded these findings as corroborative

for the critical brain hypothesis.

A second question in Chapter 4 concerned the values of the scaling exponents

and whether these would differ between amplitude and phase. Although in both

cases these values indicated long-range temporal correlations (α>0.5), amplitude ap-

peared as a more persistent process (larger values of the scaling exponent) than phase

dynamics. This suggests that these variables play different roles in cortical informa-

tion processing: amplitude comprises a slow persistent memory process compared to

the less temporally structured and more complex phase dynamics.

Against the background of the long-range temporal correlations in phase coherence

dynamics in Chapter 4 as well as the description of phase dynamics of neural mass

networks derived in Chapter 2, we sought to unravel the origin of these dynamics

in Chapter 5. We asked whether a phase description based on two different neural

mass descriptions — the voltage based Freeman and the firing rate based Wilson-

Cowan dynamics — could account for the spatial and temporal correlation structures

observed in brain activity. An encompassing model of cortical dynamics should cap-

ture both the partially synchronized state with a possibility for transitions towards

stronger synchronization and the scale-free correlations observed in Chapter 4.
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In analogy to Chapter 2, we used an averaging approach to derive the phase

dynamics of both neural mass networks. The networks contained biophysically mo-

tivated connectivity based on a DTI matrix and delays resulting from the distances

between neural regions and finite conduction velocities. The resulting phase dynam-

ics yielded qualitatively different coupling structures for both models: an attractive

coupling in the Wilson-Cowan phase model and a repulsive coupling for the Free-

man phase model. While both networks captured empirical functional connectivity

structure, only the Freeman based model yielded a scale-free temporal dynamics ob-

served in resting state activity. The repulsive coupling in the latter resulted in a

phase dispersion of individual oscillators, such that R values were significantly below

surrogate values. This desynchronized state did not agree with empirical findings,

also because it did not allow for a transition into a (partially) synchronized state.

The Wilson-Cowan phase model, in contrast, could show this transition. However, it

did not generate scale-free temporal dynamics, even though it was located close to

the onset of synchronization and hence in its critical regime. The qualitative differ-

ence between these models, rendered both phenomena (partial synchronization and

scale-free correlations) mutually exclusive.

The models might be modified to allow for coexistence of a synchronized state and

complex dynamics in the form of scale-free behavior. This would, however, require

dense inhibitory connections, which does not appear biologically plausible given that

the majority of long-range pathways are excitatory. We therefore concluded that the

selected models do not suffice to capture all seminal dynamical properties of brain

activity in rest.

The epilogue summarized the main findings in this thesis and discussed these

findings against a broader background. It was mainly devoted to some implications

of and personal thoughts on the research presented. I listed some questions that

remained unanswered, thereby providing directions for further research. These were

mainly focussed on entangling empirical findings and modeling work, since I believe

the empirical and theoretical world could, and should, collaborate more closely in

order to progress comprehension of our brain. I hope the work in this thesis will

provide another step towards this goal.
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