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Introduction

Interaction is key –
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Life builds upon interactions in every possible way, be they imaginable or not. Interaction

often bears communication, which can be regarded as a form of interaction that involves

information transfer between the participating entities. Analogously to the saying “one

cannot not communicate” by the communication theorist Paul Watzlawick, interaction arises

naturally whenever two or more people, objects, entities belong to the same, or form a,

bigger entity. A clear definition of interaction between entities implies that they act in

such a manner so as to affect one another. This interplay of an ensemble of discrete units

is commonly framed in the notion of a network, where it gives rise to emergent collective

behavior.

One of the most fascinating examples of a complex network is the human brain. Without

interaction the brain is not able to function. Coordinated and synchronized interaction facil-

itates communication. In this way information can be perceived, processed, and exchanged

across the brain. Despite a tremendous history of brain research, however, the mechanisms

behind the functioning of our brain remain a mystery. Interaction occurs on a multitude of

spatial and temporal scales. But how do different neural processes interact along anatomical

structures and generate recognizable patterns of functional brain activity? And, how do

these patterns lead to coherent behavior and cognition? Answers to these questions have

continued to elude researchers for ages.

Over the past two decades, a hypothesis has become manifest that the exchange of infor-

mation and the communication in the brain occur via phase synchronization1. Synchronous

firing activity within a neural population gives rise to oscillatory brain signals that are be-

lieved to encode information. Their transmission across different brain areas relies on a

careful coordination of these neural oscillations. Presumably, it is the respective phase re-

lationship between the neural dynamics that plays a key role in neuronal communication.

Oscillatory behavior abounds on all different scales of the human brain. On mesoscopic

and macroscopic levels one often refers to these oscillations as brain rhythms2–4. Different

frequency bands have been associated with distinct cortical functions. A disruption of the

regular interplay of this oscillatory activity, such as the suppression of certain frequencies, is

often deemed a signature for pathologies5,6. All the more it is important to understand the

underlying mechanisms how these oscillations emerge, evolve, and dissolve under a chang-

ing environment, and how cortical oscillations interact and influence each other in order

to generate large-scale synchronization patterns. Understanding the neuronal and cortical

mechanisms that are linked to perception, to cognitive and motor functions, but also to

diseases, is among the most important and yet unresolved problems of this century1,7–10.

Oscillatory network activity is central to this dissertation.

There are numerous approaches to unravel the mysterious orchestration of intertwined

neural processes, both experimental and theoretical. Bridging the gap between experiments

and theory, however, has only been achieved in very restrictive cases and mainly on very

small scales. An overall and generic picture linking these two sides of the same coin is still

being sought for. To detect brain rhythms experimentally, neuroimaging techniques such as

electro- or magnetoencephalography (EEG/MEG) or functional magnetic resonance imaging

(fMRI) are commonly resorted to. EEG and MEG measure voltage fluctuations resulting
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from ionic currents within the neurons, i.e. they record electrical activity of the brain. On

the other hand, fMRI detects changes of the cerebral blood flow via the so-called BOLD

contrast, which is an indirect marker of brain activity. Given the non-invasive nature of

these techniques, the recorded data display synchronous activity of several thousands of

interacting neurons rather than the dynamics of a single neuron. This population dynamics,

or mean field behavior, has often very little in common with what happens on the microscopic

scale. An urgent challenge in theoretical neuroscience is to deduce macroscopic dynamics

from activity on these much smaller scales11–15.

1.1 Neural synchronization and oscillations

The functioning of the human brain dwells on coordinated and coherent co-activity of a

multitude of neurons. Perceptual, cognitive and motor functions are believed to require

an orchestration of distributed neuronal processes. If spike discharges of a large number

of neurons exhibit correlated behavior in different areas of the brain, their (large-scale)

integration leads to, e.g., cognition or limb movements. Unraveling this integration process

poses an intriguing question in itself, and is often referred to as the binding problem 16. The

mechanisms to bind distributed neuronal activity can broadly be classified in two different

but complementary strategies. On the one hand, binding by convergence results in the

grouping of specialized neurons that encode a particular fixed constellation of contextual

features. On the other hand, dynamic binding assembles individual neurons dynamically to

generate and represent a particular pattern at a particular point in time17. One neuron can

participate in the representation of one pattern in one moment, but an instant later it is

involved in encoding a different pattern. This dynamic and flexible recruiting of neurons

and/or neuronal populations is called assembly coding18–20. The high temporal precision of

synchronizing neuronal discharges in the millisecond range allows for generating a sequence

of subsequently active assemblies, which can effectively encode complex information to be

exchanged among cortical networks. Time is thus an important coding dimension to process

and exchange information.

As hypothesized, e.g., by Buszáki and co-workers21, the temporal organization of neuronal

activity capitalizes on self-organized information retention and local-global integration. The

ability to preserve and store information is just as important as integrating distributed local

processes into globally ordered states and controlling local computations through global

brain activity. Moreover, these two features can be maintained by a hierarchical system of

brain rhythms3,4. Hence, synchronization of cortical activity and neural oscillations can be

considered hallmarks of the temporal coordination of distributed brain activity.

Brain oscillations as characterized by rhythmic changes in, e.g., local field potentials, set a

recurrent temporal reference frame and thereby allow for temporal coding within oscillatory

cycles. The ups and downs in fluctuating local field potentials reflect high and low degrees,

respectively, of the synchronization of neuronal currents within a certain brain area. That

is why synchronization and neural oscillations are often used interchangeably to express co-

herent activity of a population of neurons. However, there is a subtle difference between the
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two phenomena18. Oscillatory activity, on the one hand, can be induced on a population

level through single oscillatory neurons, so-called pacemaker cells. It may also manifest as an

emergent property of the underlying network architecture when a particular dynamic circuit

motif is activated. Such a motif comprises the physical circuit structure, its electrophysio-

logical signature, and the corresponding computational function22. Upon activation it leads

to characteristic rhythmic neuronal activity. Synchronization, on the other hand, can occur

in the absence of oscillations. Two cells may always discharge simultaneously but at irregu-

lar intervals when driven by common noise. Or, a presented stimulus induces simultaneous

bursting of neural populations. This is a typical signature of response synchronization, which

can be non-repetitive, but also recurrent. In this way, synchronization can lead to oscilla-

tions. Similarly, oscillations may facilitate synchronization. For instance, shared oscillatory

input can drive a neural population close to the firing threshold where it becomes prone

to particular stimuli that induce response synchronization. Oscillatory activity can thus be

seen as an indicator for synchrony.

While oscillatory population activity can be related to synchronous interaction of single

cells, one should be careful when relating single cell responses to synchronous network ac-

tivity. There is a certain microscopic-macroscopic dichotomy with respect to the transition

from individual neuronal dynamics to the collective behavior of a neural population. It may

happen that individual discharges of a neuron are precisely time-locked with the oscillating

field potential, but the autocorrelation function does not show any sign of oscillatory activity

on the neuron level. The seminal work by Brunel and Hakim offered a theoretical account of

a collection of experimental studies hinting at so-called sparse synchronization of neuronal

networks23. By contrast, regular spiking activity of single neurons does not necessarily result

in (regular) oscillations on the population level, but can also lead to collective chaos, see,

e.g., the recent modeling study24. Likewise, asynchronous network states can emerge in spite

of a considerable amount of shared input25. Discernible neural network activity depends on

correlated activity of a large number of neurons. Such neural correlation, or synchronization,

occurs on some (smaller or larger) time scale, and with or without oscillations. Moreover,

synchronous oscillations produce and enhance temporal correlations between neurons, thus

providing a temporal reference frame for encoding and decoding information. A temporal

structure of neural responses is crucial for distinguishing synchronous from asynchronous

states, and for establishing synchronization over large distances18. For this reason, it is

widely accepted that brain rhythms and cortical oscillations play an important part in neu-

ral communication, which is underlined by the abundant literature on rhythmic, synchronous

brain activity. In the remainder of this dissertation the cellular and circuit basis of emergent

collective dynamics will not be addressed further; the interested reader is referred to the

extensive review by Wang26 for more details.

Different brain rhythms may indicate different states and functions, which require inte-

gration of neural processes at different temporal and different spatial scales. Brain rhythms

cover a broad range of different frequency bands spanning more than four orders of mag-

nitude3. The higher the frequency, the higher the temporal precision. By contrast, the

amplitude of oscillations increases for lower frequencies, which hints at a bigger size of a syn-
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chronously active cell assembly. By this, binding by synchrony can be achieved over large

distances. The focus of this dissertation lies on synchronization effects of large-scale brain

networks, hence on rather slow-frequency but robust oscillations of cortical activity. Here, a

particular kind of synchronization becomes attractive for identifying the network dynamics,

which builds on the concept of phase synchronization.

1.1.1 From correlated behavior to phase synchrony

In general, synchronization indicates (time-)coordinated interaction. When considering time

series of experimental or synthetic data, synchrony manifests in some correlation structure of

the respective time series. There exists a variety of synchrony measures that help to classify

the kind and quantify the degree of synchronized activity. Synchrony measures range from

correlation coefficients to magnitude-squared coherence, from phase coherence to Granger

causality, from phase synchrony indices to information-theoretic divergence measures, and

from state space based measures to stochastic event synchrony measures27. Some of these

measures show a strong correlation among one another, whereas others are independent from

the rest. When studying a population of neurons, neuronal synchrony measures28 can be

used to quantify the degree to which firing rates of individual neurons are related. Typically,

a synchrony measure is normalized between 0 and 1, with 0 denoting an asynchronous, or

incoherent, state, whereas 1 refers to full synchronization when the individual firing times

are all identical. In the following, I will usually assume that the mean firing rate of a

neuronal population fluctuates rhythmically around some mean value. If two or more of

such populations interact, it is convenient to describe the degree of synchronization between

them in terms of the characteristics of their oscillatory dynamics.

Oscillations, generally speaking, are characterized through their frequency and amplitude.

For a given frequency, one can define the period as the duration of time of one cycle of

oscillation. The period is the time needed between successive occurrences of, e.g., the same

level of activity. In between those periods, one can further determine the phase of oscillation,

which continuously increases between 0 and 2π during one period and thereby indicates the

fraction of period already covered. Phase and amplitude thus become the main (time-

resolved) determinants of the state of oscillation. Consequently, oscillatory neural activity

is commonly analyzed with respect to their phase and amplitude dynamics.

For interacting neuronal populations it appears natural to use synchrony measures that

refer to the corresponding phases and amplitudes. Instantaneous phases and amplitudes

can be extracted from the signals by the Hilbert transform or by time-frequency transforms.

Phase synchrony measures29 aim at quantifying the closeness of the phases when mapped on

the unit circle. Alternative measures often dwell on mutual information such as the frequency

coherence in the time-frequency domain. They are strongly correlated with phase synchrony

measures, but, strictly speaking, not directly linked27. And, there are also measures that

analyze the amplitude synchronization of oscillatory dynamics. When considering only weak

coupling regimes, however, amplitude modulations can be widely discarded. In consequence,

the relevant information about the network state can be inferred exclusively from phase

synchrony measures.
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1.1.2 Phase synchronization of large-scale brain networks

Brain rhythms and neuronal oscillations become predominant for describing brain dynam-

ics when considering meso- or macroscopic spatial scales. This is underlined by a plethora

of experimental studies relying on both invasive and non-invasive neuroimaging techniques.

There is reason to believe that information processing in the brain is intrinsically linked to

synchronization phenomena of oscillatory dynamics30,31. Non-invasive EEG and MEG stud-

ies typically depict distributed cortical activity as of large-scale brain networks. Although

M/EEG recordings have high temporal resolution, they reflect activity on rather coarse spa-

tial scales given that signals to be perceivable require synchronous neuronal currents of a

large number of neurons, commonly of the order of 104 to 105 cells. The resulting time series

of the recordings are duly and extensively analyzed for their extracted phase and amplitude

dynamics. Emerging synchronization patterns in the data are then assigned to particular

brain functions corresponding to the underlying hypothesis or the behavioral observations.

The research on the phase dynamics of cortical oscillatory activity is rather recent compared

to amplitude modulations in the M/EEG. However, there are several reports indicating that

the phase dynamics play a crucial role for information processing and inter-cortical com-

munication1,32–35. Phase synchronization plays also an integral part in defining functional

connectivity structures of the brain. The technological advance of modern brain imaging

methods has led to elucidate the interplay of structural and functional brain connectivity.

The structure of anatomical connections between brain areas is widely believed to facilitate

temporal synchronization of neural activity, and thus leads to spatial patterns of functional

connectivity, even in spatially remote areas. Yet, the extent to which structure shapes

function is still unclear36,37. In order to unveil functional brain connectivity, it is crucial

to identify functional modules consisting of remote but synchronized neuronal populations.

This can be achieved by analyzing the phase dynamics of the different brain areas.

1.2 Towards modeling

Mathematical theory and computational modeling have gone along with experimental neu-

roscientific research ever since. The theoretical underpinning of experimentally observed

behavior does not only support research paradigms, but, importantly, adds to the general

scientific knowledge. Modeling helps to understand the mechanisms behind complex behav-

ior. At the same time, it can provide crucial information about future study design and save

time and money otherwise spent for long and expensive, yet foredoomed experiments. That

does not mean that models downgrade or diminish the importance of experiments. On the

contrary, experiments are invaluable for scientific progress. Modeling can aid to explain and

even predict particular phenomena, and thereby shape experimental observations. In this

regard, a careful conception of underlying assumptions is vital to build relevant and verifiable

models, which are fundamental for a comprehensive theory where models and experiments

go hand in hand.
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1.2.1 Modeling large-scale oscillatory brain networks

Much progress has been made in the direction of theoretical, mathematical and computa-

tional neuroscience. There exists a plethora of physiologically motivated and highly accurate

neuronal models to investigate synchronization properties. Given their inherent complexity,

a thorough analysis can be challenging even despite ever increasing computational capacities.

In some cases, models of cortical oscillations can be simplified to coupled phase oscillators,

which often take a modified form of the seminal Kuramoto model38–40. In recent years,

the use of phase oscillator models has been popularized in order to describe synchronization

phenomena of oscillatory neural networkssee, e.g., 41–49. Phase models have been widely used

to explain anatomical effects on synchronization in terms of functional connectivity50–55 as

well as on the route of synchronization56,57. The emergence of functional modules can ex-

emplarily be explained through remote synchronization of phase oscillators58,59. And also

spatial patterns in the visual cortex have been modeled in a similar way60. Moreover, local

population dynamics may play a significant role in shaping functional connectivity patterns,

and neural phase oscillator models have been succesfully used to explain how changes in

the local dynamics affect functional connectivity61. Phase models have also been applied to

investigate the effect of cortical lesions on overall dynamics by introducing random pertur-

bations to a synchronized state62 or by removing network nodes63. Similarly, the concept

of the brain as a dynamical system close to a critical regime has been manifested through

the analysis of phase models see, e.g., 64–68.

The wide use of phase oscillator models in neuroscience, however, comes at a price. Despite

the simplicity of phase oscillator dynamics, the reduction to phase models requires great

care. Any (heuristic) approximation of an oscillatory neural network with a phase model

has to withstand the confrontation with the extracted or, alternatively, rigorously reduced

phase dynamics of the original dynamics of interacting neural oscillators. By avoiding this

intermediate step of phase reduction the phase description of the oscillatory model is bereft

of its fundamental justification. The link from the actual dynamics to the phase model

may become spurious and its validity questionable. Certainly, a rigorous derivation from

the underlying dynamics to the phase dynamics can be laborious. But doing so will clearly

add to the significance of the network analysis and, more importantly, to its impact in the

scientific world.

1.2.2 Modeling neural oscillators

In view of large-scale oscillatory brain networks, the elementary network components can

be assumed to be neural populations consisting of a large number of neurons. Modeling

the collective dynamics of a population of neurons experienced a literal boost in the 1970s,

when various phenomenological neural mass models emerged as mean field models of neural

population activity69–76. Phenomenological models are advantageous in that they pass over

the cellular and circuit properties of the neural populations and thereby avoid to resolve

an often recurring dichotomy between seemingly stochastic dynamics of single neurons and

synchronous collective dynamics26. Rather, they aim at integrating a handful of general as-
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sumptions on the collective of neurons, which results in coarse-grained macroscopic variables

that describe the neural mass behavior. Traditionally, the notion of a neural mass model

has been introduced as a form of an ensemble density model75. The full ensemble density is

replaced with a mass at a particular point, i.e., a delta function, and the density dynamics is

summarized by the location of that mass. The resulting neural mass model then comprises a

set of differential equations that describe the evolution of the (expectation of a) probabilistic

mode of the system11. Ignoring all higher moments, neural mass models are comparably

simple mean field models. The simplicity in terms of only a few coupled differential equa-

tions is however undermined by their nonlinear character, typically involving a variant of a

sigmoid function.

A seminal neural mass model has been propsed by Wilson and Cowan69,70. It describes

the (mean) activity of excitatory and inhibitory neurons within a population of synaptically

coupled neurons. Among the plethora of different approaches to model collective neural ac-

tivity, it stands out for the fact that it can be readily derived from microscopic single-neuron

descriptions and it provides at the same time a comprehensive link toward macroscopic

descriptions of cell assemblies77. It can be viewed as an intermediate but in some sense

generic description of a densely connected neural population as in a particular cortical re-

gion42. When assuming strong coherence within a certain area, the ensemble activity can

be approximated by the population mean and the effect of the variance is negligible, which

motivates the mean field approach over a Fokker-Planck approach to describe the collective

dynamics15. Accordingly, the Wilson-Cowan neural mass model represents the interdepen-

dent collective neuronal dynamics in terms of the mean firing rates of the excitatory and

inhibitory parts of the population. It exhibits rich dynamic behavior as well as different

transitions to oscillatory dynamics78,79. This makes it also exemplary for a neural oscillator

model. For a particular choice of parameters, the model features stable limit-cycle oscilla-

tions between the firing rates of the excitatory and inhibitory neurons, respectively. These

oscillations reflect a waxing and waning of locally synchronized (firing) activity. Hence, syn-

chronization within a neural population is crucial for generating (local) cortical oscillations

of a neural mass.

1.2.3 Phase and amplitude description of neural oscillators

Rhythmic behavior of neural mass models is manifested in the oscillatory dynamics of

the macroscopic variables. If these dynamics are periodic, then the phase space spanned

by the macroscopic variables exhibits a limit cycle. This limit cycle can be conveniently

parametrized by a scalar phase variable, so that the state of the neural oscillator is identified

by a unique value between 0 and 2π during one period of oscillation. If this limit cycle is

stable, then the dynamics in a close vicinity will be attracted towards the limit cycle. In

this case, the distance to the limit cycle can be captured by so-called amplitude variables.

Taken together, the dynamics of a neural oscillator can be rewritten in terms of phase and

amplitude variables. In general, this reformulation does not lead to a reduction of dimen-

sionality and the dynamics of the phase-amplitude model are as complex as the original



Introduction 9

dynamics. However, if the attraction to the limit cycle is sufficiently fast, then the dynamics

away from the limit cycle can be approximated by the dynamics on the limit cycle. Thus,

the possibly high-dimensional dynamics of the neural oscillator can be uniquely identified

by a one-dimensional phase variable.

This phase reduction becomes especially useful when studying a network of interacting

neural oscillators. The analysis of the full system is daunting and a simplification desirable.

The phase reduction approach retains its justification as long as interactions are weak, that

is, the coupling strength between oscillators is sufficiently small. To be precise, the coupling

is weak enough to invoke only small perturbations off the respective limit cycles so that

amplitude effects are negligible. The reduced phase model can be analyzed along the well-

established techniques for networks of coupled phase oscillators. Eventually, the resulting

findings on the synchronization properties of the network are equally valid for the full system

under the assumptions inherent to the preceding phase reduction.

1.2.4 Collective dynamics of coupled phase oscillators

The analytical and computational advantage of phase dynamics is striking when compared

to high-dimensional and typically nonlinear dynamics of oscillatory neural networks. As

mentioned earlier, phase synchrony measures provide a convenient means to quantify the

correlation between phase time series. In fact, such a measure introduces a powerful macro-

scopic observable that allows to describe the qualitative collective dynamics of an oscillatory

network. When considering a network of globally coupled phase oscillators, as is, e.g., the

Kuramoto model, there exists a rigorous theory to describe the state of the network with a

few macroscopic variables. Following either the Watanabe-Strogatz80 or the Ott-Antonsen

theory81–83, the time evolution of these macroscopic variables can be exactly derived if the

network satisfies some generic conditions, which will be addressed in more detail later. It

thus becomes possible to characterize low-dimensional behavior of the collective dynamics

in a straightforward way.

Given that we deal with phase time series, we have to assess their correlation in terms

of circular, or directional, statistics84. Identifying each phase φ ∈ [0, 2π) as a point z ∈ C
on the complex unit circle {z ∈ C : |z| = 1} through z = eiφ, the nth moment mn of the

(circular) distribution of phases is given by

mn =

∫ 2π

0

P (φ)zn dφ ,

where P (φ) is the probability density function of the circular distribution. For a finite set of

phases, φk, k = 1, . . . , N <∞, these moments are analogously defined as

mn =
1

N

N∑
j=1

znj , with zj = eiφj .

In the physics literature, the first moment m1 is usually referred to as the complex-valued
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Kuramoto order parameter 38 Z ∈ C,

m1 = Z = ReiΨ where R = |m1| and Ψ = arg(m1) .

The Kuramoto order parameter is the main observable within the Watanabe-Strogatz and

Ott-Antonsen theories, and its time evolution is found to follow a low-dimensional system

of ordinary differential equations. The absolute value R = |Z| is sometimes called the

real-valued Kuramoto order parameter[1]. It takes values between 0 and 1. If R = 0,

then all phases are equally distributed along the complex unit circle and the corresponding

macroscopic state is said to be asynchronous. By contrast, if the network is fully synchronized

and all phases are identical, then R = 1. When analyzing experimentally recorded data and

the extracted phase time series, one also resorts to the circular variance CV = 1−R, which

is 0 for full synchrony, and increases up to CV = 1 the more asynchronous the network

dynamics become.

Throughout the dissertation, the Kuramoto order parameter will serve as the main macro-

scopic observable to quantify the collective dynamics of oscillatory networks. It can also be

applied to only a subset of oscillators. In this way, it is possible to quantify the coherence

within substructures of the network, which have previously been identified, e.g., by means

of phase clustering. Likewise, one can determine population-specific degrees of synchroniza-

tion when a network consists of multiple populations of phase oscillators. The interplay

between these local Kuramoto order parameters then allows to draw conclusions about such

network-network interactions in terms of their respective collective dynamics.

1.3 Contributions of the dissertation & research questions

The modeling of phase synchronization phenomena in oscillatory neural networks is the

recurrent theme of this dissertation. In the preceding sections, the fundamental ideas of

synchronizing neural oscillations and their putative key role for cortical communication have

been addressed. As mentioned above, a comprehensive theory of the functioning of the brain

builds upon both experiments and theoretical models. I focus on the modeling of neural

dynamics and the interaction of oscillatory activity across different brain regions. Aiming

for a mathematically rigorous model description, the immediate link to experimental data

may appear spurious in some of the following chapters. Nevertheless, this rigor is important

to rule out model-inherent inconsistencies when explaining experimental observations. In the

end, a unifying theory of the brain will not be complete unless exact models can explain the

mechanisms leading to experimentally observed behavior and withstand scrutiny from both a

theoretical and experimental perspective. In this regard my dissertation scrutinizes existing

approaches to explain phase synchronization phenomena in oscillatory neural networks.

The main contributions are twofold. The first part provides an extensive introduction to

phase reductions of general oscillatory networks. As an inventory of different phase reduction

techniques, its contribution is mainly methodological. In due course, the examination of ex-

[1] Alternatively, we can compute R = |Z| =
√
C2 + S2 with C = 1

N

∑
j cosφj and S = 1

N

∑
j sinφj .
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isting techniques, their comparison and juxtaposition, as well as extensions of the techniques

have been guided along the question

• What is the best way to distill the phase dynamics of a complex oscillatory network?

The second part addresses more specific applications of phase models in the realm of

computational neuroscience. The aim is to explore the scope of phase oscillator networks

for describing neuronal synchronization phenomena. Accordingly, a rigorous reduction of

oscillatory neural networks into appropriate phase models is here of less concern than iden-

tifying which synchronization patterns can be realized when focusing on phase dynamics

alone. The key advantage of phase models is that a particular class of them can be rigor-

ously analyzed within the Ott-Antonsen theory. Describing the network synchronization in

terms of the Kuramoto order parameter introduced above, the theory allows to derive an

exact low-dimensional system of differential equations that governs the time evolution of the

Kuramoto order parameter. An immediate question is whether the restrictions on the class

of phase models applicable for the Ott-Antonsen theory can be loosened. The corresponding

research question thus reads:

• Under which circumstances can a low-dimensional description capture the collective

dynamics of complex phase oscillator networks?

Even if phase models do not fall in the applicable class, the concept of phase synchronization

remains very appealing for its direct expression in the easy-to-interpret Kuramoto order

parameter. This suggests to reduce biophysiologically realistic neural oscillator models into

phase models. While the former establish an immediate link to neural recordings, the latter

conveniently capture the phase dynamics of interest. But, and this becomes the third research

question:

• Do phase oscillator networks cover seminal characteristics of experimental data from

the cortex?

This dissertation strives for shedding light on these three research questions. They are,

understandably, intricately linked with one another. Yet, answers to them have to be found

in different fields such as nonlinear dynamics, complex systems, and bifurcation theory.

Combining insights from mathematical analyses, numerical simulations and experimental

data analysis will aid to explore and to model phase synchronization phenoma of oscillatory

neural networks.

1.4 Outline of the dissertation

In Chapter 2 I provide the mathematical backbone of phase reduction techniques. After a

more general introduction to the phase description of oscillator networks, I explicate different

analytic and numeric phase reduction techniques including an outline of the mathematical

theory that is necessary to distill the phase dynamics from network models of coupled oscil-

lators.
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The different reduction techniques will be applied subsequently to two classic examples in

Chapter 3. Performing the phase reductions point-by-point allows for a thorough comparison

between analytic and numeric techniques as well as between model predictions and the actual

collective network behavior.

Chapter 4 is devoted to network-network interactions between populations of heteroge-

neous phase oscillators. Dwelling on the Ott-Antonsen ansatz, I derive the governing equa-

tions of the collective dynamics of two coupled networks and investigate their possible syn-

chronization patterns. Moreover, I compare the macroscopic dynamics to those of a single

network with a bimodal frequency distribution.

In Chapter 5 I extend the applicability of the Ott-Antonsen ansatz to parameter-dependent

oscillatory systems. This is illustrated for a network of quadratic integrate-and-fire neurons,

for which I derive the exact dynamics of the macroscopic observables. Moreover, I briefly

revise a variety of further complex network examples that fall within the class of parameter-

dependent systems that is applicable for the Ott-Antonsen ansatz and thus entails a low-

dimensional description of the network dynamics.

The model performance of neurophysiological phase oscillator networks is tested against

experimental data from the human cortex in Chapter 6. The resting state MEG data fea-

ture two distinct notions of criticality, namely partial phase synchronization and scale-free

temporal dynamics. Given two seminal neural mass models, their respective phase dynamics

is derived and analyzed with respect to these two dynamical features of criticality.

Finally, Chapter 7 provides a general discussion of the results of this dissertation and

their implications. The use of phase models in computational neuroscience thrives on the

straightforward link to identify (phase) synchronization phenomena in networks of coupled

neural oscillators. In view of the main research questions I will reflect on the reduction of

phase models from complex oscillator networks, on the power of such phase models and on the

involved macroscopic observables. I also address the modeling of complex dynamic spectra

of experimental data, the representativeness of neural mass models as neural oscillators and

possible extensions of the presented work.




