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So let go, let go, jump in 
oh well, whatcha waiting for 

it's alright 
'cause there's beauty in the breakdown 

so let go, let go, just get in 
oh, it's so amazing here 

it’s alright 
cause there's beauty in the breakdown 

 

Imogen Heap & Guy Sigsworth 
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The famous Hungarian writer Frigyes Karinthy stated that all people in the world are 
interconnected through at most five other persons in his short story ‘Chains’.1 Although 
this assertion was rather unfounded at the time, it turned out to lay the foundation of this 
thesis. Karinthy´s prediction was confirmed almost forty years later, by social psychologist 
Stanley Milgram, who showed that all people in the United States are connected through at 
most five others. This renowned ‘six degrees of separation’ experiment is discussed in the 
next chapter, but it is clear that the experiment widened a branch of science that had for 
the most part been reserved to mathematicians and physicists. Milgram’s work stirred up 
research into social relations using the mathematical framework of ‘network theory’. 
Network theory refers to the analysis of topological features in any type of system, which 
can therefore be applied to all complex networks alike, including social networks.  

Over the past decades, it has become increasingly clear that all complex systems have 
similar organizational characteristics, whether it concerns social networks, biological 
networks of proteins, or technological networks such as the Internet. Almost all of these 
networks share an architecture featuring local specialization combined with global 
integration. These two aspects are also hallmarks of the brain: optimal brain functioning 
depends highly on specific, detailed processing of input at the one hand, while global 
integration of several brain areas at the other hand is equally pivotal for overall 
functioning. Network theory is therefore highly relevant for understanding the human brain 
in health and disease. 

Ironically, Karinthy´s relevance to the subject of this thesis extends beyond his pioneering 
work on social networks: he was diagnosed with a brain tumor at the age of 46. The tumor 
was resected in 1936, which inspired him to write a book about his experiences with the 
disease and its treatment.2 Karinthy, whose writing was most famous for its absurd humor, 
never lost his wit and wrote: ‘I went from humorist to tumorist…’. Karinthy died of the 
consequences of his brain tumor in 1938, as do most brain tumor patients, unfortunately.  

Primary brain tumors account for approximately 2% of the incidence of all cancer types. 
However, the mortality rates of brain tumor patients are many times higher than those of 
most frequently occurring types of cancer. The annual incidence of primary brain tumors, 
of which gliomas – originating from the supporting tissue in the brain – occur most 
frequently, varies from 7 to 19 cases per 100,000 people.3,4 Glioma patients almost 
invariably die as a consequence of their disease; the median survival ranges from ten years 
in relatively slow-growing tumors to only fourteen months in patients suffering from the 
most aggressive and infiltrative subtype. Most patients with intracranial tumors experience 
devastating symptoms of their disease. These often include epileptic seizures and 
functional decline in the form of cognitive deficits. The mechanisms by which brain tumors 
lead to these two burdensome symptoms remain to be elucidated at this time.  

In this thesis, network theory is applied to the brain in order to shed light on this interplay 
between the triad of brain tumor – cognition – epilepsy.  

 

Aims and outline of this thesis  

The general aim of this thesis is to expand our understanding of the impact and 
consequences of brain tumors on the brain and its functioning as a whole. As described 
above, brain tumors can be accompanied by a range of behavioral manifestations, of which 
cognitive deficits and epilepsy occur most frequently and usually involve the whole brain. 
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However, the pathophysiology of these symptoms is still incompletely understood. Several 
aspects of our general but complex aim are therefore investigated separately in several 
sections, in which the triad of tumor – cognition – epilepsy is the central theme.  

 

Section I: Introduction 

Chapter 2 introduces the other chapters of this thesis in greater depth. A historical 
perspective of network theory is offered and key features of networks are explained. Also, 
concepts in the aforementioned triad are described in detail. Furthermore, this chapter 
outlines the status of network analysis and its relation with brain tumors, cognition, and 
epilepsy at the start of this thesis. 

  

Section II: Cognition 

In this section, the inter-correlations between cognition, functional connectivity, and 
networks are first studied: chapter 3 investigates whether cognitive performance is related 
to functional connectivity and/or network topology in a group of healthy participants. In 
chapter 4, cognitive performance in a large group of low-grade glioma (LGG) patients is 
determined. It is investigated whether these patients show poorer cognitive performance 
when compared to healthy controls. Secondly, we investigate whether radiotherapy has late 
detrimental effects on cognition in a longitudinal study design. Subsequently, cognition 
and functional connectivity are addressed in brain tumor patients: in chapter 5, we 
determine whether there is a correlation between functional connectivity and cognitive 
functioning within a sample of LGG patients. 

 

Section III: Epilepsy 

This section focuses on studies into (tumor-related) epilepsy, and how this frequently 
occurring symptom of brain tumors relates to functional connectivity and brain network 
architecture. The network correlates of this second hallmark of brain tumor 
symptomatology are thus determined. In chapter 6, the diagnosis of epilepsy, which still 
presents problems in a considerable number of patients, is investigated in detail. It is 
determined whether functional connectivity can be used as a predictor of diagnosis, and 
whether it is a more sensitive measure than currently used methods. A specific type of 
epilepsy, namely absence seizures, is addressed in chapter 7. It is investigated whether 
changes in connectivity and network architecture occur from seizure start to seizure 
termination. In chapter 8, a group of patients with focal epilepsy due to circumscribed 
lesions (some of which tumors) is compared to a group of healthy participants, in order to 
determine whether functional connectivity and network topology differ between these 
groups. In chapter 9, cross-sectional data of patients with medial temporal lobe epilepsy 
are used to investigate whether epilepsy duration (i.e. time since first seizure) has an 
impact on functional connectivity and network characteristics. Chapter 10 concerns a 
longitudinal study of brain tumor patients, who all suffer from epilepsy. These patients are 
followed for one year, in order to investigate whether functional connectivity and network 
topology change over time. Moreover, clinical features of the seizures are determined, in 
order to investigate whether these features are related to both functional connectivity and 
network architecture.  
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Section IV: Reversible damage 

Changes in functional connectivity and network topology in brain tumor patients have been 
investigated in the previous sections. It remains to be seen how other types of brain 
lesions may influence the brain network. In this section, two chapters focus on reversibly 
lesioning the brain during the Wada test. In this procedure, one hemisphere of the brain is 
selectively sedated, in order to test memory performance of the non-sedated hemisphere. 
The Wada test is performed in patients suffering from pharmaco-resistant epilepsy in 
whom resection of one of the temporal lobes is considered, but it can also be seen as 
‘shutting down’ one part of the brain. This experiment allows us to investigate whether 
acute sedation of parts of the brain induces changes in connectivity and network 
architecture. Chapter 11 describes whether changes in functional connectivity occur after 
unilateral injection of the sedative. Changing network topology during the procedure is 
then addressed in chapter 12. Functional correlates of network topology are also 
investigated, by means of memory performance during sedation. 

 

Section V: Treatment 

Section V focuses on treatment effects of neurosurgery in brain tumor patients. Changes in 
functional connectivity and network topology due to tumor resection are investigated in a 
group of patients with various brain tumor types. Chapter 13 determines whether changes 
in functional connectivity occur after neurosurgery in these patients. In chapter 14, we 
investigate whether network topology changes after tumor resection. Both chapters also 
relate these changes to postoperative clinical outcome in terms of seizure-freedom.  

 

Section VI: Summary and General Discussion 

In this final section, the results and methodological considerations of previous chapters are 
summarized. Furthermore, governing hypotheses and possible implications for future 
research and clinical practice are discussed. 
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Introduction 

The human brain is by far the most complex network known to man. Neuroscience has for 
a long time focused on a reductionistic approach when studying the brain, in part precisely 
because of its daunting complexity. Although important insights have been obtained by 
using a localizational method, this type of research has failed to elucidate the elaborate 
mechanisms involved in higher brain functioning and perception. As a consequence, an 
increasing body of research regarding the brain’s functional status has become founded on 
modern network theory. In this subdivision of mathematics and physics, emphasis is 
placed on the manner in which several parts of the brain interact, instead of on which 
specific part of the cortex is responsible for a certain task. The first studies using networks 
to investigate the brain have made use of computational models and animal studies. Due 
to the great research advances in recent years, network theory is now being readily applied 
to the human brain. Studies are being performed in both the healthy population and 
several patient groups, in order to find out what constitutes a healthy versus a diseased 
brain (for an introduction into brain networks, see references5-7).  

Brain tumors almost invariably cause highly burdensome symptoms, such as cognitive 
deficits and epileptic seizures. The tumor has significant impact on the brain, since it 
forces the non-tumoral tissue to adapt to the presence and constant expansion of a foreign 
entity. How this presumably whole-brain adaptation process takes place has yet to be 
elucidated. Hence, brain tumor patients present us with a great challenge: to clarify the 
underlying mechanisms accounting for the changes in patients’ functional status 
throughout the brain, for cognitive impairments, and epileptic seizures. When reviewing 
the current state of the art in neuro-oncology, there is a growing need for theory regarding 
the complex relations between the tumor, epilepsy, and cognitive status. Currently, 
theoretical integration of these features is difficult. Recent studies applying network theory 
to this population have shown that the configuration of neural networks may be essential 
for our understanding of these multifactorial issues in neuro-oncology.  

This chapter deals with the question whether we can use functional connectivity and 
network analysis to characterize the complex patterns of neural and behavioral 
consequences of brain tumors. Network theory has proven applicable to neural networks. 
Especially the ‘small-world’ phenomenon, which assumes both local segregation and 
overall integration in a network, seems necessary for optimal brain functioning. Abnormal 
connectivity and dysfunctional network topology (i.e. less small-world) in neuro-oncological 
patients may have a detrimental effect on cognition on the one hand, and on epileptic 
seizures on the other hand. 

In this chapter, we focus on the impact of a brain neoplasm on both the functional status 
of the patient and on the integrity of the entire brain as a complex system, although this is 
not the main subject of this book. Instead, we hope to elucidate the relation between the 
computational side of neural networks and their functional significance (e.g. perception). 
This will therefore be a highly translational chapter which is also of great interest to those 
working with artificial neural networks, and it will provide some insights into the 
application of modeling in a clinical setting.  
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Brain tumors 

Primary brain tumors, arising from tissue in the brain, account for 2% of the incidence of 
all cancer types. However, the mortality rates of CNS cancer patients are multiple times 
higher than those of more frequently occurring types of cancer, such as breast cancer. In 
addition to high mortality, most patients with intracranial tumors also experience 
devastating symptoms of their disease, including epileptic seizures and cognitive 
dysfunction. The annual incidence of primary brain tumors varies from 7 to 19 cases per 
100,000 people.3,4 Secondary brain tumors (i.e. metastases of tumors elsewhere in the 
body) are much more prevalent than primary tumors, but are beyond the scope of this 
chapter. Primary brain tumors (on which we focus in this chapter) can roughly be divided in 
low-grade and high-grade tumors. The majority of primary brain tumors arise from the 
supporting or glial tissue of the brain and are therefore called gliomas. Low-grade gliomas 
grow relatively slowly, while high-grade gliomas grow much faster. 

 

 

 

 

 

 

 

 

 

 

Figure 1. A T2-weighted MRI after administration of contrast in a patient with a right-sided 

tumor. NB: left and right side are switched due to radiological conventions. 

 

Most high-grade glioma (HGG) patients present with increased intracranial pressure, 
resulting in headache or lowered consciousness and neurological deficits, such as 
hemiplegia.8 The first symptom in the slowly growing low-grade glioma (LGG), is epilepsy 
in at least two-thirds of all patients.9 Other frequently observed symptoms in LGG patients 
are headache and fatigue, while neurological deficits are usually not as profound as in 
HGG. Both patient groups frequently suffer from cognitive deficits. The median survival 
rates of brain tumor patients vary from ten years in LGG to a discouraging median of one 
year in the case of the most malign HGG.8,10,11   

 

Cognitive functioning in brain tumor patients 

Most brain tumor patients experience cognitive deficits at some point during their disease. 
Severe neuropsychological impairments have been found in up to 89% of HGG patients.12-14 
A comparable percentage of LGG patients displays cognitive deficits.15-23   

The rate of tumor growth is related to the degree of cognitive dysfunction: a fast-growing 
tumor causes more profound cognitive deficits than a slow-growing tumour.24,25 When 
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comparing acute lesions with slowly growing tumors, it is clear that plasticity plays a major 
role in the resilience to cognitive deficits in brain tumor patients: brain tumor patients 
show impressive preservation of cognitive functioning when compared with acute lesions 
of the same size.26 However, cognitive deficits that occur in brain tumor patients are 
surprisingly global, as they include memory disturbances, loss of concentration, planning 
and speech difficulties, and psychomotor slowness. These widespread disturbances can 
hardly be explained by the local damage caused by the tumor alone.  

 

Tumor-related epilepsy  

Epilepsy is often the first sign of the presence of a brain tumor. Between 10 and 15% of 
adult patients presenting with epileptic seizures are diagnosed with a brain tumor as 
underlying cause of the seizures.27,28 Conversely, most patients suffering from brain 
tumors develop epileptic seizures at some point during the course of their disease. This is 
the case in 85% of LGGs, while almost 50% of HGG patients will experience epileptic 
seizures at some point.29 Generally, slow-growing tumors more frequently cause epilepsy 
at some point than tumors that progress very fastly. Of course, this difference can in part 
be explained by the significantly longer survival time of LGG patients when compared to 
HGG. However, this does not explain why patients with LGG present with epileptic seizures 
as a first symptom so much more often (75% of patients) than HGG patients do (30%).30  

The interval between two seizures, in which the patient does not experience seizures, is 
termed the ‘interictal’ period (‘ictus’ meaning seizure). The seizure occurs during the ‘ictal’ 
period, which is marked by specific epileptiform activity in the electroencephalogram (EEG) 
or magnetoencephalogram (MEG). After the seizure, confusion, drowsiness, and headache 
may be present during the ‘postictal’ period. These different periods are frequently 
accompanied by characteristic changes in the EEG, which is used to diagnose and classify 
the seizure (see figure 2).  

The underlying cause of epileptic seizures in brain tumor patients has not yet been 
determined. It is thought that multiple factors contribute to the development and 
propagation of an epileptic seizure (epileptogenesis), such as the tumor itself and various 
consequences of the tumor on the surrounding tissue (for a review, see reference31). 
However, all possible factors that have been researched up till now do not suffice when 
trying to explain epileptogenesis. Particularly the propagation of seizures (which is very 
difficult to predict) remains poorly understood when solely looking at biological factors. 
Tumor-related epilepsy remains a highly complex, multifaceted notion, that may only be 
understood when combining neurobiology with complex mathematics and graph theory. 
We will return to epilepsy and network analysis later. 

 

Network theory 

Network or graph theory originates from two branches of science: mathematics and 
psychology. Combining these two bodies of thought has brought us numerous methods of 
analyzing several types of networks by representing them in an abstract, theoretical figure 
called a ‘graph’. Illustrated by Euler’s problem of the bridges of Konigsberg in 1736 and 
the six degrees of separation of Milgram,32 the quest basically comes down to discovering 
the optimal method of describing the biological and social networks that are everywhere 
around us. These networks usually combine two seemingly opposing concepts: integration 
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and segregation. In many real-life networks, several highly specialized subsystems are very 
much integrated as a whole. These so-called ‘small-world’ characteristics thus include a 
locally clustered architecture, while even parts of the network that seem very remote from 
each other can actually be linked through only a few steps. The previously enigmatic co-
existence of integration and segregation in complex networks has only recently been 
elucidated.      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Interictal and ictal EEG recordings of a patient with temporal lobe epilepsy. Above: 

interictal normal EEG, predominantly showing brain activity in the alpha band, while the eyes 

are closed. Below: ictal EEG in the same patient, in which synchronous epileptiform peaks can 

be seen throughout the registration. 

 

 Small-world networks 

Random networks were first described in the 20th century and seemed promising to model 
complex networks.33,34 However, these graphs did not meet up to the expectations of 
explaining previously mentioned small-world characteristics of real-life networks.  

A major insight came with the seminal paper of Watts and Strogatz, who provided an 
elegant way of modeling small-world networks.7 They proposed a very simple model of a 
one-dimensional network (see figure 3). Initially, each node or vertex in the network is only 
connected to its ‘k’ nearest neighbors (k being the degree of the network), representing a 
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so-called ‘regular’ network. Next, with likelihood ‘p’, connections or edges are chosen at 
random and connected to another vertex, also chosen randomly. With increasing p, more 
and more edges become randomly reconnected and finally, for p = 1, the network is 
completely random. This highly comprehensible model allows investigation of all types of 
networks, ranging from regular to random.  

 

 

 

 

 

 

 

 

Figure 3. Random, regular, and small-world networks. The regular network has both high 

clustering coefficient (C) and high path length (L), while the random network combines low C 

and low L. The intermediate small-world network can be achieved by relocating but a few long-

distance connections from the regular network, which causes L to decrease drastically but 

preserves a high C.  

 

The intermediate architecture between random and regular proved to be crucial to the 
solution of the small-world phenomenon. Two measures are of high importance when 
classifying a network on the continuum of regular to random: the clustering coefficient ‘C’, 
which is the likelihood that neighbors of a vertex are also connected, and the path length 
‘L’, which is the average of the shortest distance between pairs of vertices counted in the 
number of edges. Regular networks have are very clustered (high C) but it takes a lot of 
steps to get from one side of the graph to the other (high L). In contrast, random networks 
have a low C and low L. So, neither regular nor random networks explain the small-world 
phenomenon. However, when p is only slightly higher than 0 (with very few edges 
randomly rewired) the path length L drops sharply, while C hardly changes. In this manner, 
networks with a small fraction of randomly rewired connections combine both high 
clustering and a small path length, which corresponds to the small-world phenomenon. 
The authors demonstrated the existence of such small-world networks in the nervous 
system of Caenorhabditis Elegans, a social network of actors, and the network of power 
plants in the United States. Furthermore, they showed that a small-world architecture might 
facilitate the spread of infection or information in networks.7  

As C and L are relative measures (dependent on the size of a network, level of functional 
connectivity etc.), their values are often normalized by dividing them by the C and L of a 
number of random networks with the same number of nodes and edges. The normalized C 
and L thus indicate how far the network’s topology is from a completely random one. A 
single index of ‘small-worldness’, ‘S’ or ‘σ’ later was defined, which is the ratio between 
normalized values of C and L.35  
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Another important measure in graph theory is the ‘degree distribution’. The ‘degree’ or ‘k’ 
signifies the number of edges that are connected to a node. Thus, the degree distribution 
refers to the way edges are spread out across the network. Nodes with many edges 
connecting to them can be termed ‘hubs’, and are key nodes in the network. This degree 
distribution gives us a lot of information on the structure of the network.  

The degree correlation refers to the association between the degrees of nodes. A high 
degree correlation indicates that most nodes have approximately the same number of 
edges (which is the case in random networks) and is called an assortative network, while 
low degree correlations means that degree varies across nodes (disassortative) and 
suggests the presence of hubs. Generally, social networks are assortative, while biological 
and technological networks tend to be disassortative.36 

The discovery of small-world networks initiated a widespread interest in complex networks 
and gave rise to many new theoretical and experimental studies. The following section 
provides some basic knowledge on several aspects of network properties. For more 
detailed information on mathematical backgrounds, see reference37. 

 

 Weighted versus unweighted graphs 

In unweighted graphs, edges either exist or do not exist. Moreover, all edges in this binary 
graph have the same significance or value. In a weighted graph, weights are assigned to 
each of the edges in the network. Weights can be used to indicate the strength or 
effectiveness of connections, or the distance between vertices. Weighted graphs are more 
accurate models of real networks in many cases,38-44 but the great complexity of these 
graphs has made them difficult to analyze. Instead, weighted graphs are often subjected to 
a threshold, hereby converting them to unweighted graphs. Although it is fast and easy, 
this method has several disadvantages: (1) much of the information available in the 
weights is not used, (2) when the threshold is too high, some vertices may become 
disconnected from the graph, which poses problems with the computation of C and L, and 
(3) the choice of the threshold remains arbitrary. At this point, no final solution to this 
methodological issue has been postulated, and methods of analysis vary considerably 
between research groups. 

When comparing networks of graphs with different levels of functional connectivity, this 
difference can influence the values of C and L. After all, when one graph has more edges 
than the other to begin with (because of high synchronization), this difference will be 
reflected in varying network variable values. In order to control for differences in 
connectivity when comparing multiple graphs, we can deliberately ‘fix’ the average degree 
of these graphs by making sure that the threshold that is used ensures that these graphs 
equal regarding the absolute number of connections. In this manner, we are certain that 
the graphs can be compared regarding network variables even when synchronization 
differs. Thus, the actual degree of a network is inherent to a weighted graph, but it can be 
fixed when comparing unweighted graphs. 

 

 Synchronization of networks 

The description of real-life networks by using graph theory provides us with a basic 
understanding of the architecture of these networks, but does not establish how they 
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achieve optimal functioning. To this end, correlations between structural characteristics 
and synchronization dynamics of networks can be investigated.45 Network synchronization 
is particularly important in brain networks, since it is thought that the synchronization of 
activity in distant brain areas plays an important role in brain functioning.46 Initially, it was 
assumed that synchronizability was directly related to the average path length of a 
network, and that particularly small-world networks displayed a high level of 
synchronizability.7 Several research groups, however, have demonstrated that other factors 
also influenced synchronisability. In some cases, networks with higher average path 
lengths even synchronized more easily than those with lower path lengths.47-49  

In order to better quantify the term synchronizability, several methods were used to define 
a measure and describe the ‘optimal’ network architecture for synchronizability.45,49-53 
Currently, it is thought that in the case of weighted networks, random networks are most 
likely to synchronize, followed by (in order of decreasing synchronizability) small-world 
and regular networks.54,55 However, synchronizability does not depend solely on the type 
of the network: it is also influenced by the delay between couplings in the case of time 
series,56 the number of links between two networks,57 the connectivity level between 
nodes,53,58 and the degree and heterogeneity of the intensity (i.e. the sum of the strengths 
of all inputs of a node, reflecting the weights of the degree as well as the links) of the 
nodes.52,59,60  

Topological features of networks, therefore, seem to determine the extent to which 
networks facilitate synchronization. The question remains whether graph theory and 
network synchronization are up to the challenge of explaining the formidable intricacy of 
the brain. 

 

Neural networks 

The first important question when reviewing network topology in brain tumor patients is to 
what extent network theory is applicable to the brain. Synchronization or ‘functional 
connectivity’ may prove to be fundamental for brain dynamics. The basic assumption of 
functional connectivity is that statistical interdependencies between time series of neuronal 
activity or related metabolic measures at separate areas in a neural network reflect 
functional interactions between these neurons and brain regions.46 Multiple local networks 
are likely to be managed by long-distance patterns of functional connectivity to achieve 
higher brain functioning, such as planning, memory, and executive functioning.6,61-63 
Functional connectivity between brain areas may be used to construct graphs of the brain. 
It is generally calculated based on some correlational measure, indicating the amount of 
synchrony between two measures of brain activity (see figure 4 for an example in an MEG 
recording). 

Another important consideration concerns the correlation between function and structure. 
Describing the brain’s dynamics in terms of synchronization between several brain areas 
raises the question whether the pattern of anatomical connectivity determines the 
functional connectivity pattern.64,65 In the next section, we will demonstrate the 
applicability of network theory to the brain and the correlations between these networks 
and brain anatomy. 

As stated before, the two prerequisites of local segregation, referring to local 
specialization in specific tasks, and integration, combining information from lower-level 
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networks at a global level, are important in any real-life network, but they are crucial for 
optimal brain functioning.66-68 As said, the small-world network may be a highly adequate 
model of organization in the brain, because it supports both segregated as well as 
integrated information processing.69  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Functional connectivity in a 151-channel MEG recording. 

 

Simulated neural network models 

Modeling studies have shown that networks displaying small-world characteristics are more 
likely to meet the dual requirements of functional segregation and integration than those 
that do not.67,70 This type of network architecture supports the development of a giant 
cluster or ‘dynamic core’, an integration system that emerges at the large scale level from 
the cooperative interactions among widely distributed neuronal populations.68-70 This giant 
cluster or dynamic core could speculatively be a potential substrate of higher cognitive 
functioning and consciousness. Furthermore, a small-world topology facilitates 
synchronization between simulated neurons and also promotes fast responses in a neural 
model.71-73 Other studies on properties of neural networks mainly demonstrated a 
correlation between shorter path lengths and optimal performance, while local properties 
such as the clustering coefficient were less important.74,75 The balance between excitation 
and inhibition in modeled synaptic dynamics also sufficed the requirements of small-world 
topology.76-79 

 

In vitro and in vivo experimental studies 

Before ample confirmation of their theoretical ideas was achieved, Watts and Strogatz 
already applied their small-world paradigm to a neuroscientific question. They found that 
the C and L of the nervous system of Caenorhabditis Elegans were in agreement with the 
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definition of a small-world configuration.7 Later, similar conclusions could be drawn from 
cortico-cortical connection data from macaques and cats.69,80-82  

A small-world pattern in the spread of (epileptic) activity in lesioned macaque cortex in vivo 
was found, suggesting a correlation between anatomical and functional connectivity 
patterns.83 The correspondence between functional and structural connectivity patterns 
has also been investigated by using computational models of macaque cortex.84 Functional 
networks proved to overlap with the underlying structural networks. Others modeled the 
propagation of epileptic activity in a large-scale model of cat cortex. They concluded that 
association fibers and their connection strengths were useful predictors of global 
topographic activation patterns in the cerebral cortex, indicating a global structure-to-
function relationship.85  

 

Studies in humans 

Research regarding neural networks in humans has grown rapidly since the initial paper of 
Watts and Strogatz. Neural network analysis can be based on several types of 
measurements. Findings from these different types of data match globally, but comparing 
any two studies researching functional connectivity and networks in the brain is difficult 
because of methodological differences.86 For instance, significant differences in small-
worldness and degree distribution have been reported when comparing two different 
methods of subdividing the brain into regions.87 In the following subsection, we will 
discuss the two main types of functional neural network measurements separately. 

 

Functional magnetic resonance imaging 

Functional connectivity has been applied to functional magnetic resonance imaging (fMRI) 
since 1995,88 becoming increasingly popular in recent years.89 Applying graph theory to 
fMRI generally starts with blood oxygen level dependent (BOLD) time series of brain 
activity, after which a matrix of correlations between the time series is computed. In one of 
the first fMRI studies into connectivity, the matrix was converted to a graph by assigning 
edges to all supra-threshold correlations between activated brain areas. Various functional 
clusters in the form of sub-graphs were demonstrated during a finger-tapping task.90 
Another study investigated clustering coefficients, path lengths, and degree distributions 
in relation to fMRI data. It was stated that any two fMRI voxels were functionally connected 
when their temporal correlation exceeded a predefined threshold. The reported functional 
brain networks indeed displayed small-world features.91  

A different approach was taken by the Cambridge group, who described several studies 
regarding fMRI BOLD time series during a resting state with eyes-closed and no task.92-95 In 
the first study, BOLD time series were taken from 45 regions of interest in both 
hemispheres of 12 healthy subjects.94 From these 90 time series, a matrix of partial 
correlations was obtained and thresholded. Graph analysis applied to these matrices 
suggested small-world topology of the resting state functional network. The authors noted 
that the anatomy did not always precisely predict functional relationships.95 An extensive 
graph analysis of this data set displayed a single giant cluster of highly connected brain 
regions,93 which might reflect the previously described dynamic core.68-70  
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In another study, MRI scans of 124 healthy subjects were obtained. A connection between 
two regions was assumed if they displayed statistically significant correlations in cortical 
thickness.96 With this approach, the authors showed that the human brain network had 
small-world characteristics.  Anatomical network analysis using MRI has been performed 
and demonstrated small-world features.96-98 Human brain-stem anatomical as well as 
functional networks also meet the criteria of being a small-world network,99 again pointing 
towards correspondence between functional and anatomical networks. 

In addition to exploring network architecture in the brain itself, fMRI is becoming 
increasingly popular to compare network architectural differences between the healthy 
population and several patient groups. A recent study in patients with Alzheimer’s disease 
(AD) and controls investigated small-world properties of the brain.100 The authors 
calculated a wavelet correlation matrix based on parcellation of the brain into 90 regions, 
and thresholded this matrix. They found healthy controls to display small-world 
characteristics (particularly in terms of clustering coefficient), while AD patients did so less 
evidently. When trying to use the clustering coefficient (normalized for degree) as a 
biomarker for AD, this yielded 72% sensitivity and 78% specificity. The application of 
network analysis in the diagnosis of certain brain disease may be a useful tool in the 
future. Furthermore, disrupted small-world topology was reported when comparing 
schizophrenic patients with healthy controls.101 Again, patients in this study had 
significantly higher clustering coefficients than controls. These observations were based on 
graphs constructed from the partial correlations between 90 parcellated brain regions. 
Other studies have researched network-related fMRI changes in multiple sclerosis,102 
attention deficit hyperactivity disorder,103 and depression.104 Although global patterns may 
be derived from these studies, more research is needed to clarify the precise 
characteristics of networks in the brain. At this moment, fMRI has not been used to assess 
functional connectivity and network topology in brain tumor patients. 

 

Electroencephalography (EEG) and magnetoencephalography (MEG) 

EEG and MEG register brain activity by measuring electrical and magnetic flow, respectively, 
within the brain, resulting in one time serie per EEG electrode or MEG sensor. MEG has a 
much higher spatial resolution than EEG, because the skull and scalp do not distort the 
magnetic field patterns. Also, MEG does not require the use of a reference electrode as EEG 
does, rendering MEG analysis somewhat more straightforward than EEG. Disadvantages of 
both EEG and MEG are the inverse problem and volume conduction. The inverse problem 
refers to the nonuniqueness of a solution for the deduction of magnetic and electric 
currents from the measured time series. In other words: there is more than one way in 
which the measured signals can come about, but the most likely solution is calculated. 
Volume conduction refers to the fact that EEG or MEG signals picked up at different 
electrodes or sensors may originate from the same source. Analysis of EEG and MEG is 
usually performed in different frequency bands, which can roughly be divided in delta (0.5-
4 Hz), theta (4-8 Hz), lower alpha (8-10 Hz), upper alpha (10-13 Hz), beta (13-30 Hz), lower 
gamma (30-45), and upper alpha band (55-80 Hz). 

The first application of graph analysis to MEG was published in 2004.105 We studied 
correlations between time series of 126 MEG channels in five healthy subjects with the 
synchronization likelihood (SL), a measure of synchronization or functional 
connectivity.106,107 The SL takes both nonlinear and linear coupling between time series 
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into account, and varies between 0 (desynchronization) and 1 (total synchronization). The 
matrices of SL values between each sensor pair were converted to unweighted graphs by 
assuming an edge between pairs of channels with an SL above a threshold, which was 
varied. This analysis was performed for data filtered in different frequency bands. In the 
alpha band, graphs were close to regular networks. For delta, theta, and gamma 
frequencies, the graphs showed small-world features.  

Graph theoretical properties of MEG recordings in healthy subjects were studied more 
extensively in a recent paper.108 The authors applied graph analysis to MEG recordings in 
22 healthy subjects during a no-task, eyes-open state, and a simple motor task (finger 
tapping). Pair-wise channel correlations were converted to an unweighted graph by use of a 
threshold, after which a range of graph theoretical measures was calculated. Small-world 
architectural features were found in the six major frequency bands, which were remarkably 
stable over different frequency bands as well as over experimental conditions.  

A recent seminal paper has shown that functional connectivity is a useful tool to assess the 
functionality of brain tissue.109 The authors subjected 15 patients with circumscribed brain 
lesions (13 tumors), who were eligible for surgical removal of the lesion, to MEG 
registration before surgery took place. Imaginary coherence was used to compute 
synchronization matrices containing all channels.110 Patients’ functional deficits that were 
due to the brain regions surrounding their lesions were related to connectivity values of 
the same areas. The authors found connectivity to be lower in brain areas that were 
included in the lesion than in the intact tissue. Notably, connectivity in brain tumor 
patients was only decreased in the regions corresponding to the functional deficits but not 
in the entire area invaded by the tumor. Thus, functional connectivity may be useful to 
distinguish between functional and dysfunctional tissue within a brain tumor. This 
important study shows that the level of functional connectivity in the brain is not merely a 
scientific classification, and that it may indeed be used for clinical decision-making in 
(brain tumor) patients. 

The general picture that emerges from these fMRI and neurophysiological data, is that 
neural networks display small-world characteristics. Other factors (e.g. anatomical 
structures, processing efficiency), however, may be responsible for deviation of neural 
networks from the optimal small-world configuration.  

 

What is the effect of brain tumors on network properties? 

Functional connectivity and network properties are considered to be physiological 
substrates for segregated and distributed information processing.92-95 Following this 
hypothesis, both purposeful (such as neurosurgery) and random attacks (e.g. lesions) 
would lead to changes in these parameters.  

 

 The lesioned brain  

Global and local efficiency measures were applied to fMRI data in healthy young and old 
subjects.92 Efficiency is a measure of how optimally information is exchanged in a certain 
network, and is related to both clustering (local efficiency) and path length (global 
efficiency).41 This measure can be used to investigate small-world networks. Subjects were 
studied during a resting state no-task paradigm, either with placebo treatment or with 



Chapter 2 – Neural networks and brain tumors 

 25

sulpiride. Sulpiride is an antagonist of the dopamine D2 receptors in the brain and has 
sedating effects. The analysis was based upon wavelet correlation analysis of low 
frequency correlations between BOLD time series of 90 regions of interest, followed by 
thresholding.108 The efficiency measures were related to a ‘cost’ factor, defined as the 
actual number of edges divided by the maximum number of edges possible in the graph. 
Local and global efficiency, normalized for cost, were shown to be lower in the older 
subjects than in the young group, and it was lower in the sulpiride condition as compared 
with the placebo condition. The effect of age on efficiency was stronger and involved more 
brain regions than the sulpiride effect.  

Cortical connectivity of five patients with cervical spinal cord injury (SCI) and five healthy 
volunteers has been investigated through analysis of EEG recordings of 12 regions of 
interests (ROIs).111 A connection matrix containing connectivity values for each pair of ROIs 
was thresholded. In addition to significant differences compared with computed random 
networks of the same size in both groups, higher local (but not global) efficiency was 
found in the SCI group, suggesting a compensatory higher level of internal organization in 
these patients. We will come back to this idea of compensatory mechanisms in the 
following sections. 

A highly interesting modeling study has researched the effects of lesions in two models of 
oscillatory cortical neurons.77 Lesions to the most heavily connected nodes (i.e. hubs) had 
the greatest effect on cortico-cortical interactions, although the architecture of the specific 
part of the cortex that was investigated influenced the extent of damage after targeted 
attack of a hub.  

Unfortunately, the impact of natural lesions on functional connectivity and neural networks 
has not been further investigated. It would be highly interesting to explore this in for 
instance patients with cerebrovascular accidents, as the effects of acute brain lesions could 
be assessed in this patient group.  

 

Brain tumor patients 

The application of graph theory to a neuro-oncological population is rather novel, although 
changes in EEG coherence (a measure of connectivity) in these patients have already been 
reported as early as 1994.112 Our own group reported on functional connectivity in brain 
tumor patients for the first time in 2006.113,114 In these studies, we used the 
synchronization likelihood to assess the degree of functional connectivity in MEG 
recordings of both brain tumor patients and healthy controls. Brain tumor patients 
displayed a different pattern of functional connectivity than healthy controls: they showed 
a general broadband (0.5-60 Hz) decrease of synchronization. When looking at separate 
frequency bands, patients tended to show increased connectivity in the lower frequency 
bands (delta to alpha) compared to healthy controls, while lower SL was found in the beta 
and gamma bands. These differences in connectivity were not limited to regions 
surrounding the tumor, but were also present within the hemisphere contralateral to the 
tumor. Notably, patients’ changes in synchronization were more profound in the dominant 
left hemisphere, regardless of tumor lateralization.  

We subsequently used graph theory in the same brain tumor patients and controls.114 
Based on the SL, graph analysis was performed while using an individually adapted 
threshold regarding the number of edges per vertex, normalized for a fixed k of 10. Values 
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of the clustering coefficient and path length were then divided by the computed values of 
ten random graphs.69 Brain tumor patients were found to have decreased path lengths in 
the theta, beta, and gamma bands when compared to healthy controls. Moreover, they 
showed less clustering than controls in the theta and gamma bands. These results imply 
that brain tumor patients have more random neural network topology than healthy persons 
do. As stated previously, a very low path length and thus random network structure might 
also be related to the tendency towards hypersynchronization and epileptic seizures (see 
section five).  

 

Cognition and network topology 

It is tempting to hypothesize that topological changes leading to suboptimal network 
dynamics are correlated with suboptimal higher brain functioning, which was already 
suggested in 1995.115 Since then, evidence has accumulated that higher cognitive 
functions indeed require functional connectivity between multiple distinct neural 
networks,94,116-121 and that optimal functional connectivity requires optimal neural network 
architecture. It has been demonstrated that while at rest, the ‘default’ brain network gives 
rise to constantly changing, weakly synchronized networks.121,122 This process of 
constantly creating and dissolving functional networks, also called ‘fragile binding’, is 
thought to underlie spontaneous information processing. The optimal brain dynamics are 
thought to be near the phase transition between low and high levels of synchronization.123  

A clinical hint towards the relation between cognition and network topology was found in 
AD patients.124 A group of AD patients was compared to a non-demented control group. 
EEG recorded during an eyes-closed, no-task state and filtered in the beta band (13-30 Hz) 
was analyzed with the SL, after which synchronization matrices were converted to graphs. 
When C and L were computed as a function of threshold (same threshold for controls and 
patients), the path length was significantly higher in the AD group. When C and L were 
studied as a function of degree k (same k for both groups), the path length was higher in 
the AD group, but only for a small range of k (around 3). In both controls and patients, the 
graphs showed small-world features when C and L were compared to those of random 
control networks. A higher (more optimal) cognitive performance on the Mini Mental State 
Examination (MMSE) correlated with a higher C and smaller L, which is even more 
noteworthy as this measure of cognition is very crude and has relatively low differentiating 
power. One might hypothesize that the type of damage in AD, which is best described as 
‘random error’,125 leads to a less optimal (i.e. less small-world like) network organization. 

 

 Compensatory mechanisms 

Compensatory mechanisms of synchronization may play a role in cognitive functioning. We 
used the SL to compare functional connectivity in AD patients, mild cognitive impairment 
(MCI) patients, and healthy controls.126 MCI is often considered as a preceding phase of 
AD, in which subtle cognitive deficits are present but the criteria for AD are not strictly 
met. Increased SL in the alpha band was related to poorer cognitive performance in the MCI 
patients, which could indicate a compensatory mechanism. However, this increase in 
connectivity was not present in patients suffering from full-blown AD, possibly because of 
the impossibility to compensate in this advanced stage of the disease. In another study, 
fMRI was performed to characterize temporal lobe functional connectivity (measured by 
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correlation coefficients between time series) in epileptic patients and healthy controls.127 
The patients showed increased functional connectivity contralateral to the epileptic 
hemisphere. This increase in connectivity was related to poorer memory performance, 
again suggesting that functional connectivity and cognition are associated, and that some 
changes in connectivity may reflect compensatory mechanisms in patients with cognitive 
deficits. 

Compensatory mechanisms may also be demonstrated when applying graph theory to the 
brain. Graph analysis has been performed during a finger tapping task in a previously 
mentioned study (see section three).108 During the motor task, relatively small changes in 
network topology were observed, mainly consisting of the emergence of long-distance 
interactions between frontal and parietal areas in the beta and gamma bands. 
Micheloyannis and colleagues applied graph analysis to EEG recorded at rest and during a 
working memory test.128 Twenty healthy subjects with a few years of formal education and 
low IQs were compared to the same number of healthy subjects with university degrees 
and high IQs. SL matrices were converted to graphs by use of a threshold (while keeping 
the mean k of the nodes equal between both groups). No differences in network 
architecture were present between the groups during the resting state. However, during 
the working memory task, the networks of the group of lower educated subjects were 
closer to small-world in the theta, alpha, beta and gamma bands. One might speculate that 
the controls with low education display a compensatory mechanism during the task, which 
is not needed by the highly educated controls. In a subsequent study, the 20 control 
subjects with higher education were compared to 20 patients with schizophrenia (stable 
disease, under drug treatment).129 During the working memory task, C was lower in the 
schizophrenia group compared to controls in the alpha, beta, and gamma bands. 
Consequently, task-related networks in the schizophrenia group were less small-world in 
terms of topology, and more random compared to controls. Combining these results with 
those of the first study, there seems to be a decrease of small-world features between 
controls with low education to controls with high education, and then from controls with 
high education to schizophrenic patients. Possibly, the controls with low education display 
a compensation mechanism, which involves a more small-world like brain network 
configuration in the lower frequency range during the task, which is not needed by the 
highly educated controls and which completely fails in the case of the schizophrenics.  

  

Neural networks and epilepsy 

Synchronization of neurons may be pivotal for optimal brain functioning, but it can also 
reflect abnormal dynamics related to epilepsy. From that point of view, epilepsy could be 
regarded as the price that we pay for our intelligence; we are living on a small edge 
between optimal intellectual functioning and epileptic seizures.  

 

Simulated, in vitro, and in vivo studies 

Initial results regarding functional connectivity and graph analysis in epilepsy patients were 
achieved using computational models. Models of synchronization and networks in the 
brain have linked increased randomness of the interictal network to epileptogenesis.130 In a 
brain-based model of epilepsy, an important region of the hippocampus (a mainly memory-
related structure in the brain) showed seizure-like activity lasting for seconds, while other 
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areas showed short bursts of activity.131 Small-world network models were then 
constructed for various types of neurons, in order to investigate the transition from 
seizures to bursting. Results indicated that the bursting behavior may represent a 
dynamical state beyond the preceding seizures. This is an important finding, since similar 
bursting-like phenomena have also been observed in the scalp recorded EEGs of 
neurological patients, and their epileptic significance is still poorly understood.132  

In vitro hippocampal rat neurons were injured with an exposure to glutamate.133 After this 
injury, the neuronal network became hypersynchronous and fired bursts at high frequency, 
which was described as ‘induced epileptic activity’. The authors then measured and 
characterized network properties, and showed that the clustering coefficient decreased 
after the injury. In other words, the neuronal network became more random as epileptic 
activity developed. 

Others noted that in medial temporal lobe epilepsy (TLE), epileptogenesis is amongst 
others characterized by structural network remodeling and aberrant axonal sprouting.134 A 
two-dimensional model of neurons was used to study the influence of network topology 
changes on seizure threshold. For increasing p (increasing randomness), they found a 
transition between a state of local to a state of global coherence. The authors speculated 
that neural networks might develop towards a critical regime between local and global 
synchronization; seizures would result if pathology pushes the system beyond this critical 
state. A similar concept can be found in two other studies.123,135 The influence of temporal 
lobe architecture on seizures has also been addressed through a computational model of 
rat dentate gyrus with a small-world architecture.136 A loss of long-distance cells in the 
temporal lobe had only little influence on global network connectivity, as long as a few of 
these long-distance connections were preserved. Simulations of the dynamics of this model 
showed that the ability of the network to synchronize also remained equal when some 
(apparently crucial) connections were removed.  

We can conclude from these studies that increased network randomness may be a risk 
factor for hypersynchronization and thus epileptic seizures to occur. Moreover, a critical 
point may be present, determining whether or not the network falls prey to runaway 
synchronization.  

 

 Studies in humans 

Several studies have investigated functional connectivity in patients with epilepsy, most of 
them by using EEG recordings. Pre-ictal desynchronization has been reported, which was 
not only limited to the epileptic zone, but was even present in the contralateral 
hemisphere.137 Interictal recordings have shown both desynchronization and 
hypersynchronisation,127,138-141 indicating the complexity of synchronization patterns in the 
origin of epilepsy. Hypersynchronized epileptogenic zones are thought to be surrounded 
by isolating zones of hyposynchronisation.140 During a seizure, hypersynchronization has 
been reported in most studies,138,142-144 which could promote seizure termination by 
driving neuronal networks into a refractory state.143 These studies imply that epileptogenic 
zones might be identified by their synchronization pattern. Synchronization analysis has 
been useful when localizing specific sites that participate in the initiation and propagation 
of seizures,145,146 which is key to the optimal treatment of epilepsy. 
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Graph analysis may also prove highly valuable for epilepsy research, as evidence 
accumulates that seizure dynamics are related to the state of both interictal and ictal 
networks.147 The first network analysis in human epilepsy was performed with six-channel 
EEG depth recordings in a single patient during an epileptic seizure.148 A phase coupling 
matrix of the EEG signals was thresholded to construct a network. During the seizure, a 
change in network configuration was detected in the direction of a small-world network: 
there was an increase in C and a decrease of L. Conversely, one might argue that the 
preceding interictal network was more random.  

We have investigated seven patients during temporal lobe seizures recorded with 
intracranial depth electrodes.149 Matrices of pair-wise SL values were converted to graphs 
by use of a threshold with a fixed k of 15. During seizures, the normalized C increased in 
the delta, theta, and alpha bands; the L also increased in these bands. In conclusion, a 
movement away from a random interictal towards a more ordered ictal network 
configuration was found, again suggesting that epilepsy is characterized by an interictal 
network with a pathological random structure. Such a random structure may have an even 
lower threshold for the spread of seizures than the normal small-world configuration. It 
seems as though the brain network of epilepsy patients becomes more and more random 
until the seizure ‘resets’ the brain, after which a more optimal (i.e. small-world-like) 
architecture develops. In this viewpoint, the seizure is not the most pathological feature of 
an epilepsy syndrome: it is the interictal randomization that is paramount to the disease. 
However, this hypothesis is still speculative: longitudinal measurements are needed to 
confirm this idea.  

This hypothesis was further supported by another study using intracranial EEG recordings 
at seizure onset in relation to network topology.150 Coupling between electrodes changed 
at seizure onset, with an increase of small-worldness during seizures. In another study, the 
neural network initially became more small-world, after which it returned to its pre-ictal 
random state before the seizure terminated.151 These results indicate that the network 
change indeed precedes the end of a seizure, and points toward the importance of 
understanding network changes when studying epilepsy.  

A highly interesting study also using ECoG data has investigated functional connectivity in 
epileptic patients with several measures of connectivity.146 They found clusters of 
synchronized activity at specific areas of the lateral temporal cortex in most patients. 
Further analysis suggested that surgical removal of essential synchronization clusters or 
critical nodes correlated with postoperative seizure control.152 These studies suggest that 
assessment of synchronization patterns and network architecture can aid neurosurgeons in 
achieving postoperative outcome by performing more ‘tailored’ epilepsy surgery, which is 
a very promising notion for the future of epilepsy and neuro-oncological surgery. 

At this moment, no studies have been performed investigating the relation between neural 
networks and epilepsy in a neuro-oncological patient population. Network analysis in brain 
tumor patients seems to suggest that network randomization might be a general result of 
brain damage. More random networks might have a lower threshold for seizures in these 
patients, facilitating epileptogenesis and propagation.  
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Conclusions and future prospects 

In this chapter, we have demonstrated that modern network theory provides an excellent 
framework for the study of complex networks in the brain, and specifically brain tumor 
patients. In conclusion, research suggest that tumor-related epilepsy and cognitive deficits 
are both associated with changes in functional connectivity patterns resulting in more 
random brain networks.6,37,153 We would like to speculate that brain tumors change the 
brain’s network topology, hereby causing epileptic seizures and cognitive problems. In the 
beginning, tumor cells invade the healthy brain tissue, changing neurobiological and 
neuroimmunological features of the neurons on a very local scale. As the neoplastic cells 
multiply, a larger area of the brain displays altered functioning. Since the healthy brain is 
likely to be a small-world network, these mostly local dysfunctions gradually begin to 
impact other, more remote clusters of specialized action, eventually changing architectural 
characteristics throughout the brain.77 Based on the compensatory mechanisms mentioned 
in several studies, we hypothesize that this pattern of network randomization and 
regularization goes relatively unnoticed for quite some time, as increased effort is applied 
to neutralize it. At some point, a threshold may be reached and a phase transition occurs, 
after which the network shifts and decreased efficiency starts to become expressed in 
symptomatology. Cognition may be characterized by global dysfunctioning, due to the 
pathologically random network topology that is now present across the brain. In addition, 
the randomness of the brain may cause hypersynchronization and epileptic seizures. 
During the seizure, network topology goes from random interictally to more small-world-
like at the end of the seizure, possibly terminating the seizure and ‘resetting’ the 
pathological status until a critical point is reached again. Defining the critical point or 
threshold after which the network undergoes a phase transition and becomes pathological 
may be crucial for our understanding of neuro-oncological disease and its consequences. 
Moreover, this hypothesis of network decompensation can also be applied to other 
neurological disorders. Thus, we believe that clarifying the process proposed above will not 
only elucidate the effects of a tumor on the surrounding brain tissue, but can also provide 
us with a more general paradigm of (optimal) brain functioning. Ideally, new treatments 
will be developed. 

Although clues to solve the multifaceted problems in neuro-oncology are accumulating, 
important issues are to be resolved in future studies. Firstly, when using EEG and MEG, 
volume conduction and the inverse problem are always of influence on the signals used for 
analysis. However, the impact of these factors on graph theoretical measures has not been 
determined at this point, while it may be of importance in the calculation of especially the 
clustering coefficient. Secondly, the ambiguous and unclear optimal methodology of 
network analysis is still an important complication. The best method of converting 
functional imaging data (either fMRI, EEG, or MEG) to graphs that can be analyzed by using 
network theory has not been defined yet. A third issue is that most network analyses are 
performed in signal space at the moment, while algorithms for source reconstruction have 
not been defined. Fourthly, the threshold that is used to convert correlational matrices to 
an unweighted binary graph is rather arbitrarily chosen, while calculation of a whole range 
of thresholds causes an accumulation of type II errors because of multiple testing. 
Converting correlational graphs to weighted graphs may be a solution to this problem, but 
sparse methods are available to do this. Also, when using weighted graphs, differences in 
synchronization between the groups that are compared can contaminate network analysis 
and produce inaccurate results. A fifth problem that frequently occurs when converting 
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matrices of correlations to graphs is the fact that some of the nodes may become 
disconnected from the network; this presents difficulties in the calculation of clustering 
coefficients and path lengths.  

A framework to address some of these problems has been proposed through defining the 
efficiency of the path between two vertices as the inverse of the shortest distance between 
the vertices (note that in weighted graphs the shortest path is not necessarily the path with 
the smallest number of edges).40,41,75 Other definitions of C have been proposed for 
weighted networks.38,43 However, very few studies compare several methods of network 
analysis, which could improve measure selection in the future. New and better measures 
would be very helpful in our network quest. In order to find the optimal method of 
analysis, collaboration between neuroscientists, mathematicians, and physicists may prove 
indispensible. 

A number of conceptual issues for future studies also deserve mentioning. First of all, it 
remains unknown which network properties are the best predictors of cognitive deficits, 
and it is still to be defined what the exact correlation is between network properties and 
susceptibility to seizures. Longitudinal studies researching the evolution of epilepsy and its 
relation with network status are key to answering this question, since current studies are 
all based on cross-sectional investigations and cannot address the evolution of network 
topology as the epileptic disorder progresses and develops. Furthermore, a longitudinal 
approach would minimize inter-individual variation of our measurements. The combination 
of several measurement methods (EEG, MEG, fMRI, ECoG) may be essential for our 
complete understanding of this issue. Secondly, our hypothesis concerning network 
randomness-related epilepsy and cognitive dysfunction in brain tumor patients needs to be 
further explored. It is particularly difficult to separate these three notions, in order to later 
investigate their mutual associations. Moreover, diverse types of brain tumor may very well 
induce subtly different changes in network topology. Third, to place tumor patients in a 
broader view of brain disease, it would be interesting to sort out whether different 
pathological processes change network structure and function in different ways. It would 
be particularly interesting to know if different types of brain disease lead to either random 
error or targeted attack of brain networks, and when the threshold for phase transition is 
reached. This would enable us to predict when and how brain disease gives rise to clinical 
symptoms. Finally, the clinical application of network analysis is the ultimate goal of our 
efforts. In the case of brain tumor patients, it has already been shown that the functionality 
of brain tissue can be predicted by means of functional connectivity,109 and that network 
analysis can help determine whether regions of the brain are pathological.146,152 While 
invasive imaging and stimulation are currently in use, future network-based strategies can 
hopefully minimize treatment burden for these patients. Moreover, treatment may also be 
planned based on network analysis. Better guided resection of the tumor and epilepsy-
related areas may possibly be performed if the exact location of essential regions of the 
brain’s network are known (see figure 5). In the end, we hope to minimize burdensome 
cognitive deficits and help alleviate the devastating epileptic seizures these patients 
experience. 
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Figure 5. Prediction of the effect of surgical resection on network changes and seizure outcome. 

Schematic representation of a simulation model. Pre-, intra-, and post-operative data on seizure 

burden and network characteristics are used to construct a model, and investigate 

how changes of network characteristics through different simulated interventions in the model 

correlate with the network changes induced by actual intervention and with clinical outcome. 
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Abstract 

Brain networks and cognition have recently begun to yield attention: studies suggest that 
more efficiently wired resting-state brain networks are indeed correlated with better 
cognitive performance. ‘Small-world’ brain networks combine local segregation with global 
integration, hereby subserving information processing. Furthermore, recent studies 
implicate that gender effects may be present in both network dynamics and its correlations 
with cognition. This study reports on the relation between resting-state functional brain 
topology with overall and domain-specific cognitive performance in healthy participants, 
and possible gender differences herein. Fourteen male and fourteen female healthy 
participants underwent neuropsychological tests, of which individual scores were 
converted to z-scores. Network analysis was performed on resting-state, eyes-closed 
magnetoencephalography (MEG) data, after determining functional connectivity between 
each pair of sensors. The clustering coefficient (local specialization), average path length 
(overall integration and efficiency), and ‘small-world index’ (i.e. ratio between clustering 
and path length) were calculated in six frequency bands. Better total cognitive performance 
was related to higher clustering coefficient (in delta and theta bands) and higher small-
worldness (in theta and lower gamma bands). Women showed less clustering and shorter 
path length in the delta band. There were no significant correlations between network 
topology and cognitive functioning in females. In contrast, higher cognitive scores in men 
were associated with increased theta band clustering and small-worldness. These results 
provide further evidence for the importance of functional brain network topology for 
cognitive functioning, and suggest that gender is an important factor in this respect. 
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Introduction 

Cognition and its neural correlates have been a topic of interest in neuroscience for many 
years. Modern neuroimaging methods, of which functional magnetic resonance imaging 
(fMRI) is currently one of the most frequently used techniques, have further boosted this 
line of research. Most investigations have aimed at localizing function by defining brain 
areas responsible for cognitive tasks. Correlations between a range of highly intricate 
neuropsychological tasks and specific brain areas that are involved in these tasks have 
been reported (see reference154 for a review). However, all techniques and efforts have not 
provided clarity as to which properties of the brain are responsible for cognition.  

Contrary to a more reductionistic approach, the brain can also be studied as a complex 
network of dynamical systems with abundant functional interactions between local and 
more remote areas.155 Functional connectivity, referring to statistical interdependencies 
between physiological time series, may be pivotal for human brain 
functioning,6,46,62,63,155,156 and can be investigated using electroencephalography (EEG), 
magnetoencephalography (MEG), and (resting-state) fMRI.  

Patterns of connectivity are also important for brain functioning; particularly higher 
cognitive functions (such as attention, executive functioning, and memory) are thought to 
require the integrated action of many, sometimes highly distributed specialized brain 
areas. Complex network theory, which is historically a branch of mathematics, is applied to 
neuroscience in recent years and has been proven relevant for explaining brain functioning 
and cognition.6,157 Almost any system can be described by a ‘graph’ (i.e. a topological 
representation of a network); when investigating the brain, each neuron or brain area can 
be represented by a node (or ‘vertex’), while either anatomical or functional connectivity 
can be seen as a connection (or ‘edge’) between two vertices. In order to further assess 
graphs, a comprehensive model of networks has been proposed almost one decade ago.7 
In this model, three types of networks are defined (see figure 3 in chapter 2). In the regular 
network, neighboring nodes are highly connected to each other, rendering the ‘clustering 
coefficient’, an index of local specialization, high. Overall integration, which is measured 
by the ‘path length’, is low, since it takes many steps to get from one side of the network 
to the other via a number of other vertices. In contrast, the random network, in which all 
edges are chosen randomly, is characterized by low clustering coeffcient but also low path 
length. Now, the intermediate ‘small-world’ network seems to be ‘optimal’, because it 
combines both local clustering and global integration in terms of short path length. Several 
real-world networks have been shown to be a small-world network, such as the 
collaboration network of actors in Hollywood and the power grid of the United States.7 
Moreover, several recent studies have confirmed that the human brain is anatomically and 
functionally a small-world network.91,93,96,105 

Interestingly, brain connectivity and network topology seem to be predictive of functioning 
even when not involved in any task. During this ‘resting-state’, the brain is far from 
inactive, and many studies have confirmed the presence of a robust ‘default mode 
network’ which is consistently active during rest.158-160 Although most studies investigating 
network architecture and cognition have been performed using task-data, resting-state 
research also reports significant assocations between cognition and functional network 
topology.161,162 In healthy controls, correlations between increased anatomical and 
functional efficiency (i.e. increased overall integration) and cognitive performance have 
consistently been reported. In a study using diffusion tensor imaging (DTI) to map 
anatomical connections between brain areas, a correlation between shorter path length 
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and IQ was reported.163 Furthermore, resting-state fMRI efficiency is also significantly 
related to IQ, indicating that functional network topology may also be of importance for 
cognitive functioning.161  

The current study investigates the association between MEG resting-state graph properties 
of the brain and cognition, as MEG is a more direct measure of neural activity than fMRI 
and has higher spatiotemporal resolution. We hypothesize that increasing overall 
integration and ‘small-worldness’ are related to better cognitive functioning. Furthermore, 
a recent study suggests that gender differences may be apparent with respect to 
anatomical connectivity and network features and their relation to cognition.164 Women in 
the study by Gong and colleagues had a more efficiently wired brain network (i.e. shorter 
path length) when compared to men. We therefore also explore differences in functional 
connectivity and network topology between men and women. In addition, we will 
investigate whether differences in the effect of  these variables on cognitive performance 
are present between genders. 

 

Methods 

Participants 

Healthy volunteers were recruited from an ongoing large clinical study comparing healthy 
participants with patients suffering from multiple sclerosis. Men and women were matched 
regarding age and educational level, using a Dutch classification system ranging from 1 
(only primary education) to 7 (university degree). Fourteen female and fourteen male 
healthy participants were included in this study. None of the participants suffered from any 
neurological or psychiatric disease, nor did they use any medication according to a 
questionnaire they filled out, and did not have intracranial lesions or abnormal (i.e. not 
age-related) atrophy as measured with MRI. They also did not use any medication. Subjects 
were assessed by means of MEG recording and a neuropsychological assessment. 

 

MEG recording 

Magnetic fields were recorded while patients lay supine inside a magnetically shielded 
room (Vacuumschmelze GmbH, Hanau, Germany) using a 151-channel whole-head MEG 
system (CTF Systems Inc., Port Coquitlam, BC, Canada). Average distance between 
neighboring sensors in this system was 3.1 cm. A third order software gradient was used 
after online band-pass filtering between 0.25 and 125 Hz. Sample frequency was 625 Hz. 
Fourteen channels were excluded from the analysis due to artifacts in one or more 
patients, leaving 137 channels to be used in further analyses. Fields were measured during 
a task-free eyes-closed condition of five minutes. At the beginning and ending of each 
recording, the head position relative to the coordinate system of the helmet was recorded 
by passing small alternating currents through three head position coils attached to the left 
and right pre-auricular points and the nasion on the subject’s head. For each subject, five 
artifact-free epochs were selected of 4096 samples (6.554 s) by two of the investigators 
[MMS, DL] and were additionally checked for artifacts by a third investigator [MLM]. Visual 
inspection and selection of epochs was performed with the DIGEEGXP software [CS]. Epochs 
were band-pass filtered into the commonly used frequency bands: delta (0.5-4 Hz), theta 
(4-8 Hz), lower alpha (8-10 Hz), upper alpha (10-13 Hz), beta (13-30 Hz) and gamma (30-
45 Hz). All further analyses were performed for these bands separately. 
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Synchronization likelihood 

The synchronization likelihood (SL, see reference107) was used as an index of functional 
connectivity. Two dynamic systems are assumed, for instance, neural networks designated 
X and Y. Time series xi and yi are recorded from both neural networks. The general 
problem is to infer functional interactions between X and Y from xi and yi. The current 
assumption regarding functional connectivity states that the more xi and yi ‘resemble’, the 
stronger X and Y interact. This resemblance can be quantified by several measures, such as 
coherence or cross-correlation. However, it has been shown that X and Y can interact even 
when xi and yi do not resemble each other in a simple way. This more complicated concept, 
called generalized synchronization, implies that the state of Y is a function of the state of 
X. The SL is a way to quantify this generalized synchronization,165 and takes linear as well 
as nonlinear synchronization between two time series into account. Synchronization 
likelihoods between all combinations of the 137 included channels were determined, 
providing us with a 137x137 matrix of SL values. A mean SL was calculated per epoch and 
averaged per participant (Pref = 0.01, see reference106 for specific parameter settings).  

 

Graph analysis 

A graph is a topological representation of a network, constructed by nodes (‘vertices’) and 
links (‘edges’) between them. Graphs can be unweighted (binary) or weighted; in the 
current study, we used undirected weighted graphs. In these graphs, the weight of every 
edge was the SL value of the link between the two nodes it connected.  

A wide range of network measures can be calculated after representing MEG data as a 
graph.157,166 In this study, the most commonly used measures were used: the weighted 
clustering coefficient Cw refers to the likelihood that neighbors of a vertex will also be 
connected. The clustering coefficient measures the tendency of nodes to form local 
clusters and is thus a measure of local segregation of the graph. The average weighted 
path length Lw signifies the average highest connectivity of edges connecting any two 
vertices, and is a measure for global integration of the network. The small-world 
combination of high local clustering and a short average path length seems to be part of 
the optimal configuration for efficient communication in a network.7 For a more detailed 
description of calculation of the weighted clustering coefficient Cw and weighted average 
shortest path length Lw in this study see reference167.  

In addition to edge weight and network structure, graph theoretical measures also depend 
on network size. We therefore compared all characteristics to those of 50 surrogate 
random networks of the same size, resulting in the measures Cw/Cws and Lw/Lws. The 
surrogate networks were obtained from the original networks by randomly reshuffling the 
edge weights, hereby preserving the symmetry of the matrix.  

A second-order graph property has been proposed: the ratio between Cw/Cws and Lw/Lws, 
which is an index of ‘small-worldness’.35 Graphs with a small-world index>1 are considered 
small-world, since Cw/Cws>1 and Lw/Lws~1 apply in small-world networks. 

 

Neuropsychological evaluation 

All participants underwent the same standardized neuropsychological evaluation, 
comprising of the Brief Repeatable Battery of Neuropsychological Tests (BRB-N).168 This test 
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battery is validated in patients with multiple sclerosis and contains several subtests that 
are widely used in clinical neuropsychological practice: the Selective Reminding Test (SRT), 
the 10/36 Spatial Recall Test (SPART), the Symbol Digit Modalities Test (SDMT), the Paced 
Auditory Serial Addition Test (PASAT), and the Word List Generation test (WLG). In addition 
to the BRB-N, the Stroop color-word test, the Concept Shifting Test (CST), and the Memory 
Comparison Test (MCT) were administered.169 

Because these were all healthy participants and we were not interested in their 
neuropsychological performance itself, but only in correlations with functional connectivity 
and network topology, individual patients’ test scores were converted to z-scores, using 
the means and standard deviations of the entire group of participants. A total cognition z-
score was calculated by averaging all z-scores of the eight subtests. In order to further 
specify the remaining data and compare results to previous findings,162,170 individual 
scores on several tests were summarized into six cognitive domains, namely (1) 
information processing speed (SDMT), (2) psychomotor functioning (CST, SDMT), (3) 
attention (Stroop), (4) verbal memory (SRT), (5) working memory (MCT), and (6) executive 
functioning (CST, WLG). Construction of these domains with comparable cognitive tests has 
been reported previously, and was based on a Principal Component Analysis using Varimax 
rotation with Kaiser normalization performed on the z-scores of a large group of healthy 
controls.15 These six domains are commonly used in clinical practice and research. The 
SPART and PASAT were used as individual variables. 

 

MRI 

All subjects underwent an MRI scan to rule out brain pathology, using a 3-Tesla GE Signa 
HDXT V15m scanner, with an 8 channel headcoil. Sequences used include a dual echo 
PD/T2 sequence (TR 9680 ms, TE 22/112 ms) and a T1 sequence (TR 475 ms, TE 9 ms) 
using 48 slices of 3 mm, covering the entire brain with an in-plane resolution of 
0.4mmx0.4mm for PDT2 and T1. A 3D FSPGR sequence (TR 7.8 ms, TE 3.0 ms, TI 450 ms, 
176 slabs of 1mm) was also included. All scans were inspected by an experienced rater 
[MMS], and participants with abnormalities (i.e. focal lesions in the white matter and 
abnormal (i.e. not age-related) brain atrophy) were excluded. 

 

Statistical analysis 

All statistical analyses were performed using SPSS 15.0 for Windows. Due to the small 
sample size and non-normal distribution of functional connectivity parameters, only non-
parametric statistical tests were used. Correlations between age and educational level on 
the one hand, and connectivity and networks on the other hand were tested with Kendall’s 
Tau. All network measures were also correlated with cognitive parameters using Kendall’s 
tau. Gender differences in demographic variables, cognitive z-scores, functional 
connectivity, and network measures were explored using the Mann-Whitney U-test. In all 
analyses, the false discovery rate (FDR) correction was used when performing multiple 
tests.110 
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Results 

Participants 

Men and women did not differ significantly regarding age or educational level (table 1). 

 

Cognition and functional connectivity  

Functional connectivity levels for men and women separately are indicated in figure 1, but 
they did not differ significantly. There were no significant correlations between functional 
connectivity represented by the SL and cognitive performance in the present study. Age 
and educational level were not correlated to SL. 

 

Cognition and network topology 

In all frequency bands, the whole group of participants was found to have a path length 
that was only slightly higher than random networks of the same size (see figure 2). The 
clustering coefficient was also (slightly) higher than in random networks, although the 
normalized clustering was lower in this study than strictly required for a small-world 
network.35 This is probably due to the weighted analysis, which incorporates also the great 
number of very weak connections in the entire network.  

Significant correlations were found between cognitive performance and network topology. 
Higher average cognitive z-score was positively associated with increased delta and theta 
band clustering coefficient (Kendall’s Tau=0.34, p=.012; Kendall’s Tau=0.49, p=.003, 
respectively), as can be seen in figure 3. Higher average cognitive performance was also 
related to increased small-worldness in the theta and lower gamma bands (Kendall’s 
Tau=0.38, p=.005; Kendall’s Tau=0.33, p=.014, respectively, corrected for multiple 
comparisons per frequency band). In order to explore which type of cognitive task was 
related to network variables, post-hoc analyses were performed (these were not corrected 
for multiple testing). Results of these analyses can be seen in table 2, and indicate that 
most cognitive domains were related to theta band clustering and small-worldness. Age 
and educational level were not correlated to network measures. 

Table 1.   
Participant characteristics (n=28)   
   
    Men (n=14)   Women (n=14) 
Age in years (SD – range)   40.3 (9.8 – 26-62)   39.4 (11.6 – 26-61) 
Educational level (SD)   5.4 (1.9)   5.5 (1.6) 
PASAT 2s condition z-score   0.34 (0.91)  -0.33 (1.0) 
PASAT 3s condition z-score   0.08 (1.0)  -0.09 (1.1) 
SPART total correct z-score   0.35 (0.86)  -0.29 (1.1) 
SPART delayed recall z-score   0.35 (0.37)  -0.27 (1.3) 
Executive functioning z-score  -0.003 (0.69)  -0.0004 (0.75) 
Verbal memory z-score   0.29 (0.61)  -0.12 (0.87) 
Working memory z-score  -0.03 (1.0)  -0.01 (0.79) 
Information processing speed z-score   0.17 (0.78)  -0.07 (1.16) 
Attention z-score  -0.09 (2.4)   0.08 (2.2) 
Psychomotor functioning   0.25 (0.59)  -0.20 (0.92) 
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Figure 1. Mean functional connectivity in men and women per frequency band. 

SL=synchronization likelihood. 

 

Gender differences 

There were no significant differences between men and women with respect to 
neuropsychological test outcome (table 1). Similarly, there was no significant difference in 
mean functional connectivity between female and male participants (figure 1) after FDR 
correction. 

However, there were significant differences between men and women regarding network 
measures: the delta band normalized clustering coefficient was lower and thus closer to 
random in women than in men (Mann-Whitney U=39.5, p=.006, corrected for multiple 
comparisons), as was path length in this frequency band (Mann-Whitney U=48, p=.021, 
corrected for multiple comparisons).  

Subsequently, differences in correlations between overall (averaged) cognition and network 
measures were investigated in men and women separately. Interestingly, women did not 
show any significant correlations between average cognitive z-score and network 
measures. In contrast, men’s total cognitive z-score was significantly related to clustering 
coefficient and small-world index in the theta band (Kendall’s Tau=0.52, p=.01; Kendall’s 
Tau=0.52, p=.01, respectively): higher small-worldness was associated with better 
cognitive performance. These correlations were mainly due to executive functioning (with 
clustering: Kendall’s Tau=0.43, p=.033) and attention (with clustering: Kendall’s Tau=0.46, 
p=.028; with small-worldness: Kendall’s Tau=0.44, p=.038). However, our sample size was 
rather small, which makes interpretation of these different correlations difficult. Therefore,  
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Figure 2. Mean network measures in men and women per frequency band. Lw=normalized 

weighted average path length, Cw=normalized weighted clustering coefficient. Bars represent 

SD. * indicates significant difference between men and women.  

 
Table 2.    
Significant correlations between network measures and cognitive domains or tests 
    
Network Measure Cognitive domain or test Kendall's Tau p-value 
Delta band clustering coefficient Spatial memory 0.36 .009 
 Verbal memory 0.29 .037 
Theta band clustering coefficient Working memory 0.27 .044 
 Attention 0.29 .040 
 Psychomotor speed 0.36 .007 
Theta band small-worldness Executive functions 0.31 .022 
 Working memory 0.35 .008 
 Attention 0.43 .003 
 Psychomotor speed 0.26 .048 
Lower gamma small-worldness Working memory 0.28 .040 
  Attention 0.36 .012 
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we explored whether gender could predict cognitive performance in combination with the 
network measures in a regression analyses per frequency band. Cognitive average z-score 
was entered as the dependent variable, while the three network measures (clustering, path 
length, and small-worldness) and gender were used as predictor variables. A backward 
likelihood ratio regression analysis was performed on the total patient group. Results were 
comparable to the correlational analyses: the clustering coefficient was a significant 
predictor in the delta band (R2=0.168, B=11.93, p=.030, not corrected for multiple 
comparisons), small-worldness in the theta (R2=0.223, B=4.05, p=.011) and gamma bands 
(R2=0.186, B=6.41, p=.022). Furthermore, shorter beta band path length significantly 
predicted better cognitive scores (R2=0.142, B=-2.662, p=.027). Gender was not 
significantly predictive of cognitive performance in any of the frequency bands. 

 

Figure 3. Significant correlations between network measures and average cognitive z-score in 

all patients (n=28). Average cognitive z-score was significantly correlated with (A) delta band 

clustering coefficient, (B) theta band clustering coefficient, (C) theta band small-worldness, and 

(D) lower gamma band small-worldness. 

 

 

C 

A B

D



Chapter 3 – Cognition and networks 

 43

Discussion 

Our results confirm that cognitive performance in healthy participants is related to brain 
network topology: better cognitive performance is associated with increasing clustering 
coefficient in the delta and theta bands, and with more small-worldness in the theta and 
lower gamma bands. Further analyses showed that shorter beta band path length was also 
related to better cognitive functioning. A small-world topology, which combines short path 
length with high clustering, thus seems to be beneficial for functional cognitive status. A 
study using anatomical network analysis, based on diffusion tension imaging, has reported 
a correlation between shorter path length (i.e. increased global efficiency) and intelligence 
quotient,163 and this association has also been found in a resting-state fMRI study.161 Only 
one study has previously investigated correlations between MEG-based functional networks 
and cognition, but this study was performed in brain tumor patients and is thus not 
comparable to the current sample of healthy participants.162 Furthermore, correlations 
between resting-state functional connectivity, network topology, and cognition in healthy 
participants have not been reported previously.  

When exploring specific cognitive domains, higher delta band clustering coefficient was 
related to better spatial and verbal memory. The cognitive significance of the delta band 
has rarely been reported up till now. As mentioned above, correlations between network 
analysis of resting-state neurophysiological time series and cognition have not been 
investigated as yet, but some research has been performed during tasks. In a study 
investigating the relation between EEG synchronization and cognition in patients suffering 
from Alzheimer’s disease, significant correlations were found between increased delta 
band synchronization and poorer verbal memory performance.126 Task-related studies in 
healthy participants also report increased delta band synchrony during execution of the 
task.171,172 In one of these studies, network topology was investigated, but did not change 
in the delta band during the cognitive task.172 These and our current results suggest that 
(connectivity and/or network topology in) the delta band is indeed involved in particularly 
memory functioning, although it is difficult to make straightforward comparisons between 
these studies due to differences in test paradigm.  

Much more evidence seems to have accumulated for the importance of the theta band with 
respect to cognition (for two reviews, see references173,174). In the current study, theta 
band clustering and small-worldness were related to working memory, attention, executive 
functioning, and psychomotor speed. Previous studies have shown strong correlations 
between theta band synchronization and both working memory120,174-178 and attention,179 
which corroborate the current results. However, network topology in the theta band has 
not been related to resting-state cognitive performance before. 

Associations between small-worldness of the lower gamma band and cognition were also 
reported in the current study, and involved mainly working memory and attention. The 
gamma band has historically been an important candidate for mechanisms of higher 
cognitive functioning, or the ‘central executive’. In this view, the gamma band would be 
the mediator of all cognitive processes. Experimentally, the gamma band has been amply 
related to a range of cognitive functions, such as learning, memory, and 
attention.118,176,180,181 Moreover, the gamma band has been proposed to represent a neural 
correlate of conscious awareness and processing, and possibly addresses the binding 
problem.128,174,182-186 The binding problem refers to the question of how the brain 
integrates several concepts of perception to one unified identified object, which has not 
been answered up to now. The current results suggest that also resting-state network 
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topology in the gamma band is indeed related to cognitive functioning, but further 
research is needed to elucidate the precise associations between network topology in 
abovementioned frequency bands and cognition. 

Differences in network topology were found between men and women: women had shorter 
path length and decreased clustering coefficients in the delta band as compared to men. 
Previous studies have also reported gender differences regarding functional connectivity 
and network topology. Adaptation of functional connectivity during mental challenge and 
reaction to disease may vary across genders according to previous reports.177,179,187,188 A 
recent study investigating anatomical network topology using diffusion tensor imaging has 
reported that women have significantly increased efficiency (i.e. shorter path length) when 
compared to men.164 Our current results corroborate this anatomical finding of shorter 
path length in the female brain, and indicate that women have a more efficiently organized 
functional brain network. 

Furthermore, when analyzed separately, women did not show any associations between 
cognitive functioning and network architecture. In men, cognitive performance was 
correlated with increased theta band clustering coefficient and small-worldness. This 
subtle gender difference in associations between cognition and network topology has not 
been investigated before. As it seems, women tend to have a more efficient network 
topology, but there is no correlation between network topology and cognitive performance 
in the current study. In men, network efficiency is lower, but men do show significant 
associations between z-scores in several cognitive domains and increasing clustering and 
small-worldness. These findings suggest that women’s brains are more efficiently wired 
than men’s brains, which may implicate a functional benefit in females, which is reflected 
in weaker correlations between network topology and cognitive performance in women. Of 
course, the small sample size of the current study may have impacted these separate 
correlations in men and women. In a regression analysis, gender was not a significant 
predictor of cognitive functioning. Future studies should aim at elucidating this gender 
difference in a larger group of healthy participants.  

In conclusion, our current results indicate that resting-state network topology of the brain 
is related to cognition. A more small-world-like network with increased clustering in the 
delta, theta, and gamma bands is related to better cognitive performance in several 
cognitive domains. Furthermore, this MEG study shows resting-state gender differences in 
functional brain networks for the first time: women have shorter path lengths and 
decreased clustering coefficients in the delta band.   
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Abstract 

Our previous study on cognitive functioning among 195 patients with low-grade glioma 
(LGG) a mean of 6 years after diagnosis suggested that the tumor itself, rather than the 
radiotherapy used to treat it, has the most deleterious effect on cognitive functioning; only 
high fraction dose radiotherapy (>2 Gy) resulted in significant added cognitive 
deterioration. The present study assesses the radiological and cognitive abnormalities in 
survivors of LGG at a mean of 12 years after first diagnosis. Patients who have had stable 
disease since the first assessment were invited for follow-up cognitive assessment (letter–
digit substitution test, concept shifting test, Stroop color–word test, visual verbal learning 
test, memory comparison test, and categoric word fluency). Compound scores in six 
cognitive domains (attention, executive functioning, verbal memory, working memory, 
psychomotor functioning, and information processing speed) were calculated to detect 
differences between patients who had radiotherapy and patients who did not have 
radiotherapy. White-matter hyperintensities and global cortical atrophy were rated on MRI 
scans. 65 patients completed neuropsychological follow-up at a mean of 12 years (range 6–
28 years). 32 (49%) patients had received radiotherapy (three had fraction doses >2 Gy). 
The patients who had radiotherapy had more deficits that affected attentional functioning 
at the second follow-up, regardless of fraction dose, than those who did not have 
radiotherapy (–1.6 (SD 2.4) vs –0.1 (1.3), p=.003; mean difference 1.4, 95% CI 0.5–2.4). The 
patients who had radiotherapy also did worse in measures of executive functioning (–2.0 
(3.7) vs –0.5 (1.2), p=.03; mean difference 1.5, 0.2–2.9) and information processing speed 
(–2.0 (3.7) vs –0.6 (1.5), p=.05; mean difference 0.8, 0.009–1.6) between the two 
assessments. Furthermore, attentional functioning deteriorated significantly between the 
first and second assessments in patients who had radiotherapy (p=.025). In total, 17 (53%) 
patients who had radiotherapy developed cognitive disabilities deficits in at least five of 18 
neuropsychological test parameters compared with four (27%) patients who were 
radiotherapy naive. White matter hyperintensities and global cortical atrophy were 
associated with worse cognitive functioning in several domains. Long-term survivors of 
LGG who did not have radiotherapy had stable radiological and cognitive status. By 
contrast, patients with low-grade glioma who received radiotherapy showed a progressive 
decline in attentional functioning, even those who received fraction doses that are 
regarded as safe (≤2 Gy). These cognitive deficits are associated with radiological 
abnormalities. Our results suggest that the risk of long-term cognitive and radiological 
compromise that is associated with radiotherapy should be considered when treatment is 
planned. 

 



Chapter 4 – Cognition and radiotherapy in LGG patients 

 47

Introduction 

Low-grade gliomas (LGG) are primary brain tumors that arise from the glial (i.e. supporting) 
cells in the brain and comprise 15–20% of the incidence of all gliomas. Patients with LGG 
have a median survival of 10 years or longer, depending on prognostic factors related to 
the tumor (e.g. histology, volume, and genetic features) and to the patient (e.g. age and 
neurological status).189-191 Agreement on the optimum management of patients with LGG 
has not been reached. Early or delayed radiotherapy after tumor resection or biopsy is the 
most common treatment, but although early radiotherapy can significantly delay tumor 
progression, no overall survival benefit has been reported for early compared with delayed 
radiotherapy.192-194 

Because patients with LGG have a good prognosis, there is substantial risk of acquiring late 
or delayed radiation injuries. Radiologically detectable brain abnormalities (e.g. white 
matter hyperintensities and brain atrophy) have consistently been found to a greater extent 
among patients who had radiotherapy than among those who did not,195-199 and these 
radiological abnormalities are associated with poor cognitive performance.197,198,200,201  
Because whole-brain radiotherapy is associated with cognitive deficits,197,202,203 focal 
radiotherapy has been the preferred treatment for LGG for the past decade. However, the 
effects on cognition of local radiotherapy in long-term survivors of LGG have not yet been 
established. In our earlier cross-sectional study, in which 195 patients with LGG had 
cognitive testing, with a follow-up at a mean of 6 years after diagnosis, all patients 
performed significantly poorer than the healthy controls, but radiotherapy was associated 
with additional cognitive disability only in the patients who had high-dose (>2 Gy) 
radiotherapy.17 However, the progression of cognitive deficits might become apparent only 
after several years (i.e. >6 years, according to our previous report).17,22,196,197,204-209 If this is 
the case, the effect of cognitive decline versus early tumor progression should be taken 
into account when treatment plans are defined. 

Here, we report the results of the long-term follow-up at a mean of 12 years after diagnosis 
in our patients with LGG. We investigated whether radiotherapy is associated with the slow 
progression of radiological abnormalities and cognitive deficits at longer than 6 years after 
treatment. 

 

Methods 

Patients 

We traced all of the original cohort of 195 patients with LGG who participated in our 
previous study.17 This cohort of patients was assessed for a mean of 6 years after 
diagnosis, and was recruited from neurosurgical centers throughout the Netherlands after 
approval was obtained for all assessments from all the medical ethics committees involved. 

For this second follow-up study, we contacted all patients who had had radiologically and 
clinically stable disease since the first assessment, on the basis of the clinical assessment 
by the local radiologist and the treating neurologist. All patients gave written informed 
consent before participation. The day before testing, patients completed a questionnaire 
on their sociodemographic characteristics, quality of life,210 and performance status.211  
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Procedures 

Information on the pathological and histological diagnoses of LGG was obtained from local 
pathology reports; no central review was done, and information on molecular markers was 
not available.  

Patients were asked to give their approval for us to request their MRI scans from the 
treating hospitals. Because patients were not scanned prospectively for this study, a 
maximum of 2 years was deemed acceptable between assessments of cognitive 
assessment and scanning date; all included patients were both clinically and radiologically 
stable according to their treating neurologist and radiologist. The MRI scans were primarily 
done for clinical diagnosis, which meant that the acquired sequences and parameters 
varied greatly among participating hospitals. The standard operating procedure of the 
image analysis center of the VU University Medical Center was used to decide which 
scanning techniques were eligible for use in our patient group. Randomly presented scans 
from each assessment were rated independently by three observers [MK, JCR, JH] who were 
trained by a neuroradiologist [JDS] and were masked to radiotherapy and 
neuropsychological status. 

Two visual rating scales of radiological abnormalities were used: white matter 
hyperintensities (WMH) and global cortical atrophy (GCA). WMH were rated on a 0–3 point 
scale:212 no lesions or one lesion not larger than 9 mm (grade 0); single lesions not larger 
than 9 mm in diameter and areas of grouped lesions that were smaller than 20 mm in 
diameter (grade 1); one lesion of between 10–20 mm in diameter or areas of grouped 
lesions that were more than 20 mm in diameter with no more than connecting bridges (i.e. 
no confluence of lesions) between each lesion (grade 2); single lesions and confluent areas 
of hyperintensities of 20 mm or more in diameter (grade 3). WMH were preferably rated on 
a fluid-attenuated inversion recovery (FLAIR) sequence; if these were not available, T2-
weighted sequences were used. Global cortical atrophy was also rated on a 0–3 point scale: 
no atrophy (grade 0); some atrophy and widening of sulci (grade 1); pronounced atrophy 
and loss of volume in the gyri (grade 2); end-stage atrophy with knife blade shapes (grade 
3). Global cortical atrophy was rated on T1-weighted MRI scans. 

Neuropsychological assessments were made by a trained test assistant who was supervised 
by a neuropsychologist [MK] who was certified by the board of mental health-care 
institutions in the Netherlands. The assessments were the letter–digit substitution test, 
concept shifting test, Stroop color–word test, visual verbal learning test, memory 
comparison test, and categoric word fluency (table 1). The total time to complete the 
assessment was about 60 min. Scores on all test parameters were converted to z scores by 
comparison with the mean and standard deviation of a healthy control group, who were 
matched individually for age, sex, and educational level.213 Educational level was assessed 
with a scoring system that comprised an 8-point scale, ranging from having not finished 
primary education (level 1) to university educated (level 8). To reduce the amount of data, 
individual test scores were grouped into six cognitive domains: attention, executive 
functioning, verbal memory, working memory, psychomotor functioning, and information 
processing speed (table 1).15,214 Furthermore, we calculated a cognitive disability score for 
each patient by comparing each person’s scores with those from a group of healthy 
controls from a normative study.213 Patients were deemed cognitively disabled if they had 
performed poorly (i.e. at least 2 SD below healthy controls) on at least five of the 18 
neuropsychological test parameters. These five deviating parameters were the 95th 
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percentile of the healthy control group, indicating that less than 5% of a normal population 
would score more than 2 SD below average on five or more test parameters.17 

 

Table 1. 
Neuropsychological tests administered and corresponding cognitive domain scores 
          
Name of test Cognitive correlates Cognitive domain(s) 
Letter Digit Substitution Test psychomotor speed relatively  information processing speed, 
   unaffected by intellectual ability psychomotor functioning 
Concept Shifting Test executive (frontal) function,  executive functioning, 
   attention, visual scanning and   psychomotor functioning 
   mental processing speed  
Stroop Color Word Test executive (frontal) function,  attention 
   attention, mental speed and    
   mental control   
Visual Verbal Learning Test various aspects of verbal learning, verbal memory 
   organization and memory   
Memory Comparison Test selective attention, mental  working memory 
   concentration, memory and   
    information processing   
Categoric Word Fluency frontal dysfunction and flexibility executive functioning 
      of verbal thought processes     

 

Statistical analysis 

All statistical analyses were done with SPSS version 15.0 for Windows. Student’s t tests for 
independent samples were done to test for differences in sociodemographic and treatment 
characteristics between the patients who had the second assessment and those who did 
not and between those who had the second assessment and had radiotherapy and those 
who had the second assessment but did not have radiotherapy. 

Cognitive performance at the first and second assessments in the patients who had 
radiotherapy compared with the patients who did not was assessed with one-way analysis 
of variance (ANOVA) for each cognitive domain. Repeated-measures ANOVAs were done to 
assess differences in cognitive performance over time between the patients who had 
radiotherapy and those who did not. For each cognitive domain, assessment time was 
entered as a within-patient factor (length of assessment), whereas radiotherapy treatment 
was used as a between-patient factor. 

In general, the WMH and GCA indices were not normally distributed, warranting the use of 
nonparametric tests. Differences in WMH and GCA at each assessment between the 
patients who had radiotherapy and those who did not were calculated with the 
Kolmogorov–Smirnov test for independent samples. Changes in WMH and GCA over time in 
the patients 

who had or did not have radiotherapy were tested with Wilcoxon signed rank tests for 
related samples. Kendall’s tau was calculated, to correlate cognitive domain z scores with 
radiological abnormality index scores at both assessments. Also, neuropsychological and 
radiological delta scores (i.e. the differences between the assessments) were computed and 
correlated. Statistical significance was presumed as a p value of less than 0.05 (two-tailed). 
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Results 

The 195 patients with LGG who were assessed at the first assessment have been described 
elsewhere.17 Figure 1 shows the status of all patients at the time of the second 
assessment. 67 patients participated in the second neuropsychological evaluation; 
however, two patients were unable to finish the assessment owing to fatigue, and they 
were excluded from further analysis. All statistical analyses with regard to cognition were 
done on the remaining 65 patients. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Status of the initial cohort of patients with low-grade glioma at the time of the second 

assessment. 

 

As shown in table 2, patients who attended the second assessment did not differ 
significantly from those who attended only the first assessment for most clinical variables; 
however, the patients who were assessed at the second assessment were significantly older 
at diagnosis (p=.009; mean difference 4.9 years, 95% CI 1.3–8.6) and had significantly 
shorter duration of disease (p=.005; mean difference 1.5 years, 0.5–2.6) than those only 
assessed at the first assessment. More patients who did not have a second assessment had 
a right-sided tumor (p=.03), seizures (p=.04), and used antiepileptic drugs (p=.002). 
Patients with oligodendroglioma generally have better prognoses than do patients with 
LGG of other histopathological origin (e.g. astrocytoma).215 The proportion of 
oligodendrogliomas was lower in the second assessments than it was in the first 
assessments (24% vs 19%). Further investigation showed that the patients with 
oligodendroglioma were significantly older at the first assessment than were the patients 
in the other two histopathological groups (mean age 52.3 years (SD 9.5) vs 41.8 years 

195 patients who were treated for low-grade glioma were 
assessed at a mean of 6 years after diagnosis (measurement 1) 

58 died 
    40 who received radiotherapy 
    18 who did not receive radiotherapy 
45 had recurrence of glioma 
    15 who received radiotherapy 
    30 who did not receive radiotherapy 
15 could not be traced 
6 refused to participate 
4 had emigrated 

67 attended follow-up at a mean of 12 years (measurement 2) 

2 unable to finish assessment owing to fatigue 

65 patients were assessed for cognitive deficits 
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(12.3), p=.01; mean difference 9.7, 95% CI 2.1–17.3), which suggests that they had a worse 
prognosis because of their age. Table 3 shows the tumor localization. 

For patients assessed at the second assessment there was a mean of 12 years (SD=3.9; 
range 6–28 years) between diagnosis and second cognitive assessment (figure 2). 32 (49%) 
patients had radiotherapy a mean of 12 years (range 7–28 years) before the second 
assessment. Focal radiotherapy with a margin of 2 cm around the lesion as seen on CT or 
MRI was used. The mean total radiation dose was 56.6 Gy (SD 7.0; range 30–69 Gy) in a 
mean of 30.6 fractions (3.9, 21–43 fractions) of 1.6–2.5 Gy per fraction (mean absorbed 
dose per fraction 1.9 Gy [SD 0.17]). 12 (38%) of the patients who received radiotherapy at 
one of several medical centers had a boost dose of radiation (mean absorbed dose per 
boost 14 Gy, range 9–24 Gy) restricted to the tumor volume, which was given at the same 
time as local radiotherapy. Two (6%) patients had whole-brain radiotherapy, mainly because 
their tumors were large, but they were not excluded. With respect to neurological status, 
patients who had or did not have radiotherapy had high Karnofsky performance status and 
were self-sufficient in activities of daily life (Barthel score). Moreover, all but three (5%) 
patients were able to live at home without nursing care (Order scale). 

Because we were interested in the effects of radiotherapy on cognition and radiological 
abnormalities, our analyses were done for the patients who had the second assessment as 
a whole group and separately for the patients seen at this assessment who did or did not 
have radiotherapy. The clinical variables of the patients who had radiotherapy did not 
differ significantly from those who did not have radiotherapy (table 2). 

Scans were not obtained for all patients who had neuropsychological testing because of the 
limitation of 2 years between scanning and neuropsychological assessment and because of 
differences in scanning protocols among hospitals. We were able to rate 26 MRI scans from 
the first assessment with regard to GCA (15 from patients who received radiotherapy). At 
the second assessment, 37 scans could be rated for GCA (23 from patients who had 
radiotherapy). All GCA ratings were obtained from T1-weighted scans. At the first 
assessment, WMH were rated in 31 T2-weighted MRI scans (15 from patients who had 
radiotherapy). At the second assessment, 35 scans were rated for WMH (three FLAIR 
images and 32 T2-weighted scans); 20 were from patients who received radiotherapy. 
Complete scans were available for only 13 patients (seven did not have radiotherapy and 
six had radiotherapy). Consensus among the three independent raters was 100%. There 
were no significant differences with regard to the previously mentioned clinical variables 
among patients for whom we had scans and those for whom we did not, suggesting that 
selection bias was not present. 

By use of Wilcoxon signed rank tests, the total group of patients (n=20 for both WHM and 
GCA) and the radiotherapy-negative group (n=9 for WMH; n=7 for GCA) did not show a 
significant change in GCA or WMH between the first and second assessments. However, the 

patients who had radiotherapy (n=11 for WMH; n=13 for GCA) had slightly more WMH at 
the second assessment than at the first assessment, although the difference was not 
significant (mean WMH 1.25 [SD 1.16] vs 0.93 [1.22]; p=.06). This difference was not 
significant regardless of whether or not the three patients who had high fraction doses (>2 
Gy) were included. 

At the first assessment, there was no significant difference in cognitive performance 
between those patients who had radiotherapy and those who did not. At the second 
assessment, the patients who had radiotherapy did worse than those who did not have 
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Table 2.      
Patient characteristics per group: M2- and M2+ at M1, M2+/RT- and M2+/RT+ at M2 
       
Variable M2- M2+  M2+/RT-  M2+/RT+  
      (n=130) (n=65)  (n=33) (n=32) 
Sex: male/female (%) 85/45 (65/35) 35/30 (54/46) 17/16 (52/48) 18/14 (56/44) 
Mean educational level (SD) 4.1 (2.1) 4.3 (2.2) 4.2 (2.1) 4.3 (2.2) 
Age in years (SD)     
 M1 41.4 (11.3) 38.0 (12.0) 37.7 (11.8) 38.8 (12.3) 
 M2 n/a 44.2 (11.9) 43.3 (11.4) 45.1 (12.5) 
Age at diagnosis in years (SD)** 36.8 (11.7) 31.8 (13.2) 31.4 (12.3) 32.3 (14.2) 
Disease duration in years (SD)     
 M1** 4.6 (3.6) 6.2 (3.6) 5.8 (3.1) 6.5 (4.1) 
 M2 n/a 12.4 (3.9) 11.9 (3.5) 12.9 (4.2) 
Karnofsky score mean (SD)     
 M1 88.0 (14.7) 88.3 (13.2) 88.5 (11.5) 88.1 (11.2) 
 M2 n/a 85.3 (17.6) 88.0 (15.2) 82.6 (19.4) 
Tumor histology*     
 Astrocytoma (%) 92 (71) 47 (72) 25 (76) 22 (69) 
 Oligodendroglioma (%) 31 (24) 12 (19) 5 (15) 7 (22) 
 Oligoastrocytoma (%) 7 (5) 6 (9) 3 (9) 3 (9) 
Tumor lokalization      
 Left (%) 61 (47) 36 (55) 17 (52) 19 (59) 
 Right (%) 67 (52) 24 (37) 13 (39) 11 (34) 
 Middle (%) 2 (1) 5 (8) 3 (9) 2 (7) 
Neurosurgery     
 Biopsy (%) 61 (47) 23 (35) 9 (27) 14 (44) 
 Resection (%) 69 (53) 42 (65) 24 (73) 18 (56) 
Radiotherapy      
 RT-(%) 58 (45) 33 (51) 33 (51) n/a 
 RT+(%) 72 (55) 32 (49) n/a 32 (49) 
Fraction dose (Gy)     
 Dose ≤ 2 (%) 57 (44) 29 (91) n/a 29 (91) 
 Dose > 2 (%) 15 (56) 3 (9) n/a 3 (9) 
Seizures     
 M1*     
  Yes (%) 116 (89) 51 (78) 27 (82) 24 (75) 
  No (%) 14 (11) 14 (22) 6 (18) 8 (25) 
 M2     
  Yes (%) n/a 22 (34) 11 (34) 11 (34) 
  No (%) n/a 40 (63) 21 (64) 19 (59) 
Antiepileptic drug use     
 M1**     
  Yes (%) 102 (78) 37 (57) 19 (58) 18 (56) 
  No (%) 28 (22) 28 (43) 14 (42) 14 (44) 
 M2     
  Yes (%) n/a 32 (49) 16 (48) 16 (50) 
    No (%) n/a 30 (46)  16 (48) 14 (44) 
Note. M2- = patients who did not complete the second assessment, M2+=patients who did  
complete the second assessment, RT+=patients who received radiotherapy, RT-=patients who  
did not receive radiotherapy, * significant difference between M2- and M2+ patients, p<.05,  
** significant difference  between M2- and M2+, p<.01.    
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Figure 2. Time from diagnosis until assessments. (A) Time in years from diagnosis until first 

assessment (n=195). (B) Time in years from diagnosis until second assessment (n=65). 

 

Table 3. Tumor localization 
      
Location RT+ (n=33) RT- (n=32) 
Temporal 4 10 
Parietal 7 2 
Fronto-parietal 5 2 
Frontal 4 2 
Occipital 1 4 
Intraventricular 2 3 
Parieto-occipital 1 3 
Parieto-temporal - 3 
Fronto-temporal 2 - 
Parieto-temporo-occipital 1 1 
Temporo-occipital - 1 
Unknown 5 2 
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Table 4. 
Significant correlations between radiological abnormalities and cognitive performance 
     
Group Cognitive domain MRI abnormalities Kendall's Tau P 
All patients Executive Functioning at M2 WMH at M2 0.424 .001
 Psychomotor Functioning at M2 WMH at M2 0.238 .038
  GCA at M2 0.282 .018
 Verbal Memory at M2 WMH at M2 0.406 .001
 Working Memory at M2 WMH at M2 0.272 .020
 Information Processing Speed at M2 WMH at M2 0.282 .018
  GCA at M2 0.290 .016
 Attention at M2 WMH at M2 0.331 .007
 Δ Executive Functioning  Δ WMH 0.523 .001
 Δ Working Memory  Δ WMH 0.314 .037
 Δ Attention Δ WMH 0.452 .007
 Δ Information Processing Speed Δ GCA 0.346 .033
RT- patients Δ Executive functioning  Δ WMH 0.526 .030
 Δ Verbal Memory  Δ WMH 0.588 .018
RT+ patients Executive Functioning at M1 WMH at M1 0.452 .017
 Executive Functioning at M2 WMH at M2 0.377 .016
 Verbal Memory at M2 WMH at M2 0.381 .018
 Psychomotor Functioning at M2 GCA at M2 0.318 .032
 Information Processing Speed at M2 GCA at M2 0.298 .042
 Δ Executive functioning  Δ WMH 0.569 .013
  Δ Verbal Memory  Δ WMH  -0.437 .042
Note. WMH=white matter hyperintensities, GCA=global cortical atrophy, Δ=deltascore,  
M1=first assessment, M2=second assessment.    

 

radiotherapy in three of the six measured cognitive domains (figure 3): executive 
functioning (mean score –2.0 (SD 3.7) vs –0.5 (1.2), p=.03; mean difference 1.5, 95% CI 
0.2–2.9); information processing speed (–2.0 (3.7) vs –0.6 (1.5), p=.05; mean difference 
0.8, 0.009–1.6); and attention (–1.6 (2.4) vs –0.1 (1.3), p=.003; mean difference 1.4, 0.5–
2.4). In a repeated measures ANOVA with cognitive domain as a within-patient variable 
(first assessment vs second assessment) and radiotherapy as a between-patient variable 
(radiotherapy vs no radiotherapy), significant interaction effects between radiotherapy and 
time point were seen in the domain of attentional functioning (p=.03), whereas non-
significant associations were seen in the domains of psychomotor function (p=.06), 
working memory (p=0.08), and information-processing speed (p=.07). These results were 
still significant when the six patients who had missing data on one or two cognitive 
domains were removed from the calculation. None of the six patients who were followed 
up for at least 15 years and did not have radiotherapy had cognitive disability, whereas 
four of the seven patients who had radiotherapy had cognitive disability at least 15 years 
after diagnosis. When all patients were included, nine (27%) patients who did not have 
radiotherapy had cognitive impairment at the second assessment, whereas 17 (53%) 
patients who had radiotherapy had cognitive impairment. The current results can be 
regarded as clinically relevant: figure 3 shows that the mean z score of the patients who 
had radiotherapy is more than 1.5, or even 2.0, SD below that of healthy controls in the 
domains of executive functioning, psychomotor functioning, working memory, and  
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Figure 3. Changes in cognitive functioning in six cognitive domains between the first and second 

assessments in patients who did or did not have radiotherapy. RT+=patients who had 

radiotherapy. RT–=patients who did not have radiotherapy. M1=fi rst assessment. M2= second 

assessment. Bars are SD. 
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attention at the second assessment. Such deviations are regarded as pathological in clinical 
neuropsychological practice and are indicative of cognitive dysfunction.169 

We previously reported the significant effect of antiepileptic drugs on cognitive status in 
patients who did or did not have radiotherapy, but the sample size in the current study did 
not permit multivariate testing with multiple confounders. We therefore added antiepileptic 
drug use at the second assessment as a covariate to the previously mentioned repeated 
measures ANOVAs. Indeed, there were significant interaction effects between antiepileptic 
drug use and time point in the domains of executive functioning (p=.03), psychomotor 
functioning (p=.05), working memory (p=.04), and information processing speed (p=.05), 
indicating that patients who took antiepileptic drugs deteriorated in several cognitive 
domains. However, the significant interaction between radiotherapy and time point with 
regard to attentional functioning remained after the addition of antiepileptic drug use as a 
covariate (p=.05). 

Other possibly confounding variables were also investigated. Whether the patients had 
resection or only a biopsy was not associated with attentional functioning (p=.46). There 
was a significant interaction effect between time of assessment and extent of resection in 
the domain of executive functioning (p=.04), whereas the interaction effect between time 
of assessment and radiotherapy was not significant (p=.24); the same pattern could be 
seen for the domains of psychomotor functioning (resection p=.05; radiotherapy p=.21), 
working memory (resection p=.04; radiotherapy p=.28), and information processing speed 
(resection p=.01; radiotherapy p=.44). Furthermore, lateralization of the LGG was 
investigated as a confounder. No significant differences were seen in the findings reported 
for those who had radiotherapy, although lateralization of the tumor did interact with time 
point in the domains of working memory (p=.02) and information processing speed 
(p=.01). As expected, age had a significant interaction effect with time point in the 
domains of executive functioning (p=.03), psychomotor functioning (p=.02), working 
memory (p=.02), and information processing speed (p=.001) but not attention (p=.13). 
Moreover, the interaction between radiotherapy and time point in the domain of attentional 
functioning did not change when age was included as a covariate (p=.03). 

Owing to our previous findings with respect to the significance of fraction dose when 
assessing cognitive performance in patients with LGG,17 we assessed the possible effect of 
fraction dose in this follow-up study. However, because only three patients with a fraction 
dose greater than 2 Gy participated in the second assessment, statistical options were 
restricted. To assess whether patients who had fraction doses that exceeded 2 Gy 
accounted for the observed radiotherapy effects on cognition, we repeated the analyses 
excluding the three patients with high fraction doses. The significant interaction effect 
between radiotherapy and time of assessment in the domain of attention remained (p=.04), 
whereas non-significant associations were seen in the domains of working memory (p=.08) 
and psychomotor speed (p=.08). 

At the first assessment, no significant associations were seen between radiological 
abnormalities and cognition. By contrast, in some tests WMH was significantly associated 
with worse cognitive performance at the second assessment (table 4). Moreover, the 
increase in radiological abnormalities was significantly associated with worse cognitive 
performance in several domains. Separate analyses for the patients who did or did not have 
radiotherapy showed that more associations were seen between radiological abnormalities 
and cognitive deficits in the patients who had radiotherapy (table 4). 
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Discussion 

This study is an investigation of radiological and cognitive sequelae in patients with LGG at 
a mean follow-up of 12 years after treatment. Although no differences were seen between 
the patients who had radiotherapy and those who did not at a mean of 6 years after 
diagnosis (first assessment), differences were seen between these groups after a mean of 
12 years after radiotherapy (second assessment): patients with LGG who had radiotherapy 
did significantly worse on cognitive tasks than did patients who did not have radiotherapy. 
Patients who did not have radiotherapy had stable radiological and cognitive status. 
Patients who had radiotherapy had a significantly greater increase in attentional deficits 
between the first and second assessments compared with patients who did not have 
radiotherapy. Furthermore there were non-significant increases in deficits in the domains 
of information processing speed, psychomotor functioning, and working memory in the 
patients who had radiotherapy. The significant change in attentional performance in the 
patients who had radiotherapy was independent of fraction dose, tumor lateralization, 
extent of resection, age, and antiepileptic drug use. Increased radiological abnormalities 
and worse cognitive functioning were significantly associated at the second assessment 
and were more profound in the radiotherapy group. By contrast with the results of our 
earlier study,17 the current results indicate that radiotherapy is associated with long-term 
cognitive deterioration, regardless of fraction dose. At the second assessment, 27% of the 
patients who did not have radiotherapy had cognitive disability compared with more than 
half of those who had radiotherapy. 

Randomized trials of the effect of radiotherapy on cognition in patients with LGG have not 
been done. In cross-sectional studies, clear-cut cognitive deficits after focal radiotherapy 
have rarely been reported, and then only with a short follow-up.17,22,196,204-209 One study 
reports selective cognitive deficits 6 years after treatment with focal radiotherapy,209 
whereas two other studies report few cognitive sequelae 6 years or more after 
radiotherapy.196,197 However, in our study, which had a mean follow-up of 12 years, we 
found significant deterioration in the domain of attentional functioning in patients who 
received radiotherapy. Because earlier studies had a follow-up time of 6–8 years, our 
results suggest that additional late-delayed cognitive sequelae can develop after this 
period. Our results also indicate that the cognitive sequelae of patients who had 
radiotherapy are associated with radiological abnormalities. These findings are in 
accordance with those of previous studies in adults with brain tumors who have had 
radiotherapy197,198 and in children who have had radiotherapy.200,201 

The results of previous studies have suggested that a high fraction dose might account for 
the cognitive deficits in patients after radiotherapy.17,202 However, the results presented 
here indicate that all surviving patients who had radiotherapy are at risk of developing 
attentional problems at some point. Even when the patients who were treated with high (>2 
Gy) fraction doses are excluded, attentional functioning significantly decreased in the 
patients who had radiotherapy compared with those who did not. On the basis of this 
study, whether a low or standard (2 Gy) fraction dose guarantees that cognitive deficits will 
not occur, which has been advocated before and has been suggested by our own previous 
results,17,216 is no longer clear. We speculate that higher fraction doses might accelerate 
the occurrence of deficits. 

We report significant cognitive deficits at a mean of 12 years after diagnosis in patients 
who had radiotherapy compared with patients who are radiotherapy naive. However, owing 
to methodological restrictions, care must be taken when interpreting our current results. 
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The extent to which long-term differences between the patients who had radiotherapy and 
those who did not are due to detrimental effects of radiotherapy instead of a selection bias 
in eligibility for primary radiotherapy should be considered. Patients who are eligible for 
radiotherapy as an initial treatment might be a different group from the patients who are 
not eligible for radiotherapy, indicating a selection bias when deciding whether 
radiotherapy is the optimum treatment. Moreover, there might be a selection bias in the 
patients who are able and willing to participate in the second assessment. Subtle 
differences between patients who have had different radiotherapy regimens might also 
have an effect on long-term cognitive functioning. In our study, there were no significant 
differences in confounding variables, such as antiepileptic drug use, type of surgery 
(resection versus biopsy), age, or lateralization of the tumor, between the patients who had 
and those who did not have radiotherapy. Changes in cognitive functioning were affected 
by antiepileptic drug use, the extent of surgery, tumor lateralization, and age, although 
these variables did not affect our findings with regard to radiotherapy and attentional 
functioning. Several other studies have concluded that factors other than radiotherapy 
account for cognitive sequelae in patients with LGG.22,204,207,217 We previously reported 
that, among other things, the tumor seems to contribute to the development of late 
cognitive deficits in patients with LGG. Because the patients in our study were not 
randomly assigned according to their radiotherapy status, no definite answer can be given 
as to whether the reported cognitive deterioration is exclusively due to radiotherapy. There 
is, however, circumstantial evidence that radiotherapy is associated with late-delayed 
cognitive sequelae.196,197,200,209 Moreover, patients were recruited from several hospitals 
with different therapeutic policies, which reduces the risk of selection bias. 

Our results suggest that, regardless of fraction dose, attentional deficits develop in long-
term survivors who received radiotherapy as a primary treatment. However, we cannot 
conclude that radiotherapy is the only factor that induces these deficits. Our results do 
suggest that problems with attentional functioning are primarily influenced by 
radiotherapy, whereas deficits in other domains might also be related to antiepileptic drug 
use, the extent of resection, age, and lateralization of the tumor. Further prospective 
studies are needed to establish the effect of radiotherapy on cognitive functioning and 
radiological abnormalities. If our results are confirmed, treating patients who have LGG 
with radiotherapy should be considered carefully in clinical practice. Early versus delayed 
radiotherapy (i.e. deferred until the tumor progresses) yield the same overall survival 
rates,218 although radiotherapy given early after surgery lengthens the period of 
progression-free survival.194 Applying a wait-and-scan policy when treating patients with 
LGG did not lead to a significantly worse functional outcome.18,193 Furthermore, the 
beneficial effects of gross total resection on survival imply that early radiotherapy might no 
longer be necessary in most patients, which would prevent late-delayed cognitive 
deficits.219 Furthermore, alternative strategies are currently being assessed. Initial 
chemotherapy instead of radiotherapy is being investigated by the European Organization 
for Research and Treatment of Cancer (EORTC) Brain Tumor Group, and combined 
chemotherapy and radiation is being investigated by the Radiation Therapy Oncology 
Group (RTOG). Deferring radiotherapy treatment might be the strategy that is most 
beneficial to cognitive status and quality of life; however, early progression is more likely 
to occur when radiotherapy is deferred and no maximum resection is achieved. These 
points should be considered for each patient, to reach a balanced treatment plan. 
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Abstract 

We investigated the mechanisms underlying neurocognitive dysfunction in patients with 
low-grade glioma (LGG) by relating functional connectivity revealed by 
magnetoencephalography to neurocognitive function. We administered a battery of 
standardized neurocognitive tests measuring six neurocognitive domains to a group of 17 
LGG patients and 17 healthy controls, matched for age, sex, and educational level. 
Magnetoencephalography recordings were conducted during an eyes-closed ‘resting-state’, 
and synchronization likelihood (a measure of statistical correlation between signals) was 
computed from the delta to gamma frequency bands to assess functional connectivity 
between different brain areas. We found that, compared with healthy controls, LGG 
patients performed more poorly in psychomotor function, attention, information 
processing, and working memory. LGG patients also had significantly higher long-distance 
synchronization scores in the delta, theta, and lower gamma frequency bands than did 
controls. In contrast, patients displayed a decline in synchronization likelihood in the lower 
alpha frequency band. Within the delta, theta, and lower and upper gamma bands, 
increasing short- and long-distance connectivity was associated with poorer neurocognitive 
functioning. In summary, LGG patients showed a complex overall pattern of differences in 
functional resting-state connectivity compared with healthy controls. The significant 
correlations between neurocognitive performance and functional connectivity in various 
frequencies and across multiple brain areas suggest that the observed neurocognitive 
deficits in these patients can possibly be attributed to differences in functional connectivity 
due to tumor and/ or treatment.  
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Introduction 

Low-grade gliomas (LGGs) constitute 20%–25% of all gliomas.191 The mean 5-year 
progression-free survival rate ranges from 46% to 73%,220-222 with median survival times 
ranging from 5 to 16.7 years.189  

Epilepsy is the first symptom in at least two-thirds of all patients with LGG,9 and LGG is 
almost invariably accompanied by a loss of neurocognitive functioning.17,20 These 
neurocognitive deficits tend to be generalized and cannot be explained unequivocally by 
tumor localization alone.17,21 Bressler has suggested that higher neurocognitive functions 
depend on the integrated activity of several specialized brain areas.62 These interactions 
can be studied with functional imaging techniques such as functional MRI (fMRI), 
electroencephalography (EEG), and magnetoencephalography (MEG). Statistical correlations 
between time series of brain activity recorded over distinct regions are assumed to reflect 
interactions between the brain regions. This concept is referred to as ‘functional 
connectivity’.223 Local processing of information, or local synchrony, is reflected in MEG or 
EEG power and in the synchronization between the signals from pairs of channels at nearby 
sites (we refer to this as short-distance functional connectivity), and global integration 
(long-distance and interhemispheric functional connectivity) reflects the synchronization 
between channel pairs at spatially well separated sites; both are required for optimal 
functioning of the brain.156 EEG and MEG are distinct methods used to assess functional 
connectivity of the brain. EEG measures electrical activity generated by extracellular 
currents in the brain, whereas MEG detects magnetic fields related to intracellular currents. 
The skull and scalp do not distort the magnetic field patterns as they do electrical currents 
in EEG measurement. Also, MEG does not require the use of a reference electrode. 
Therefore, MEG seems to be more suitable than EEG for estimations of functional 
connectivity.224,225  

In cognitive neuroscience, functional imaging techniques are used to measure task-specific 
changes in activity associated with mental activities. Recent fMRI research has shown that 
the no-task, resting state is stable and active158,159 and is characterized by activation of a 
‘default’ network.226 It has recently been shown in patients with Alzheimer’s disease that 
resting-state connectivity is a good indication of neuropsychological functioning.227 MEG 
signals can also be recorded during the resting state as a way to study baseline functional 
networks in the brain.107,116,123  

Functional connectivity (as recorded with MEG) in brain tumor patients has been 
investigated and compared with that in healthy controls.113,114 Differences in resting-state 
functional connectivity were found in the patient population within several frequency bands 
when compared with those of healthy controls. Interestingly, these differences were not 
limited to the tumor area and were more notable in patients with a tumor in the left 
hemisphere. However, these studies did not evaluate whether these reported changes are 
only an epiphenomenon or are indeed associated with poorer neurocognitive functioning.  

Neurocognitive functioning in glioma patients can be affected by the tumor and tumor 
treatment, as well as by tumor-related epilepsy and antiepileptic drugs, and can be 
assessed by neuropsychological assessments. The underlying pathophysiological 
mechanism in the brain responsible for these neurocognitive deficits has not yet been 
described. We hypothesize changes in functional connectivity to be the intermediate 
between the effect of tumor and tumor-related treatment, on the one hand (input), and 
these neurocognitive deficits (output), on the other hand, as shown in figure 1. 
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Figure 1. Flow diagram of the relationship between tumor-related factors, higher 

neurocognitive function, and functional connectivity in patients with low-grade glioma. 

fMRI=functional MRI, EE G=electroencephalography, MEG=magnetoencephalography. 

 

In the present study, we investigated functional connectivity and neurocognitive 
functioning in LGG patients and the correlation between these two variables. On the basis 
of our previous studies, we hypothesized that LGG patients show differences in resting-
state functional connectivity of the brain, compared with healthy controls. More important, 
on the basis of the notion that resting-state connectivity is a good indication of 
neuropsychological functioning,227 we expected significant correlations between resting-
state functional connectivity in the brain and neurocognitive functioning in LGG patients. 

 

Materials and Methods 

Patients 

Twenty-three patients with LGG were approached to participate in this study. Patients were 
eligible if (1) they had a suspected or histologically confirmed LGG, (2) they had no 
radiological (confirmed by MR or CT scan) and/or clinical tumor progression in the 
previous 6 months, and (3) they did not use medication possibly interfering with 
neurocognitive function, other than antiepileptic drugs. 

Patients were recruited from the VU University Medical Center and the Academic Medical 
Center, both tertiary referral centers in Amsterdam for brain tumor patients, after the study 
was approved by the institutional ethics review boards of both participating hospitals. 
Relatives of the patients were asked to participate as healthy controls. Healthy controls 
were eligible if they (1) did not have any neurological disease and (2) did not use any 
medication possibly influencing neurocognitive function. For patients who could not 
provide a healthy control participant, VU University Medical Center staff members served as 
controls. 
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Magnetoencephalography 

MEG recordings were obtained using a 151-channel whole-head MEG system (CTF Systems 
Inc., Port Coquitlam, BC, Canada) while participants were seated inside a magnetically 
shielded room (Vacuumschmelze GmbH, Hanau, Germany). Magnetic fields were recorded 
during a no-task, eyes-closed resting state. Metal artifacts were avoided as much as 
possible. A third-order software gradient228 was used with a recording passband of 0.25–
125 Hz and a sample frequency of 312.5 Hz. At the beginning, middle, and end of each 
recording, the head position relative to the coordinate system of the helmet was recorded 
by leading small alternating currents through three head position coils attached to the left 
and right preauricular points and the nasion on the subject’s head. Head position changes 
up to approximately 1.5 cm during a recording condition were accepted. For this study, 
149 of the 151 channels could be used. MEG recordings were converted to ASCII files. 
From these ASCII files, four artifact-free epochs of 13 s (4,096 samples) were carefully 
selected by visual analysis by one of the authors [IB].  

Magnetic field frequencies ranging from 0.5 to 80 Hz were recorded. The signals were then 
filtered into seven frequency bands: delta (0.5–4 Hz), theta (4–8 Hz), lower alpha (8–10 Hz), 
upper alpha (10–13 Hz), beta (13–30 Hz), lower gamma (30–45 Hz), and upper gamma 
(55–80 Hz).227 

The synchronization likelihood (SL) was used as a measure of statistical interdependencies 
between MEG time series.107 The SL is based on the concept of general synchronization.165 
This concept states that independent time series of two separate systems (i.e. MEG 
channels) need not be linearly similar to act in a synchronous manner, as long as recurrent 
patterns of the first system coincide (in time) with recurrent patterns of the second system. 
Thus, general synchronization takes into account linear as well as nonlinear synchronicity.  

The SL ranges from 0.01 (no synchronicity) to 1.00 (maximal synchronicity), and it has 
proven to measure the linear as well as the nonlinear component that MEG signals 
contain.229 The SL has recently been used to assess functional connectivity in patients with 
Alzheimer’s disease.126,227,230 The SL was computed off-line with DIGEEGXP software 
developed at the Department of Neurophysiology of the VU University Medical Center.227 
The parameter setting of the SL computation in this study was lag L=10, embedding 
dimension m=10, and Pref=0.01. 

In the present study, SL values were calculated between all possible pair-wise combinations 
of MEG sensors for all frequency bands separately. The MEG sensors were grouped 
according to their location above the hemisphere: central, frontal, occipital, parietal, and 
temporal areas. Three types of SL averages were then calculated: (1) five between-area SLs 
in each hemisphere, (2) eight (four per hemisphere) long-distance intrahemispheric SLs 
(left and right frontotemporal, frontoparietal, parietooccipital, and temporo-occipital), and 
(3) ten (five per hemisphere) within-area local SLs. The first two SL measures we 
summarized as long-distance functional connectivity, and the within-area SLs represent 
short-distance functional connectivity. 
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Neurocognitive Assessment 

Participants were asked to complete a neurocognitive assessment (table 1, see 
references231-239) after the MEG recording. The total duration of the assessment varied 
between 1 and 2 h. Individual patient test scores were converted to z-scores, using the 
means and standard deviations of the matched healthy controls as a reference. 

 

Table 1.   
Description of neuropsychological testing battery 
   
Test  Cognitive Abilities 
Letter Digit Substitution Test  Psychomotor function relatively unaffected by intellectual ability 
Concept Shifting Test  Executive (frontal) function, attention, visual scanning,  
  and mental processing speed 
Stroop Color Word Test  Executive (frontal) function, attention, mental speed,  
  and mental control 
Visual Verbal Learning Test  Various aspects of verbal learning, organization, and memory 
Memory Comparison Test  Selective attention, mental concentration, memory,  
  and information processing 
Categoric Word Fluency  Frontal dysfunction and flexibility of verbal thought processes 

 

To reduce data, individual scores on these tests were summarized into six neurocognitive 
domains: information processing speed, psychomotor function, attention, verbal memory, 
working memory, and executive functioning. Construction of these domains has been 
previously reported13 and was based on a principal component analysis using varimax 
rotation with Kaiser normalization performed on the z-scores of a large group of healthy 
controls.214 The domains found are commonly used in neurocognitive practice and 
research. An overall measure of cognition was also determined by calculating the mean of 
all test z-scores for each participant. 

 

Statistical Analyses 

Statistical analyses were performed using SPSS for Windows (version 14.0; SPSS Inc., 
Chicago, IL, USA). The nonparametric Mann-Whitney U test was used to investigate whether 
patients’ standardized z-scores on neurocognitive tests in the overall measure of cognition 
and in the aforementioned neurocognitive domains differed significantly from the z-scores 
of healthy controls. 

To allow parametric statistical testing, we normalized the SL scores by means of the 
transformation Lg10[x/(1 – x)].240 To quantify differences in the SL scores between the 
patients and the controls, we used analysis of covariance (ANCOVA) testing with repeated 
measures for each frequency band. The repeated-measure factor had 8 levels for long-
distance connections, 5 levels for interhemispheric connections, and 10 levels for short-
distance connections. The between-subjects factor had two levels (LGG patients and 
controls), and age, sex, and education were used as covariates. In cases of significant 
group effects or interaction effects involving groups (Greenhouse-Geiser corrected p-value), 
subsequent post hoc analyses with regard to the regional differences in SL were performed 
between the patients and the controls. Again, age, sex, and education were used as 
determinants. 
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All analyses of the relation between higher neurocognitive function and SL scores within 
the patient population involved separate ANCOVAs with repeated measures for each 
frequency band. Again, the repeated measure factor had 8 levels for long-distance 
connections, 5 for interhemispheric connections, and 10 for short-distance connections. 
Age, sex, education level, tumor lateralization, treatment modalities (radiotherapy, 
surgery), and epilepsy burden were used as covariates together with one of the 
neurocognitive domains. In cases of significant group or interaction effects (Greenhouse-
Geiser corrected p-value), subsequent post hoc analyses with regard to the regional 
differences in SL were performed with one of the neurocognitive domains and the above-
mentioned possible confounders as determinants. 

 

Results 

Sociodemographic and Clinical Characteristics 

From the initial patient group, six patients were excluded: four because of metal artifacts 
on the MEG, one because of severe epileptic seizures, and one because of tumor 
progression. The four patients with metal artifacts had dental implants or amalgam fillings 
that had become magnetized as a result of previous MRI scans. The final analyses were 
performed on a sample of 17 patients and 17 matched healthy control participants. 

Because of the matching procedure, there were no significant differences between patients 
and healthy controls in age (patients: mean=42.7, SD=11.2 years; healthy controls: 
mean=42.6, SD=12.7 years; p=.99) or educational level (patients: mean=5.2, SD=1.8; 
healthy controls: mean=5.5, SD=1.8; p=.64). The male-to-female ratio between the two 
groups did not differ significantly (chi-square=0.47, p=.37). 

Fourteen of the 17 LGG patients had a histologically confirmed LGG and were clinically and 
radiologically stable for more than 6 months before inclusion. Another three patients were 
suspected of having LGG and were stable for more than 6 months in the outpatient clinic; 
one year after the MEG registration, two of these three patients underwent surgery because 
of increasing epilepsy frequency. 

Of the 16 patients with a histologically confirmed LGG, the pathological diagnosis was 
grade II astrocytoma in 10 patients, oligodendroglioma grade II in four patients, and 
oligoastrocytoma grade II in two patients. The mean time in years between diagnosis and 
the MEG registration for the patient population in our study was 8 years, with a range of 1–
19 years. 

Seven of the 17 patients underwent radiotherapy, with prior chemotherapy in two patients 
(one patient with five cycles of procarbazine, lomustine, and vincristine (PCV) and one 
patient with two cycles of PCV and three cycles of temozolomide). Eleven patients had left 
hemisphere tumors, and six patients had right-side tumors. Table 2 shows the specific 
locations of the tumors. 

We used T1-weighted MRI and defined tumor size or postoperative cavity as the product of 
the two largest perpendicular diameters.241 The mean tumor size or postoperative cavity in 
the patient group was 12 mm (range, 0.63–43 mm). 

In the patient group, all but one patient used antiepileptic mono- or polytherapy. Six of the 
17 patients receiving antiepileptic drugs were free of seizures, and 10 patients were still 
having seizures while receiving antiepileptic mono- or polytherapy. 
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Table 2.      
Tumor lateralization and localization  
     
Tumor location    Number of patients  
Left hemisphere    
 Left frontal   4  
 Left parietal   3  
 Left temporal   3  
 Left parieto-occipital 1  
  Total  11  
Right hemisphere    
 Right frontal   2  
 Right frontoparietal  3  
 Right insular region  1  
    Total  6  

 

 

 

Figure 2. Patients’ mean z-scores on the six neurocognitive domains and total neurocognitive 

functioning. PF=psychomotor functioning, A=attention, IPS=information processing speed, 

VM=verbal memory, WM=working memory, EF=executive functioning. Performance is relative to 

that of age-, sex-, and education-matched healthy controls (represented by the zero-line). A 

higher score (i.e., approaching 0) indicates better performance. * p<.05, **p<.01. 
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Differences between patients and the healthy control group 

 Neurocognitive functioning  

Six of the 17 patients had received neurocognitive assessments 1–9 months earlier and 
were clinically stable. These patients were not tested again, and the data from this last 
assessment were used, because their neurological status had not changed. Overall, 
patients performed more poorly than healthy controls on the neurocognitive test battery 
(controls mean=0.00): they had a significantly lower z-score on the overall measure of 
cognition (mean=–1.01, SD=1.42) than did control participants (SD=0.45, p=.009; see 
figure 2). 

Furthermore, patients had significantly lower psychomotor function z-scores (mean=–0.50, 
p=.035), lower working memory z-scores (mean=–1.43, p=.003), slower information 
processing speed z-scores (mean=–0.85, p=.011), and lower attention z-scores (mean=–
1.92, p=.003) relative to healthy controls. Patients’ performance in the verbal memory and 
executive function domains did not differ significantly from those of controls. 

 

Table 2.     
Tumor lateralization and localization 
     

Left hemisphere  Right hemisphere 
Tumor location No. of patients  Tumor location No. of patients 
Left frontal 4  Right frontal 2 
Left parietal 3  Right frontoparietal 3 
Left temporal 3  Right insular region 1 
Left parieto-occipital  1    
Total 11  Total 6 

 

To determine whether the small sample group was representative of LGG patients in 
general, mean neuropsychological test scores were compared with those of a much larger 
group of patients (n=195) from a previous study by Klein et al.17 The mean 
neuropsychological test scores of our patient group did not deviate more than 1 SD from 
those of the large group participating in that study. The SD seemed slightly higher in our 
group than in the sample of Klein and colleagues, most likely due to the small sample size 
of our patient group. 

Because we are primarily interested in the relation between SL and impaired neurocognitive 
functioning, the remainder of the analyses focus on psychomotor function, working 
memory capacity, information processing speed, and attentional tasks. 

Functional connectivity  

A significant group effect was seen in long-distance connectivity in the delta (ANCOVA with 
repeated measures; p=.027), theta (p=.004), lower alpha (p=.046), and lower gamma bands 
(p=.036). Post hoc regression analysis showed that long-distance functional connectivity 
was higher in the LGG patients than in the healthy controls, with only two exceptions: a 
significant decrease in functional connectivity in the patient population in the inter-
temporal region in the delta band and inter-occipital region in the lower alpha band (table 
3, figure 3). 
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Figure 3. Significant differences in long-distance connectivity between low-grade glioma 

patients and healthy controls in the different frequency bands. Gray arrows indicate 

significantly higher synchronization in the patient group. Black arrows indicate significantly 

lower synchronization in the patient group. Abbreviations: LF, left frontal; RF, right frontal; LT, 

left temporal; LC, left central; RC, right central; RT, right temporal; LP, left parietal; RP, right 

parietal; LO, left occipital; RO, right occipital. 

 

Table 3.     
Significant differences in SL between patients and controls per frequency band  
     
    Patients (n=17) Controls (n=17)   
Frequency Area M ± SD M ± SD p 
Delta     
 L. Parieto-occipital 0.041± 0.009 0.035 ± 0.007  .018 
 R. Fronto-parietal 0.029 ± 0.005 0.024 ± 0.004 .004 
 R. Parieto-occipital 0.049 ± 0.019 0.039 ± 0.008 .002 
 Inter-parietal 0.046 ± 0.038 0.038 ± 0.006  .012 
 Inter-temporal 0.057 ± 0.016 0.080 ± 0.027 .002 
Theta     
 L. Fronto-temporal 0.023± 0.005 0.019 ± 0.003 .017 
 R. Fronto-temporal 0.026± 0.006  0.022± 0.005  .004 
 R. Temporo-occipital 0.026 ± 0.005 0.023 ± 0.005 .041 
Lower alpha    
 Interoccipital 0.039 ± 0.009 0.048 ± 0.010 .007 
Lower gamma    
  R. fronto-parietal 0.015 ± 0.000  0.015 ± 0.001 .000 
Note. Significantly higher SLs are depicted in bold. L.=left, R.=right,  
inter=between hemispheres.    
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Table 4 and figure 4 show the significant associations between functional connectivity and 
neurocognitive functioning in the four disturbed neurocognitive domains. A significant 
group effect was seen in the delta band for long- and short-distance synchronization with 
working memory (ANCOVA with repeated measures: interhemispheric, p=.050; long 
distance, p=.032; short distance, p=.006). Post-hoc regression analysis showed that an 
increase in synchronization was associated with a worsening of working memory in the left 
fronto-temporal region (p=.003), right fronto-parietal and right parieto-occipital regions 
(p=.007 and p=.018, respectively), and left temporal region (p=.007). An increase in 
synchronization in the right frontal region was associated with an improving working 
memory (p=.010). 

 

Table 4.    
Significant associations in patients between SL scores and neurocognitive 
function  
    
Frequency Area Neurocognitive domain p 
Delta     
 L. fronto-temporal Working memory .003 
 R. fronto-parietal Working memory .007 
 R. parieto-occipital Working memory .018 
 L. temporal Working memory .007 
 R. frontal Working memory .010 
 L. fronto-temporal Attention .008 
 L. temporo-occipital Attention .004 
 R. parieto-occipital Attention .001 
 R. temporo-occipital Attention .002 
 Interoccipital Attention .018 
 Interparietal Attention .021 
 L. temporal Attention .001 
 R. occipital Attention .000 
Theta     
 L. fronto-temporal Working memory .004 
 L. fronto-temporal Attention .002 
 L. temporo-occipital Attention .002 
 Interfrontal Attention .000 
 Interoccipital Attention .002 
 Interparietal Attention .000 
Lower gamma    
 L. fronto-temporal Attention .002 
 L. temporo-occipital Attention .017 
Upper gamma     
 R. temporo-occipital Information processing .021 
 L. frontal Information processing .025 
  L. temporo-occipital Attention .006 

Note. L.=left, R.=right, inter=between hemispheres 
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A significant effect for group and interaction was seen in the delta band for long- and 
short-distance synchronization with attentional tasks (ANCOVA with repeated measures: 
interhemispheric, p=.015 (group) and p=0.007 (interaction); long distance, p=.002 (group) 
and p=.005 (interaction); short distance, p=.018 (group) and p=.017 (interaction)). Post-hoc 
regression analysis showed that an increase in synchronization was associated with a 
worsening in attentional tasks in the left fronto-temporal and left temporo-occipital regions 
(p=.008 and p=.004, respectively), right parieto-occipital and temporo-occipital regions 
(p=.001 and p=.002, respectively), interoccipital and interparietal regions (p=.018 and 
p=.021, respectively), and left temporal and right occipital regions (p=.001 and p<.001, 
respectively). A significant group effect was seen in the theta band for long-distance 
synchronization with working memory (ANCOVA with repeated measures; p=.030). Post-
hoc regression analysis showed that an increase in synchronization was associated with a 
worsening of working memory in the left fronto-temporal region (p=.004). 

Figure 4. Significant differences in the long-distance connectivity between synchronization 

likelihood scores in low-grade glioma patients and neurocognitive function in the different 

frequency bands. Black arrows and areas indicate higher synchronization associated with 

worsening in higher neurocognitive functioning. Gray arrows and areas indicate higher 

synchronization associated with improving higher neurocognitive functioning. LF=left frontal, 

RF=right frontal, LT=left temporal, LC=left central, RC=right central, RT=right temporal, LP=left 

parietal, RP=right parietal, LO=left occipital, RO=right occipital. 
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A significant group effect was seen in the theta band for long-distance synchronization 
with attentional tasks (ANCOVA with repeated measures: interhemispheric, p=.017; long 
distance, p=.020). Post-hoc regression analysis showed that an increase in synchronization 
was associated with a worsening in attentional tasks in the left fronto-temporal and left 
temporo-occipital regions (both p=.002) and the interfrontal, interoccipital, and 
interparietal regions (p<.001, p=.002, and p<.001, respectively). 

A significant interaction effect was seen in the lower gamma band for long-distance 
synchronization with attentional tasks (ANCOVA with repeated measures; p=.022). Post-hoc 
regression analysis showed that an increase in synchronization was associated with a 
worsening in attentional tasks in the left fronto-temporal and temporo-occipital regions 
(p=.002 and p=.017, respectively). 

Also in the upper gamma band, a significant group effect was seen for long- and short-
distance synchronization with information processing (ANCOVA with repeated measures: 
long distance, p=.014; short distance, p=.038). Post-hoc regression analysis showed that 
an increase in synchronization was associated with a worsening of information processing 
in the right temporo-occipital region (p=.021) and left frontal region (p=.025). 

A significant interaction effect was seen for long-distance synchronization with attentional 
tasks (ANCOVA with repeated measures; p=.017). Post-hoc regression analysis showed that 
an increase in synchronization in the left temporo-occipital region was associated with a 
worsening in attentional tasks in the left temporo-occipital region (p=.006). 

 

Discussion 

The aim of our study was to evaluate changes in functional connectivity in LGG patients 
compared with healthy controls and to study the correlation between impaired 
neurocognitive functioning and functional connectivity as a potential explanatory 
mechanism underlying cognitive deficits. LGG patients’ overall neurocognitive performance 
and the neurocognitive domains of psychomotor function, working memory, information 
processing speed, and attention were impaired. These results corroborate previous studies 
indicating a decline in neurocognitive functioning in LGG patients.17,20,22,23,242,243  

Consistent with our previous studies,113,114 we also found differences in resting-state 
functional connectivity in brain tumor patients compared with a healthy control population. 
An increase in the lower-frequency bands was shown within the patient population 
compared with healthy controls. However, in contrast to our previous studies, we now 
report a strong increase in both the lower and higher-frequency bands for long-distance 
functional connectivity, whereas in Bartolomei et al.,114 we reported a strong increase in 
lower frequency bands for short-distance connectivity and a decrease in higher frequency 
bands for long-distance connectivity. In a previous study,114 we found an increase in the 
alpha band, whereas in this study we found a decrease in the lower alpha band and an 
increase in the lower gamma band. It is not known whether these conflicting results are a 
result of differences in methodology in the two studies. Compared with the patients in our 
previous studies,113,114 the present patient population consisted of a homogeneous group 
of LGG patients instead of patients with a mixture of primary brain tumors. Furthermore, 
here we used a healthy control group that was better matched for age, education, and sex. 
As hypothesized, we found a high number of significant correlations between functional 
connectivity and neurocognitive performance in the patients. The associations between 
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functional connectivity and cognition occurred mostly in the delta, theta, and lower and 
upper gamma bands, thus confirming earlier studies in which the delta band was linked to 
verbal memory,126 and the theta band to working memory performance and attentional 
functions.120,176,177,179,244 The gamma band has been reported to correlate with learning 
and memory formation,180,181 selective attention and task complexity,118 and information 
processing.184,245,246 

The present outcomes indicate an association between functional connectivity and 
neurocognitive functioning in LGG patients. It is possible that changes in resting-state 
synchronization are not merely an epiphenomenon. However, the causal relation of this 
association remains unclear because of the cross-sectional nature of this study. 

Also, interpreting correlations between signals recorded at different MEG sensors as 
functional connectivity is difficult (i.e. the inverse problem). Volume conduction could have 
given rise to random correlations between the MEG channels, although this possibility can 
hardly explain all the reported patterns of correlation that we found. Moreover, long-
distance connectivity, which we frequently found in this study, is much less likely to be 
subject to volume conduction. The cause of the reported increase of functional 
connectivity, in particular, the lower frequencies, remains unknown. Evidence of increased 
functional connectivity has also been found in other patient groups, including those with 
Alzheimer’s disease, in which increased coherence was found in the delta and theta 
bands.247 

Another study explored the relation between EEG synchronization and verbal memory in 
patients with mild cognitive impairments (MCI).126 During the resting-state, patients’ verbal 
memory scores correlated negatively with EEG recordings in the delta frequency band. The 
researchers propose a compensational mechanism in MCI patients: the increased 
synchronization in the lower alpha band could mean that the brain tries to adjust to the 
deleterious effect of synchronization on cognition. Patients suffering from full-blown 
Alzheimer’s disease do not show this increase, possibly because there is too much 
deterioration to allow compensation. Bookheimer et al.248 evaluated patterns of brain 
activation during fMRI scanning in healthy subjects, half of them carriers of the APOE e4 
allele, which has a dose-related effect on risk and age of onset of late-onset familial 
Alzheimer’s disease. They found a greater increase in signal intensity in brain regions 
necessary for tasks requiring memory among carriers of this allele compared with non-
carriers. Bookheimer and colleagues suggest that in persons at risk for Alzheimer’s 
disease, such increased brain activity may effectively serve as a compensatory mechanism, 
wherein subjects use additional cognitive resources to bring memory-related performance 
to a normal level.248 

Speculatively, the changes reported in the present study could be due to a compensation 
mechanism in the LGG patients, as well. The functional connectivity might increase 
because of the effect on the higher neurocognitive function, whereas the healthy controls 
do not have to compensate in this manner. 

In our study, an increase in long-distance connectivity was found, especially in the low-
frequency bands. Moreover, higher functional connectivity in these frequency bands was 
associated with poorer performance in working memory and attentional tasks, with the 
only exception for the right frontal region in the delta band, where an increase in the 
functional connectivity was associated with an improving working memory. In the lower 
and upper gamma band, an increase in short- and long-distance functional connectivity 
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was associated with a worsening in information processing and attentional tasks. However, 
the negative correlation between functional connectivity and cognition implies that this 
presumed compensatory mechanism does not optimize neurocognitive function. 

The short-distance functional connectivity measures were equal in patients and controls. 
Within the patient group, an increased short-distance connectivity in general went hand in 
hand with poorer neurocognitive performance.  

In conclusion, LGG patients displayed changes in resting- state functional connectivity 
compared with healthy controls and showed impaired neurocognitive functioning. We 
found significant correlations between neurocognitive performance and functional 
connectivity in various frequencies and across multiple areas, suggesting that the changes 
in resting-state functional interactions may be relevant for the observed neurocognitive 
deficits in the LGG patients. Further research is needed, and a longitudinal study will start 
soon in our department. On the basis of the results of this study, we will evaluate the 
functional connectivity in brain tumor patients before and after treatment and correlate 
these results with higher neurocognitive function. In this way, we will be able to determine 
whether the changes in resting-state synchronization are merely an epiphenomenon. 
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Abstract 

Although epilepsy affects almost 1% of the world population, diagnosis of this debilitating 
disease is still difficult. The EEG is an important tool for epilepsy diagnosis and 
classification, but the sensitivity of interictal epileptiform discharges (IEDs) on the first EEG 
is only 30-50%. Here we investigate whether using ‘functional connectivity’ can improve the 
diagnostic sensitivity of the first interictal EEG in the diagnosis of epilepsy. Patients were 
selected from a database with 390 standard EEGs of patients after a first suspected 
seizure. Patients who were later diagnosed with epilepsy (i.e. ≥ two seizures) were 
compared to matched non-epilepsy patients (with a minimum follow-up of one year). The 
synchronization likelihood (SL) was used as an index of functional connectivity of the EEG, 
and average SL per patient was calculated in seven frequency bands. In total, 114 patients 
were selected. Fifty-seven patients were diagnosed with epilepsy (20 had IEDs on their EEG) 
and 57 matched patients had other diagnoses. Epilepsy patients had significantly higher SL 
in the theta band than non-epilepsy patients. Furthermore, theta band SL proved to be a 
significant predictor of a diagnosis of epilepsy. When only those epilepsy patients without 
IEDs were considered (n=74), theta band SL could predict diagnosis with specificity of 76% 
and sensitivity of 62%. Theta band functional connectivity may be a useful diagnostic tool 
in diagnosing epilepsy, especially in those patients who do not show IEDs on their first 
EEG. Our results indicate that epilepsy diagnosis could be improved by using functional 
connectivity.  
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Introduction 

Epilepsy is the most frequently occurring disease of the central nervous system, affecting 
approximately 1% of the world’s population.249 Despite enormous research efforts, the 
pathogenesis of epilepsy is not fully understood,250 which hampers both adequate 
diagnosis as well as subsequent treatment of epilepsy patients. Underdiagnosis and 
overdiagnosis present important problems for patients, as they are either at risk of having 
another seizure, or take unnecessary antiepileptic drugs (AEDs) that may have significant 
side effects.  

The clinical diagnosis of epilepsy is based on the criteria of the International League 
Against Epilepsy (ILAE). Clinical history taking is usually combined with an interictal electro-
encephalogram (EEG), on which so-called ‘interictal epileptiform discharges’ (IEDs; certain 
graphic elements on an EEG recording) may be identified. Unfortunately, while inspection 
of the first EEG is highly specific as a diagnostic tool, it is not very sensitive: approximately 
30 to 50% of epilepsy patients actually have IEDs on their first EEG.251 This percentage 
increases with repeated EEG recordings, but between 2 and 18% of patients never have 
IEDs on their EEGs.252,253 Also, approximately 0.5% of the healthy population display 
IEDs.254,255 Thus, the development of an EEG measure that is more sensitive than IEDs, 
whilst preserving high specificity, would be highly valuable in diagnosis and treatment of 
epilepsy. 

A relatively new concept in neuroscience is ‘functional connectivity’. This notion refers to 
the statistical interdependencies (or synchronization) between time series from different 
brain areas, as measured by EEG, magnetoencephalography (MEG), or functional magnetic 
resonance imaging (fMRI). Synchronization of neurons may be pivotal for optimal brain 
functioning,155 but it can also reflect abnormal dynamics related to epilepsy. Several 
studies indicate that changes in synchronization occur before and during the 
seizure.137,138,144,149,256 Interictally, increased EEG and depth electrode synchronization 
during the seizure in patients with medial temporal lobe epilepsy has been reported 
previously.139,141 When comparing patients with healthy control subjects, increased EEG 
synchronization in particularly the delta and beta bands was found in long-term epilepsy 
patients.257 Thus, global synchronization differs between epilepsy patients and healthy 
subjects in the interictal state, but these changes might already be present in the early 
stages of the disease. If so, determination of  functional connectivity may aid in the 
diagnosis of epilepsy. Indeed, children with absence seizures could be differentiated from 
healthy children by application of connectivity in their interictal EEGs,258 as were children 
suffering from mixed types of idiopathic epilepsy.259 The current study investigates 
functional connectivity of the first EEG of adult patients with suspected epileptic seizures, 
since sensitivity of the first EEG is currently insufficient. Functional connectivity of the first 
EEG after an initial suspected seizure is explored as a diagnostic tool for epilepsy.  

 

Methods 

Patients 

For this retrospective study, the database of EEG recordings performed in the VU University 
Medical Center between October 1st 2003 and September 1st 2008 was used. From this 
database, we selected those patients (age > 18 years old) who were evaluated with a 
standard EEG because of suspected epilepsy after a first possible seizure. Medical chart 
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review was conducted for all patients to determine whether a clinical diagnosis of epilepsy 
was reached within a follow-up of one year. We aimed to form two groups: (1) a group of 
patients who were diagnosed with epilepsy (defined as two or more epileptic seizures 
according to the International League Against Epilepsy), with or without IEDs on their EEG, 
and (2) a group of patients who were initially suspected of having epilepsy, but were not 
diagnosed as such. Follow-up of at least one year was an inclusion criterion for the latter 
group, ensuring that no second seizure occurred. This non-epilepsy patient population was 
individually matched to the patient group with regard to age and sex. Additional clinical 
data of the included patients were collected from their medical chart when available, 
including type of epilepsy, imaging reports (computed tomography (CT) or magnetic 
resonance images (MRI)), and information regarding drug use at the time of the EEG.  

 

Electroencephalography recordings 

EEGs were recorded with a digital EEG apparatus (Brainlab, manufactured by OSG) from 
Fp2, Fp1, F8, F7, F4, F3, A2, A1, T4, T3, C4, C3, T6, T5, P4, P3, O2, O1, Fz, Cz and Pz with 
tin electrodes. Impedance was kept below 5 KOhm. Initial filter settings were: time 
constant 1 s and high frequency cut-off 70 Hz. Sampling frequency was 500 Hz and A-D 
precision 16 bit. An average reference montage was used. 

EEGs of all eligible patients were visually inspected [LD]; only artifact-free epochs were 
included in this study, with or without IEDs as determined at the time of diagnosis by 
experienced clinical neurophysiologists. From the EEG of around 30 minutes, four epochs 
of eight seconds (4096 samples) during resting-state with closed eyes were selected. The 
two frontoparietal and basal temporal electrodes (Fp1, Fp2, A1, and A2) were excluded to 
minimize artifacts due to eye movements. The analyses were performed on the remaining 
17 electrodes. The selected epochs were converted to ASCII-files, after which functional 
connectivity was calculated with software available at the department of clinical 
neurophysiology (DIGEEGXP [CJS]).  

 

Functional connectivity 

The synchronization likelihood (SL107) was used as an index of functional connectivity. The 
SL is based on the concept of generalized synchronization,165 and takes linear as well as 
nonlinear synchronization between two time series into account (see reference106 for lag, 
embedding dimension, and filtering parameters). SLs between all pairs of electrodes were 
determined in the following seven frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), lower 
alpha (8-10 Hz), upper alpha (10-13 Hz), beta (13-30 Hz), lower gamma (30-45 Hz), and 
upper gamma (55-80 Hz; see reference227). Subsequently, the SL matrix (17x17) was 
averaged to obtained a mean connectivity value for each patient and each epoch, after 
which the four epochs per patient were again averaged. This yielded seven SL values (one 
for each frequency band) for each patient.   

 

Statistical analysis 

All statistical analyses were performed using SPSS 15.0 for Windows. Differences between 
epilepsy and non-epilepsy patients were investigated using Student’s t-tests and Chi-square 
tests, as were differences between epilepsy patients with and without IEDs on their EEG.  
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Differences in SL between epilepsy and non-epilepsy patients, and epilepsy patients with or 
without IEDs were investigated using non-parametric Mann-Whitney exact U-tests, since SL 
does not follow a normal distribution. P-values were corrected for multiple testing using 
the Bonferroni method (corrected for seven tests: one for each frequency band).  

In order to explore whether SL was able to classify patients correctly with respect to 
epilepsy diagnosis, logistic regression analysis was performed, which is relatively robust to 
violations of the normal distribution.  

 

Results 

Patient characteristics 

The database with EEG recordings because of suspected epilepsy after a first seizure 
contained 390 patients. Of this group, 57 patients with a definite diagnosis of epilepsy 
remained after excluding those who did not meet inclusion criteria (see figure 1). A total of 
104 participants were not diagnosed with epilepsy, and 57 participants out of this group 
were individually matched regarding gender and age to the 57 epilepsy patients. All 
patients were referred to the VU University Medical Center (which is a tertiary referral 
center and also has a large emergency department) by their general physician or reported 
themselves at the emergency department of our hospital, after having one episode that 
could be explained as an epileptic seizure. All diagnoses were finally reached by the staff 
neurologists in the VU University Medical Center, also making use of the EEG report of the 
clinical neurophysiologist of this hospital. Causes for the suspected seizure in these 
patients are listed in table 1; no other diagnosis was reached in three patients, but epilepsy 
was ruled out as a diagnosis. No significant differences in age or gender were present 
between the 57 patients who were included and the 47 who were not. None of the patients 
used AEDs at the time of the first EEG. 

Figure 1. Flowchart of included patients. 
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Some of the patients were found to have intracranial abnormalities on CT or MRI (see table 
2). This was the case in 24 epilepsy patients and in 14 patients who were not diagnosed 
with epilepsy. These abnormalities were not necessarily related to the possible seizures 
according to the radiologist and/or clinical neurophysiologist. Some of the patients used 
medication influencing the central nervous system (CNS; see table 2). Thirteen of the non-
epilepsy patients used CNS medication, while this was the case in 12 epilepsy patiens. Of 
the 57 patients suffering from epilepsy, 20 had IEDs on their EEG (at the time of diagnosis, 
determined by experienced clinical neurophysiologists), while none of the non-epilepsy 
patients did. Since patients were individually matched, there were no significant differences 
in age or sex between epilepsy and non-epilepsy patients, nor did they differ regarding 
radiological abnormalities or the use of medication influencing the CNS. Epilepsy patients 
with IEDs on their EEG did not differ from epilepsy patients without IEDs with regard to 
abovementioned variables.  

 

Table 1.   
Other diagnoses after first seizure and EEG in non-epileptic patients (n=57) 
  
  Number of patients (%) 
Stress or psychological cause 17 (29) 
Vasovagal collapse 7 (12) 
Cardial disturbance 6 (11) 
Transient ischemic attack 5 (9) 
Brain contusion 4 (7) 
Neuropathy 3 (5) 
Sleeping disorders 3 (5) 
Hypoglycemia 3 (5) 
Migraine 2 (4) 
Drug abuse 2 (4) 
Motor neuron disease 1 (2) 
Orthostatic hypotension 1 (2) 
No diagnosis reached 3 (5) 

 

SL differences 

Significant differences in functional connectivity were present between epilepsy and non-
epilepsy patients in the theta band (see figure 2). In this frequency band, epilepsy patients 
had significantly higher SL (M=0.033, SD=0.009) than non-epilepsy patients (M=0.028, 
SD=0.005; U = 1047, p<.001). Connectivity in other frequency bands did not differ 
significantly between groups. There were no significant differences in SL between patients 
with and without IEDs or patients with partial or generalized seizures.  

Some patients had radiological abnormalities (38 patients) and/or used medication that 
could influence the CNS (25 patients). In order to investigate whether these variables had 
an impact on the reported differences, we tested SL between patients with and without 
radiological abnormalities, and with and without CNS medication. Whether or not patients 
had radiological abnormalities did not influence SL significantly in any frequency band. 
However, patients using CNS medication had significantly lower upper alpha band SL 
(M=0.036, SD=0.011) than those who did not use such drugs (M=0.040, SD=0.014; U=818, 
p=.044), as well as lower beta band SL (with M=0.024, SD=0.002; without M=0.025, 
SD=0.003; U=746, p=.012). 
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Power was also analysed using Fast Fourier Transformations. Patients with epilepsy had 
significantly higher theta band power than the patients without epilepsy (U=879, p<.001) 

 

Table 2.     
Patient characteristics (n=114)    
      

    
Non-epileptic 

patients (n=57) 
  

Epileptic patients 
(n=57)  

  

   Total (n=57) No IEDs (n=37) IEDs (n=20) 

Age in years (SD) 54 (17) 50 (18) 48 (19) 53 (17) 
Sex: male (%)  28 (49) 28 (49) 22 (59) 6 (30) 
IEDs on EEG (%)**  - 20 (35) - 20 (35) 
Type of epilepsy     
 Partial (%)  - 21 (37) 12 (32) 9 (45) 
 Generalized (%)  - 36 (63) 25 (68) 11 (55) 
Radiological abnormalities     
 No abnormalities (%) 30 (53) 32 (55) 22 (59) 10 (50) 
 White matter abnormalities (%) 8 (14) 7 (11) 3 (8) 4 (20) 
 Meningioma (%) 2 (4) 2 (4) 2 (5)  - 
 Low-grade astrocytoma (%)  - 2 (4) 2 (5)  - 
 Glioblastoma multiforme (%)  - 2 (4) 1 (3) 1 (5) 
 Pituitary gland tumor (%) 1 (2)  -  -  -  
 Brain metastasis (%)  - 2 (4) 1 (3) 1 (5) 
 Cortical atrophy (%) 1 (2) 4 (7) 1 (3) 3 (15) 
 Arachnoidal cyste (%)  - 2 (4) 1 (3) 1 (5) 
 Other 2 (4) 3 (5) 3 (8)  - 
 No imaging available 13 (23) 1 (2) 1 (3)  - 
CNS medication      
 Sedatives (%) 4 (7) 4 (7) 3 (8) 1 (5) 
 Antidepressants (%) 8 (14) 4 (7) 3 (8) 1 (5) 
 Anti-migraine (%) 1 (2)  -   -   - 
 Corticosteroids (%) - 2 (4) 1 (3) 1 (5) 
 Antiepileptic drugs (%)  -  1 (2)  -  1 (5) 
  Cholinesterase inhibitor (%)  -  1 (2) - 1 (5) 
Note. ** significant difference (p<.001) between epileptic and non-epileptic patients of  
total group (n=114), IEDs = interictal epileptiform discharges, CNS = central nervous system. 
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Figure 2. Mean SLs of epilepsy and non-epilepsy patients in all seven frequency bands. 

**=significant difference between patients and controls, p<.001. 

 

SL as predictor of diagnosis  

In order to explore whether SL was a useful tool to classify individual patients in the 
epilepsy or non-epilepsy group, we performed logistic regression with diagnosis (epilepsy 
versus no epilepsy) as the dependent variable. First, the presence of IEDs on the EEG was 
used as a predictor of status. Specificity of this model was 100%, while sensitivity was only 
35%. The total accuracy was 67%, and the model was a significant predictor of diagnosis 
(chi-square = 32.0, p<.001).  

Subsequently, we added theta band SL to the regression analysis (using backward L-R 
analysis). This model was significant (chi-square = 43.6, p<.001), and theta band SL was a 
significant predictor (Exp(B) = 2.38, p=.003). The high value of the beta coefficient 
indicates that lower theta band SL decreases the odds of being diagnosed with epilepsy, 
corroborating the abovementioned difference between epilepsy and non-epilepsy patients. 
The addition of theta band SL to the model yielded overall accuracy of 75% and specificity 
of 91%, while sensitivity went up to 58%. When only using theta band SL as a predictor of 
status, the significant model (chi-square = 11.3, p<.001) was accurate in 61% of cases, with 
specificity of 70% and sensitivity of 53%. The predictive power of theta band SL can also be 
observed in the ROC curve (see figure 3). Because some patients had radiological 
abnormalities and/or used medication that could influence these results, both confounders 
were entered as variables in the logistic regression (using backward analysis). However, 
radiological abnormalities and CNS-medication were not significant predictors of diagnosis 
and were removed from the model.  
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Figure 3. ROC curve of IEDs and theta band SL as predictors of diagnosis in all patients (n=114) 

 

Table 3.   
Patient characteristics epileptic patients without IEDs and matched non-epileptic patients (n=74) 
    
    Non-epileptic patients (n=37) Epileptic patients (n=37)  

Age in years (SD) 49 (17) 48 (19) 
Sex: male (%)  22 (59) 22 (59) 
Type of epilepsy   
 Partial (%)  -  12 (32) 
 Generalized (%)  -  25 (68) 
Radiological abnormalities   
 No abnormalities (%) 25 (68) 22 (60) 
 White matter abnormalities (%) 3 (8) 3 (8) 
 Meningioma (%)  -  2 (5) 
 Low-grade astrocytoma (%)  -  2 (5) 
 Glioblastoma multiforme (%)  -  1 (3) 
 Pituitary gland tumor (%) 1 (3)  - 
 Brain metastasis (%)  - 1 (3) 
 Cortical atrophy (%)  - 1 (3) 
 Arachnoidal cyste (%)  - 1 (3) 
 Other 2 (5) 3 (8) 
 No imaging available 6 (16) 1 (3) 
CNS medication    
 Sedatives (%) 3 (8) 3 (8) 
 Antidepressants (%) 4 (11) 3 (8) 
 Anti-migraine (%) 1 (3)  - 
  Corticosteroids (%)  - 1 (3) 
Note. IEDs = interictal epileptiform discharges, CNS = central nervous system. 
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Predictive significance of connectivity would be even more interesting in those patients 
without IEDs, as no information from the EEG can be used in this population up till now. 
Therefore, we performed logistic regression analysis on epilepsy patients without IEDs on 
their EEGs and their matched non-epilepsy patients only (n=74, see table 3 for patient 
characteristics). This model was significant (chi-square = 8.0, p = .005), as was theta band 
SL as a predictor (Exp(B)=1.86, p=.015). Theta band SL accurately classified 69% of cases; 
specificity was 76%, while sensitivity was 62% (see figure 4 for ROC curve). When adding 
radiological abnormalities and medication use to the regression analysis, these two 
variables were again removed from the model, while theta band SL remained a significant 
predictor.  

The predictive value of theta band power was explored, which also yielded significant 
results. Theta power was a significant predictor of diagnosis in the whole group (chi-square 
= 17.1, p < .001, with specificity of 77% and sensitivity of 58%) and in the subgroup of 
patients without IEDs (chi-square = 9.4, p = .002, with specificity of 73% and sensitivity of 
51%). These results show that although theta power is also a significant predictor of 
diagnosis, theta band SL yields higher accuracy.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. ROC curve of theta band SL as predictor of diagnosis in epilepsy patients without IEDs 

and their matched non-epilepsy patients (n=74). 

 

Discussion 

Differences in EEG functional connectivity between epilepsy and non-epilepsy patients after 
a first suspected seizure were found: patients diagnosed with epilepsy showed increased 
synchronization likelihood (SL) in the theta band when compared to patients who were not 
diagnosed with epilepsy. More importantly, theta band SL on the first EEG proved to be a 
significant predictor of the diagnosis ‘epilepsy’. Adding theta band SL to IEDs as predictors 
decreased specificity from 100 to 91%, but sensitivity rose from 35 to 58%. In the group of 
patients without IEDs, theta band SL as a predictor had specificity of 76%, while sensitivity 
was 62%. These results indicate that functional connectivity may be a powerful tool 
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providing support for the diagnosis of epilepsy, especially in those patients who do not 
show IEDs on their first EEG.  

Epilepsy is characterized by changes in functional connectivity of the brain: much research 
has focused on changes in connectivity during the seizure. In the interictal period, 
increased synchronization in the EEG and in depth electrodes has been reported 
previously.139,141 Furthermore, higher delta and beta synchronization has been reported in 
long-term epilepsy patients who were on antiepileptic medication when compared to 
healthy subjects.257 The current results corroborate these studies and suggest that 
interictal brain connectivity of epilepsy patients deviates from patients without epilepsy. 
Increased low-frequency connectivity has also been reported in other brain diseases. Brain 
tumor patients (who often suffer from epilepsy) display a pathological increase of theta 
band synchronization when compared to healthy controls,113,170 as do Alzheimer’s 
patients,227 and Parkinson’s patients.260 Several hypotheses have been formulated 
regarding these findings: the increased synchronization in the theta band may reflect a 
compensatory mechanism, but it may also be a display of synchronization disinhibition as 
a consequence of brain disease. Furthermore, the increased connectivity may be caused by 
abnormal plasticity (i.e. an outgrowth of many connections) after a lesion.261 In the current 
study, no healthy controls were included, which makes inferences of causes for increased 
theta band connectivity difficult. 

At present, diagnosis of epilepsy is mainly based on clinical judgment, but there is a need 
for reliable diagnostic tools to aid diagnosis and classification of epilepsy syndromes and 
therapeutic decisions. In EEGs recorded for the (differential) diagnosis of epilepsy, the 
presence of interictal epileptiform discharges (IEDs) is an important feature. Patients with 
one suspected seizure and IEDs on their EEG are to be treated with antiepileptic medication 
according to current guidelines of the ILAE. However, only 30-50% of patients actually have 
IEDs on their first EEG.251 In previous research, SL has been used to distinguish between 
sleep terrors and nocturnal frontal lobe epilepsy seizures.262 The SL proved able to detect 
seizures while disregarding parasomnias associated with sleep terrors. Measures of 
functional connectivity have been investigated with respect to their ability to predict 
seizures,263 but these methods are only applied to patients already diagnosed with 
epilepsy. Previous studies used functional connectivity to differentiate between children 
with epileptic seizures and healthy children based on their resting-state EEG.258,259 To our 
knowledge, functional connectivity has never been used as a method of differentiating 
between new adult epilepsy patients and patients with a first seizure who are later not 
diagnosed with epilepsy.  

The current study has some limitations. The actual predictive power of functional 
connectivity when diagnosing epilepsy can only be proven in prospective studies, whereas 
the current patient data were acquired retrospectively. This also limited our sample size, 
since strict criteria were applied to determine whether patients were diagnosed with 
epilepsy or not. In addition, in-depth analysis of variables such as epilepsy type was 
impossible because of missing data. Also, participants were heterogeneous with respect to 
radiological abnormalities and CNS medication use. Prospective studies with more 
homogeneous patients and elaborate data collection are needed to confirm our findings. 
Furthermore, results of power analysis show that theta band power was also a significant 
predictor of diagnosis. This is not surprising, as synchronization likelihood is sensitive to 
volume conduction and is closely related to power. However, power performed poorer than 
theta band functional connectivity in terms of specificity and sensitivity in our regression 
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models, indicating the added value of connectivity over power. Moreover, the commonly 
held idea that connectivity differences are a result of power alterations may not be correct. 
It is possible that the opposite is true, namely that changes in connectivity may induce 
power changes. Future studies may address this association. 

If connectivity could be used as a predictive tool in this patient group, this would imply 
great benefits in clinical practice. Time and resources would be saved when patients do not 
have IEDs on their EEG and would in the current situation undergo a second EEG after sleep 
deprivation, which is still not very sensitive. First and foremost, however, correct diagnosis 
directly after a first seizure would mean great health benefit. At this time, many patients 
cannot be diagnosed with epilepsy until they experience a second seizure or have IEDs on 
their first or second EEG. If correct diagnosis could be reached earlier and antiepileptic 
drugs could be prescribed immediately, this would minimize the risk of epilepsy-related 
accidents. Furthermore, better diagnosis would result in less unnecessary AED use in 
patients who do not have epilepsy. In conclusion, functional connectivity is a promising 
new tool to diagnose epilepsy, especially in those patients who have a normal first EEG.  
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Abstract 

Previous studies with intracranial recordings suggested that a more random spatial 
structure of functional brain networks could be related to seizure generation. Here, we 
studied whether similar network changes in weighted and unweighted networks can be 
found in generalized absence seizures recorded with surface EEG. We retrospectively 
selected EEG recordings of eleven children with absence seizures. The functional neural 
networks were characterized by calculating both coherence and synchronization likelihood 
(SL) between 21 EEG signals that were either broad band filtered (1–48 Hz) or filtered in 
different frequency bands. From both weighted and unweighted networks the clustering 
coefficient (C) and path length (L) were computed and compared to 500 random networks. 
We compared the ictal with the pre-ictal network structure. During absence seizures there 
was an increase of synchronization in all frequency bands, seen most clearly in the SL-
based networks, and the functional network topology changed towards a more ordered 
pattern, with an increase of C/Cs and L/Ls. This study supports the hypothesis of functional 
neural network changes during absence seizures. The network became more regularized in 
weighted and unweighted analyses, when compared to the more randomized pre-ictal 
network configuration. 
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Introduction 

Epilepsy is a paroxysmal disorder of the brain, characterized by a sudden and 
unpredictable occurrence of seizures. To increase the knowledge of seizure generation, 
much research has been done on seizure dynamics and changes in synchronization 
between cortical areas.142,144,264 In this study we focused on absence seizures, a frequent, 
well-defined pattern of generalized seizures observed in childhood or juvenile absence 
epilepsies.265 Typical absence seizures in this context coincide with EEG features of 
generalized bilateral synchronous 3Hz spike wave discharges with a sudden on and 
offset.266 The EEG interictal background activity is almost always normal. We used these 
typical seizures to study changes of the functional neural network during seizure activity. 

Synchronization of neural activity in the brain is considered to be essential for information 
processing, but may also be an important factor in seizure dynamics.267 Both in model 
studies and functional network studies, changes in synchronization during and before 
seizures have been investigated. Seizures are often characterized as ‘hypersynchronous 
states’, but several studies showed that this description is an oversimplification of the 
synchronization process during seizures with various etiology.142,144,256 Regarding absence 
seizures, studied synchronization levels prior to and during absence seizures have been 
studied.138 An increase of synchronization during the seizures was detected, whereas the 
pre-ictal state did not show similar changes in all patients. 

Our goal in this study was to explore the behavior of the functional neural network, as 
determined by patterns of pair-wise synchronization between EEG channels, during 
absence seizures. We used graph theory to provide a model of the neural network. In 1998, 
Watts and Strogatz introduced the concept of characterizing networks by their local 
clustering and overall connectedness.7 Optimally functioning networks (so called small-
world networks) have a high local clustering and a few long-distance connections, resulting 
in high overall connectedness. Since then, in both neuro-anatomical and functional network 
studies, network analysis has been applied, and it has shown small-world features in 
healthy neural networks.5,69,96 Indications exist that in brain diseases (e.g. epilepsy, M. 
Alzheimer, brain tumors), the functional network has been damaged and therefore displays 
a less optimal spatial organization.114,124,149,268 A few recent hippocampal slice-model and 
in vitro studies have tried to characterize the neural network during seizing, and we might 
conclude that changes in network structure play an important role in seizure 
emergence.131,133,134,136,261 

The first study concerning this topic showed that networks with short path-lengths (small-
world or random networks) synchronize more easily, and therefore might be more 
vulnerable to seizures. Seizing started with the drop of recurrent connections and 
enhancement of the synaptic strength. During seizures, the network corresponded to a 
small-world regimen, and the clustering coefficient dropped at the beginning of bursting, 
which signaled the transition towards a more random regimen. This suggested that 
bursting behavior may represent a dynamical state beyond seizures. The basic principle in 
another study was that epileptogenesis in temporal lobe epilepsy is characterized by 
structural network remodeling and axonal sprouting. A model of coupled non-identical 
neurons was used, to explore network characteristics by increasing the rewiring probability 
p. The authors found an abrupt transition from a disordered to a globally ordered state 
when increasing p.134 This transition might play an important role in seizure emergence, as 
one of the underlying mechanisms of temporal epilepsy is sprouting. Another study used a 
large computational network model, in which they gradually removed the long-distance 
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connections simulating sclerosis.136 During this process, small-world characteristics 
increased together with enlarged hyperexcitability, as long as a few long distant 
connections were preserved. This might implicate that after brain damage a few lasting 
neurons and fibers can cause hyperexcitability or seizures. They also examined the role of 
microcircuits and highly interconnected hubs in hyperexcitability.261 Well connected hubs 
in networks may play an important role in seizure genesis. Another in vitro study used 
injured hippocampal neurons, in which the neural network became hypersynchronous and 
fired bursts at high frequency, described as ‘induced epileptic activity’.133 The neural 
network became more random after the injury, with a decreased clustering coefficient. 

In a previous study we have performed network analysis on intracranial 
electroencephalogram (EEG) recordings from focal seizures in mesial temporal lobe 
epilepsy patients. We have found amore random interictal functional network organization 
compared to the ictal network structure.149 Our finding that during the seizure the 
functional network changes, is supported by two other clinical studies and a single patient 
study.148,150,151 The single patient study showed an increase of the clustering coefficient 
during the seizure compared to the pre-ictal state, consistent with a less random-like 
network.269 A recent study, using intracranial EEG recordings, focused on seizure onset in 
relation to network topology.150 These authors also concluded that the emergent coupling 
between the electrodes changes at seizure onset, with a decrease of randomness during 
the seizures. The most recent study also observed a relative shift from random towards a 
more regular functional topology during intracranial recorded focal seizures.151 These 
changes were accompanied by a decreased stability of the globally synchronized state 
during the seizures, which increased already prior to seizure end. 

For further exploration of the application of network analysis in seizures, we performed the 
present study. We selected standard EEG recordings from eleven patients with absence 
seizures. The main purpose of this study was to evaluate the hypothesis that changes of 
the functional network occur during generalized absence seizures, compared to the pre-
ictal network properties. Based on intracranial recordings of focal temporal lobe seizures, 
our hypothesis was for networks to become more regular during seizures. Apart from this 
main question, we were also interested in some methodological issues. Firstly, we 
investigated what type of analysis would be best to distinguish ictal and pre-ictal dynamics: 
linear or nonlinear based synchronization characterization of the network. Secondly, to 
extend our knowledge of functional neural networks, we wanted to know whether 
unweighted and weighted network analyses are equally useful for this purpose. As all 
previously mentioned studies used intracranial recordings, and patients suffering from 
absence epilepsy never undergo intracranial recording, we also investigated whether 
surface EEG is suitable to distinguish seizures from non-seizure activity, based on network 
features. 

 

Materials and methods 

Patient selection and EEG recording 

We retrospectively selected 11 children with absence seizures during EEG recording, using 
the EEG database of the department of Clinical Neurophysiology at the VU University 
Medical Center (Amsterdam, the Netherlands). Patient characteristics are shown in table 1. 
All these patients fulfilled the criteria of CAE.266 The recordings were performed in the 
context of routine medical care and were analyzed anonymously in this study. A scalp EEG 
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with video-recording was performed using an OSG digital EEG apparatus (Brainlab®) against 
an average reference electrode. Twenty-one electrodes were placed according to the 10–20 
international system (Fp2, Fp1, F8, F7, F4, F3, T4, T3, T2, T1, C4, C3, T6, T5, P4, P3, O2, 
O1, Fz, Pz, and Cz). Electrode impedance was below 5 kΩ when started. Filter settings were 
time constant 1 s, and low pass filter 70 Hz. Sample frequency was 500 Hz and analog–
digital precision was 16 bit.  

 

Table 1.     
Patient characteristics   

      

Patient Age Sex 
Medication 
during EEG 

Duration 
seizure EEG background pattern 

1 8 M No 5 s Normal, diffuse dysfunction frontotemporal  
     both sides 
2 10 M Valproate 10 s Normal, many spike wave discharges frontal 
3 4 F No 11 s Normal, spike wave discharges both sides frontal 
4 5 M No 18 s Normal, during sleep frequent spike-wave  
     discharges hemispheral both sides 
5 4 F No 17 s Normal 
6 7 M No 9 s Normal 
7 9 F Lamotrigin,  15 s Normal, some spike wave discharges frontal 
   ethosuximide   
8 9 F No 7 s Normal 
9 3 M No 12 s Normal 

10 5 M No 32 s Interictal spike wave discharges and poly-spikes 
     frontal right>left 

11 2 M No 8 s Normal 

 

EEG analysis 

The EEG's were analyzed visually by two of the authors [SCP, CJS]. Patients were included if 
the seizure consisted of rhythmic spike-wave discharges with a frequency between 2.5 and 
3 Hz. The background pattern was normal or slightly abnormal, with interictal spike-wave 
discharges in five patients. One absence seizure was selected in all patients including a 
pre-ictal period of 48.19 s. We used the average reference montage for further analysis. We 
realize that an optimal montage strategy does not exist for network analysis as a zero level 
is not available as reference, without losing information or increasing artifacts. Besides the 
broad filtered signal band (1–48 Hz), we analyzed digital zero-phase shift filtered signals in 
the delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma(30–48 Hz) 
bands. The epoch length we used was 8.19 s (4096 samples). Nine consecutive epochs 
were used in all patients, chosen in such a way that all seizures started during the first 
second of the fifth epoch. Because of the different lengths of the seizures, some seizures 
were still continuing during epoch six and seven, where others had already stopped within 
8 s. For this reason, the characteristics of epochs six to nine were not as uniform as were 
the first five epochs. We computed the synchronization likelihood (SL) and coherence to 
characterize correlations between all pair wise combinations of EEG signals, and to 
compare their performance in detecting network features. Subsequently, we computed 
graph theoretical measures, and constructed random graphs to normalize our results, per 
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measure and per epoch. To compute these measures we used DIGEEGXP (version 2.0.), 
software written by one of the authors [CJS]. 

 

Synchronization likelihood (SL) 

The nonlinear measure SL has been introduced by Stam and Van Dijk.107 Details about the 
computation of SL can be found elsewhere,107 here we give a brief description. SL is a 
measure of generalized synchronization between two time series, which is sensitive for 
both linear and nonlinear interdependencies. Although the method depends upon time-
delay embedding for the reconstruction of the dynamics of the underlying system, 
generally the following description is used. The basic principle is to divide each time series 
into a series of patterns and to search for a recurrence of these patterns. The SL is the 
chance that pattern recurrence in time series X coincides with pattern recurrence in time 
series Y. SL ranges between Pref (a small number close to zero) in the case of independent 
time series and one in the case of maximally synchronous signals. In the present study Pref 
was set at 0.01. The choice of the time-delay embedding parameters L and M was based 
upon the frequency content of the signals.106 The end result of computing SLs for all pair 
wise combinations of channels is a square NN matrix of size 21, where each entry Ni,j 

contains the value of SL for the channels i and j. We also computed the average SL by 
taking the mean of these values. This resulted in a single overall SL for each epoch (8.19 s) 
studied. 

 

Coherence 

Coherence analysis is a technique used to detect linear relationships between different 
function systems. It is the Fourier domain counterpart of the cross-correlation function,270 
but we used an alternative computation.271 The coherence between two time series can be 
defined as the cross spectrum divided by the product of the two power spectra. Its mean 
over all frequencies can alternatively be computed via the mean over time of the 
corresponding analytical signals like: 

 

Formula 1 

 

 

Here A1 and A2 are the amplitudes of the two time series, and Δϕ is the instantaneous 
phase difference between the two time series derived from a Hilbert transform. The 
absolute value of coherence is between 0 and 1. 

 

Graph analysis 

A graph is an abstract representation of a network consisting of vertices i and edges. 
Edges or connections between vertices either exist or do not exist, but one can also assign 
a certain weight to an edge that reflects the strength of the relation between the two 
vertices. In the first setting, one speaks of unweighted graphs, in which edges are either 
zero or one, in the second scenario weighted graphs are formed. In this study we used 
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both approaches, explained in detail elsewhere.6 Once the graph has been made, it can be 
characterized by the clustering coefficient C and characteristic path length L. C is a 
measure for local structure. The clustering index Ci of a vertex i is the probability that its 
neighboring vertices are also connected to each other. The clustering coefficient C of a 
graph is the averaged Ci over all vertices. The path length L is defined as the smallest 
number of edges that have to be traveled to get from one vertex to another. L is averaged 
over all possible pairs of vertices in a graph and is a measure of overall connectedness in a 
graph. To overcome the problem of isolated vertices, we use the ‘harmonic mean’ distance 
between pairs.36 It resembles the global efficiency as introduced by reference41, and was 
used in our first study.41,149 

 

Unweighted graphs 

In unweighted graphs, an edge either exists or not, and has the value of 1 or 0, 
respectively. To construct a graph we used a fixed degree of k by individually adapting the 
threshold T, where k is the average number of edges per vertex. To calculate these 
characteristics we used the method described by reference124. In this way we eliminated 
the effect of differences in synchronization strength between the epochs. We calculated 
networks using k values ranging from three to eight. 

 

Weighted graphs 

To deal with the problem of artificially selecting a certain threshold, we also performed 
weighted graph analysis. The weight of each existing edge is given by the NN matrix of SL 
or coherence, as described above. We used the definition of weighted analysis proposed by 
reference167. This definition only requires symmetry (wi,j=wj,i) between the connected 
vertices, and that 0≤wi,j≤1 holds. Both conditions are fulfilled when using SL or coherence 
as weight definition. The weighted C for vertex i is defined as: 

 

Formula 2 

 

 

In the case in which wi,j equals 0 or 1, this definition is equivalent to the classical definition 
for unweighted graphs.7 Cw for the entire network can be determined via formula 2 as: 

 

Formula 3 

 

 

The definition of the weighted path length Lw is also built on the approach of reference41. 
The length of a weighted edge between two vertices is defined as the sum of the lengths of 
the edges in this path, described by the inverse of the edge weight (Li,j=1/wi,j). The average 
weighted path length of the entire graph is computed as: 
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Formula 4  

 

 

 

Normalization of the networks 

For all epochs and both weighted and unweighted networks, 500 random networks were 
generated (with the same amount of vertices (21) and value k, in the unweighted networks 
also the degree distribution was kept standardized). The mean (Cs and Ls) of these 
networks were used as a reference value for C and L (C/Cs and L/Ls). These normalized 
values were used for further analysis. 

 

Statistical analysis 

Statistical analysis was done with SPSS 15.0. We computed a mean value (and 95% 
confidence interval) from SL, coherence, and graph theoretical measures (C/Cs, L/Ls, 
Cw/Cws, and Lw/Lws) for all epochs. We compared the first ictal epoch with the epoch just 
before seizure onset with the Wilcoxon matched pair test. 

 

Results 

Synchronization Likelihood (SL) 

The mean SL values in the different epochs, broad band filtered and filtered in the 
frequency bands (delta 1–4 Hz, theta 4–8 Hz, alpha 8–13 Hz, beta 13–30 Hz, and gamma 
30–48 Hz) were calculated. These results were normalized by dividing them by the value of 
the first epoch, and are shown in figure 1A. We found a significant increase (between two 
and almost nine times higher) of the mean SL during the seizures compared to the pre-ictal 
state, both in the broad frequency band and in the filtered bands, tested with the Wilcoxon 
matched pair test (p=.003 in all frequency bands). 

 

Coherence 

Figure 1B shows the normalized mean coherence for the different epochs in both the broad 
filtered signal and the different frequency bands. There was a significant increase of 
coherence between the pre-ictal and ictal epochs in all frequency bands (p≤.03) except the 
gamma band, although the relative increase was less outspoken than the increase in SL 
during the seizure in absolute values (maximum 1.2 times higher). 

 

Graph analysis 

 Unweighted analysis 

We calculated network characteristics using both SL and coherence values as a template for 
the functional neural network, and compared the last pre-ictal epoch with the seizure 
epoch (epoch 4 versus 5). In the unweighted networks, we used a fixed number of edges 
per nodes, known as a fixed value of k. We have computed the unweighted networks with a  
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Figure 1. (A) Mean synchronization likelihood (SL) curves for all filtered frequency bands (delta, 

theta, alpha, beta and gamma) and the broad filtered signal (1–48 Hz). Each curve shows the 

changes in SL during the seizure. We normalized these curves by dividing them by the value of 

the first epoch. (B) Mean coherence curves for all filtered frequency bands (delta, theta, alpha, 

beta and gamma) and the broad filtered signal (1–48 Hz). Each curve shows the changes in 

coherence during the seizure. We normalized these curves by dividing them by the value of the 

first epoch. 

 

k between three and eight. Figure 2 shows, as an example, the mean graphs of all patients 
in the broad filtered band, the last pre-ictal state and ictal state in both SL-based and 
coherence-based networks with k=2. We show networks with this low value of k, because a 
higher k value implicates more edges, and causes visual blurring of the basic network 
structure. As shown, there was a change in functional structure, since in this example the 
SL-based network was concentrated in the frontal regions during the seizure, whereas 
connections were more widespread in the pre-ictal network. The coherence-based network 
did focus on the central/parietal regions during the seizure. We found significant increases 
of both C/Cs and L/Ls during the seizures in all frequency bands and all different k values 
for the SL-based network analysis (table 2a shows the values from the k=6 computation). 
The coherence-based analysis also showed a significant increase of C/Cs and L/Ls, although 
not for all frequency bands and all k values. The results were significant for all 
computations in broad filtered signal, all but L/Ls with k=4 in the delta band, C/Cs with k=4 
to 8 in the theta band, L/Ls with k=6 in the alpha band, L/Ls with k=4 to 8 in the beta band, 
and only C/Cs with k=5 in the gamma band (see table 2b, k=6). 

 

 

A

B



Section III - Epilepsy 

 96 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Example of graphs of the neural network, with the positions of the electrodes 

indicated by small circles, with a fixed k at 2 per node, broad filtered band. (a) pre-ictal SL, (b) 

ictal SL, (c) pre-ictal coherence, (d) ictal coherence. 

 

Table 2a.       
Synchronization likelihood.     

       
  SL k=6 
      C L 

Freq preict ictal preict ictal preict ictal 
 1-48 .02628 .17953 13.638 174.873 103.891 131.482 

 (.00406) (.06903) (.19187) (.13439) (.03871) (.20003) 
 1-4 .03059 .10793 1.304 162.336 101.018 124.691 

 (.00464) (.04229) (.16211) (.12271) (.01336) (.14765) 
 4-8 .02579 .11791 133.182 172.964 101.591 123.855 

 (.00726) (.06491) (.26149) (.14957) (.01821) (.1273) 
 8-13 .0259 .13744 130.664 179.555 101.709 142.236 

 (.00648) (.05126) (.22229) (.06991) (.01431) (.27781) 
 13-30 .01902 .16493 119.491 180.664 102.273 132.418 

 (.0011) (.08979) (.09774) (.13551) (.03451) (.23209) 
 30-48 .01871 .05309 126.009 174.009 105.218 122.482 

  (.00275) (.02784) (.19237) (.16214) (.11842) (.14409) 

Note. Bold=p<.05 ictal versus preictal, results are given as mean (standard deviation). 
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Table 2a. (continued)       
         
  weighted W/Ws Skewness 

 C  L      
Freq preict ictal preict ictal preict ictal preict ictal 
 1-48 106.209 108.455 101.127 107.609 .98591 .90882 304.543 147.695 

 (.0505) (.06995) (.0324) (.05507) (.01533) (.0291) -14.146 (.61936) 
 1-4 109.436 120.518 102.964 110.764 .99155 .95136 258.808 184.083 

 (.0549) (.10987) (.0315) (.05805) (.011) (.01902) -16.489 (.66576) 
 4-8 110.791 118.973 102.964 1.131 .99227 .93573 248.503 187.378 

 (.08888) (.06002) (.02814) (.06186) (.00546) (.03051) (.79156) (.99745) 
 8-13 1.05 1.221 101.736 118.591 .99518 .912 181.944 109.073 

 (.06555) (.06442) (.04961) (.08809) (.01459) (.04251) -10.752 (.49561) 
 13-30 101.827 111.664 101.809 114.827 .98555 .86727 22.358 115.994 

 (.01105) (.0591) (.04355) (.07833) (.03419) (.06536) (.83281) (.82027) 
 30-48 103.609 112.673 106.773 113.964 .95036 .89827 266.055 202.358 

  (.04979) (.05762) (.07583) (.08415) (.05419) (.05042) -10.344 (.81783) 

 

Table 2b.       
Coherence      
       
  coherence k=6 
      C L 

Freq preict ictal preict ictal preict ictal 
 1-48 .478 .51636 161.645 194.948 107.464 120.555

 (.03301) (.05716) (.14553) (.22138) (.08699) (.12316)
 1-4 .49618 .55873 163.873 193.791 111.291 125.764

 (.04424) (.04222) (.19462) (.21837) (.11796) (.15984)
 4-8 .48027 .52636 1.665 181.982 107.755 118.291

 (.03249) (.04189) (.21783) (.26791) (.07802) (.18649)
 8-13 .46391 .52064 158.118 195.827 106.236 118.809

 (.03079) (.0371) (.19605) (.14506) (.10728) (.07637)
 13-30 .436 .48109 153.982 181.491 106.491 110.627

 (.01182) (.02761) (.11982) (.18104) (.10388) (.07246)
 30-48 .42864 .44973 157.718 175.209 111.936 115.836

  (.01795) (.03658) (.16721) (.16019) (.16007) (.23713)

Note. Bold=p<.05 ictal versus preictal, results are given as mean  
(standard deviation). 
 

Weighted analysis 

The weighted network characteristics showed an increase of Cw/Cws and Lw/Lws during the 
seizures, which turned out to be significant for the SL- and coherence-based networks in 
many frequency bands (see Tables 2a and b for details). Fig. 3 shows the mean values of 
all patients, with standard deviations for SL, coherence, Cw/Cws, and Lw/Lws in the broad 
filtered signal. Cw/Cws increased significantly in the coherence-based networks, whereas Lw/ 
Lws increased significantly in the SL-based ones. 
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Table 2b. 
(continued)        

         
  Weighted W/Ws Skewness 

 C L     
Freq preict ictal preict ictal preict ictal preict ictal 
 1-48 100.736 102.973 101.318 102.964 .95927 .92445 1.04 .32271 

 (.00595) (.01085) (.02326) (.01973) (.0401) (.01467) (.39423) (.34112)
 1-4 101.073 104.182 1.02 103.273 .951 .94245 .55901 .04207 

 (.00393) (.0152) (.01528) (.01667) (.02221) (.02807) (.23666) (.29428)
 4-8 100.845 102.655 1.009 103.691 .96536 .935 .66684 .32683 

 (.00607) (.01214) (.01688) (.02324) (.0209) (.03366) (.35247) (.22213)
 8-13 1.007 103.491 100.882 104.371 .95191 .92236 .683154 .18074 

 (.00871) (.01058) (.02455) (.02656) (.03095) (.02563) (.24192) (.4454) 
 13-30 100.336 102.227 100.982 103.409 .95709 .946 11.301 .45384 

 (.00273) (.01806) (.01886) (.03243) (.04613) (.0324) (.2809) (.26915)
 30-48 100.973 101.827 104.336 104.736 .89773 .92491 116.286 .6962 

  (.01121) (.01577) (.04415) (.03225) (.05723) (.04292) (.34611) (.3641) 

Note for table 2 in total: SL=synchronization likelihood, C=C/Cs=clustering coefficient,  
L=L/Ls=path length, ()=standard deviation.    
 

Discussion 

In this study, we were the first to perform network analysis with surface EEG recordings 
during generalized absence seizures. As expected, we found an increase of 
synchronization (linear and nonlinear) during the seizure, compared to the pre-ictal state. 
Of more interest are the network changes we found, namely an increase of the clustering 
coefficient (C/Cs) and path length (L/Ls; weighted and unweighted), indicating a more 
regular organization during absences. Where previous studies used intracranial EEG 
recordings to characterize the functional neural network during focal seizures, we 
extended these studies to investigate whether functional network changes in generalized 
seizures can also be found by using surface EEG recordings, as patients suffering from 
absence seizures do not undergo intracranial recordings.149-151 Our results were 
comparable with those found in intracranial recordings of focal seizures, pointing towards 
the evolution of a more regular network structure during the seizures. Previous surface EEG 
recording studies also succeeded to clarify network changes in Alzheimer patients, 
schizophrenic patients, and sleep patterns.124,128,272 

 

Synchronization 

Absence epilepsy is known as a primary generalized epilepsy syndrome, described by a 
sudden increase of synchronization during seizures. In this study, we characterized seizure 
activity by calculating SL and coherence before and during seizures. We found a significant 
increase of synchronization strength between the 21 EEG signals, computed with linear 
(coherence) as well as nonlinear (SL) methods during seizure activity. This finding is in 
agreement with previous studies.138 They also observed a significant increase of linear and 
nonlinear synchronization during absence seizures. The nonlinear measure SL was between 
2 and 9 times higher during the seizures (depending on frequency band), whereas the 
linear measure was maximally increased by a factor of 1.2. This indicates that absence 
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seizures have a significant nonlinear component, and that both linear and nonlinear 
methods can be used for network analysis in analyzing seizure dynamics, although 
nonlinear methods might be more sensitive. 

 

Neural network characteristics 

We found changes in the functional neural network during generalized seizures. We 
concluded that the functional neural network becomes more regular (an increase of 
ordering in the neural network) during absence seizures compared to the pre-ictal state. 
During seizures, the normalized clustering coefficient (C/Cs) and path length (L/Ls) 
increased significantly compared to the pre-ictal state. L/Ls values were slightly above 1, 
indicating a good overall connectedness, almost equal to random networks. C/Cs values 
were approximately between 1.2 and 1.6, which implicates that the pre-ictal network 
showed slightly higher local clustering than random networks, and the clustering further 
increased during the seizure (see tables 2a and b). Thus, pre-ictal networks are more 
randomized than ictal networks, which is in agreement with the previous observation that 
random networks synchronize easier than small-world networks.54 This relatively random 
pre-ictal network might be one of the mechanisms promoting seizure generation. In the 
current study, we showed the same phenomenon that we previously observed in focal 
seizures.149 Regularization during seizures is in agreement with previously described 
model studies and intracranial seizure recordings.131,133,150,151 

In previous studies both linear and nonlinear measures have been used to characterize 
functional neural networks (for overview see references6,150). However, these methods have 
never been compared for use in graph theoretical analysis. Linear and nonlinear methods 
have been compared, in terms of their ability to distinguish between the interictal and pre-
ictal seizure period. Mormann et al. compared 30 methods, and found that linear measures 
performed similarly or even better than nonlinear measures in predicting seizures.273 To 
verify whether both methods could be used to characterize the neural network, we used 
both a linear (coherence) and a nonlinear method (synchronization likelihood). We found 
similar results, although more significant network changes were found with the SL-based 
network analysis. Therefore, we would propose to use both linear and nonlinear methods 
in future research, although nonlinear methods may be the first choice. When performing 
graph theoretical analysis on functional neural networks, these networks have to be 
defined. To overcome the possible problem of differences in synchronization level 
confounding the C/Cs and L/Ls values, a fixed number of edges (k) was used previously to 
convert the synchronization matrix into a binary graph.149 This approach is certainly not 
ideal, since there is a possibility of losing information about network differences. Another 
solution is to use all edges with their synchronization strength as a continuous value, 
which is a weighted analysis. Weighted analysis avoids artificially chosen thresholds but 
has not been used in many neural network analysis studies yet. We applied both 
approaches and we found similar results, indicating that results are reproducible with 
these different methods, and therefore likely to be robust. We suggest that both methods 
can be used to compare networks, although future studies are needed to explore other 
valid methods to describe network characteristics and dynamical changes. 

The present study has several limitations. First of all, absence seizures are not 
representative for epileptic seizures in general. We confirmed the trend of network 
regularization during seizures, as found during mesio-temporal lobe seizures (a well-
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described group of focal seizures). Still, future studies should be performed in less well-
defined epilepsy patients (tumor patients or patients admitted at the ICU), to verify the 
general concept of regularization of the neural network during seizures. Secondly, we used 
EEG recordings with 21 electrodes, which in network terms is a very small network. An 
alternative would be a study using MEG recordings with a larger number of sensors, 
preferably in a prospective fashion. To increase our understanding of seizure occurrence, it 
would also be helpful to design a study in which interictal functional neural networks of 
patients with epilepsy can be compared with networks of healthy controls. This research 
should focus on the question whether certain network qualities make networks particularly 
vulnerable to seizures, thereby extending the knowledge of seizure occurrence. 

In conclusion, we demonstrated an increase of synchronization and regularization of the 
functional neural network during absence seizures. Concerning methodology and analysis 
techniques, this study possesses merit explanation about seizure occurrence. Although 
future research further investigating this topic is certainly warranted, as these promising 
results create opportunities to augment our understanding of epileptogenesis. These 
studies should concentrate on refining the used methods, and expanding current 
knowledge to other epilepsy patient groups. 
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Abstract 

Our objective is comparing functional networks derived from MEG recordings in lesional 
epilepsy patients to those in healthy controls. Furthermore, elucidating the relationship 
between functional connectivity and network characteristics on the one hand, and clinical 
characteristics on the other hand in lesional epilepsy patients. Resting–state eyes-closed 
MEG-recordings of 35 lesional epilepsy patients and 36 healthy controls were analyzed. 
The phase lag index (PLI) was used to assess functional connectivity in conventional 
frequency bands and weighted networks were constructed. Group differences between 
patients and controls in PLI and network parameters were calculated, and the correlation 
between functional connectivity, network measures, and clinical characteristics was 
established. Clustering in the theta and lower alpha bands was increased in lesional 
epilepsy patients. Furthermore, longer theta band path lengths were correlated with higher 
seizure frequency, longer epilepsy history, and use of multiple anti-epileptic drugs. 
Interictal functional network topology in lesional epilepsy patients is altered compared to 
controls, in particular in the theta band. Furthermore, network topology is correlated with 
several clinical epilepsy characteristics. Whole-brain network topology measured by MEG is 
of importance in lesional epilepsy: it differs between patients and controls, and is related 
to epilepsy burden. 
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Introduction 

Epilepsy is common in patients with circumscribed brain abnormalities, such as primary 
brain tumors and hippocampal sclerosis. The mechanism of seizure onset that is induced 
by these abnormalities remains poorly understood. It has been suggested that the 
interaction of the ictal zone with surrounding brain areas is pivotal in the initiation and 
particularly in the propagation of seizures.6,37,130,146,149  

A way to explore the interactions between brain areas is to look at functional interactions 
or functional connectivity.46 Functional connectivity refers to the statistical 
interdependencies that exist between neurophysiological time series recorded from 
different brain regions.274,275 The correlation of epilepsy with hyperexcitation of neurons, 
leading to synchronization of large neuronal networks during the seizure, is widely 
acknowledged.137,151,256,276 However, changes in functional connectivity patterns have also 
been described in the inter-ictal state. Electroencephalography (EEG) recordings of epilepsy 
patients show increased theta band (4-8 Hz) connectivity when compared to healthy 
controls, even after a first seizure. Temporal lobe epilepsy (TLE) patients have altered local 
connectivity patterns in the temporal lobe compared to healthy controls, and these 
alterations are thought to be related to the duration of epilepsy.127,139,277,278 In brain tumor 
patients, who frequently suffer from epilepsy, theta band connectivity is also increased, 
which might reflect shared pathophysiology.113,114,162,170 

From the macroscopic perspective, the brain can be seen as a complex network of 
interacting brain regions. Studying this network may lead to better insight into the 
mechanisms of brain disease, which cause focal neurological and cognitive impairments. 
More specifically, spatial or topological features of brain networks determine to which 
extent the network facilitates synchronization and the spreading of 
seizures.7,41,47,71,105,131,134,136 These complex networks can be characterized using the 
mathematical tools derived from graph theory.37 One particular network configuration, a 
‘small-world’ network, is thought to be the optimal network configuration for many types 
of networks, including neural networks.7,47 In such a small-world network, local integration 
is high, while the overall integrity of the network is also maintained, making it stable and 
optimal for information processing.5,108 Loss of small-world characteristics, particularly if 
this leads to a more random topology, makes the network more susceptible to whole 
system synchronization,54 which in turn may render the brain more prone to 
seizures.7,37,149,276 This idea is also supported by the finding that temporal lobe networks 
in TLE patients seem to become more random over time. This randomization may also 
correlate with increased seizure frequency.277,278 

Recent studies comparing functional networks in epilepsy patients to functional networks 
in healthy controls have led to inconsistent findings. A recent study describes an increase 
in connectivity and more ordered network topology in the EEGs of epilepsy patients. 
Network analysis of MEG recordings was also performed in this study using several 
methods to construct graphs, but these results differed greatly depending on 
methodology.257 Two studies in brain tumor patients suffering from epilepsy show 
alterations in network structure.114,162 Again, the direction of these alterations seems to 
depend not only on the diversity of frequency bands that were analyzed, but also on the 
heterogeneity of methods used for measuring functional connectivity and constructing 
functional networks, as well as the specific patient populations that are included. These 
studies therefore underline the potential value of functional connectivity and graph theory 
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for a better understanding of pathological mechanisms, but also the fact that no consensus 
is reached to date about the optimal method for this type of analysis.  

We suggest that volume conduction is an important limiting factor in connectivity studies 
based on recordings with relatively high spatial resolution compared to EEG, such as MEG 
or acute corticography (ACoG), as heartbeat artefacts and common sources may affect 
results. Recent studies performed at our department using the phase lag index (PLI) to 
quantify connectivity in MEG recordings suggest that connectivity maps can be constructed 
with high reproducibility.162,167,268,271,278 The PLI is a relatively conservative measure of 
connectivity, since it discards zero or near-zero phase lags that may result from volume 
conduction. 

In this retrospective MEG study, we aim to demonstrate that functional connectivity 
patterns and PLI-based functional networks in lesional epilepsy patients differ from those 
in healthy controls. We expect a more random topology of functional networks and 
increased theta band connectivity in lesional epilepsy patients compared to healthy 
controls. Moreover, we will examine the relations between changes in functional network 
topology and clinical characteristics. 

 

Methods 

Subjects 

Patients who had undergone MEG recordings as part of pre-surgical evaluation between 
January 2006 and October 2009 in the VU University Medical Center (VUmc), Amsterdam, 
which is a tertiary referral center for epilepsy surgery were included. Patients were referred 
for MEG recordings by the VUmc Department of Neurosurgery, or as part of a prospective 
study [LD]. Inclusion criteria were: (1) age 18 years or older, (2) a history of seizures, and 
(3) a radiologically identified lesion in the brain. Patients with a history of neurosurgical 
treatment were excluded from this study. 

MEG recordings of healthy control subjects who were at least 18 years of age were 
obtained from two prospective studies [LD, MMS] at the Department of Neurology at the 
VUmc. A history of neurological disease was considered as exclusion criterion for healthy 
controls. Controls were matched with patients with respect to age at group level. 

 

Magnetoencephalography (MEG) 

MEG recordings were obtained using a 151-channel whole-head MEG system (CTF Systems 
Inc., Port Coquitlam, BC, Canada) while subjects were lying inside a magnetically shielded 
room (Vacuumschmelze GmbH, Hanau, Germany). A third-order software gradient228 was 
used with a recording pass band of 0.25–125 Hz. Recordings were made during a no-task, 
eyes closed resting-state condition with a 625 Hz sampling frequency. The head position 
relative to the coordinate system of the helmet was recorded at the beginning and end of 
each recording by leading small alternating currents through three head position coils 
attached to the left and right pre-auricular points and the nasion. Recordings of 136 
channels were found suitable for analysis in this study; the other 15 channels 
malfunctioned in at least one of the MEG recordings. For each subject, five artifact free 
epochs of 4096 samples (6.552 seconds) were carefully selected by visual analysis [LD, ED] 
and further analyzed with the DIGEEGXP software [CJS]. The magnetic field recordings were 
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filtered in seven frequency bands: delta (0,5-4Hz), theta (4-8 Hz), lower alpha (8-10 Hz), 
upper alpha (10-13 Hz), beta (13-30 Hz), lower gamma (30-45 Hz) and higher gamma (55-
80 Hz).227 

 

Functional connectivity 

Functional connectivity was calculated by means of the phase lag index (PLI; see 
reference37 for a detailed description). In summary, the PLI is a measure for the asymmetry 
of the distribution of instantaneous phase differences between two (MEG) signals, and only 
considers a consistent, nonzero phase lag between the two time-series. This phase lag 
cannot be explained by a common source, hereby ruling out volume conduction as a 
confounding factor. The PLI ranges between 0 (no phase locking) and 1 (total 
synchronization), and has proven to be a useful measure of functional connectivity in 
several recent MEG studies in our department. 

For each subject, the PLI was calculated between all MEG channels in an epoch, forming a 
so-called adjacency matrix, and the adjacency matrices were subsequently averaged over 
epochs. The overall level of functional connectivity was then computed by averaging all PLI 
values over all channels. We also defined three types of connectivity for more detailed 
analysis: local, interregional, and interhemispherical connections. Local connections were 
defined as connections between sensors within the same region of the same hemisphere. 
This value was calculated by averaging the connectivity of frontal, central, parietal, 
occipital, and temporal regions (see figure 2 in reference170 for details of the channel 
groupings). Interregional connectivity was assessed by averaging PLI values of fronto-
temporal, fronto-parietal, parieto-occipital and temporo-occipital connections within both 
hemispheres. Finally, interhemispherical connectivity was calculated as the average of the 
PLI values for homologous regions in left and right hemisphere. 

 

Graph analysis 

A graph is a topological representation of a network. It consists of nodes (vertices) and the 
connections between these vertices (edges).7 Graphs can be constructed as weighted or 
unweighted graphs: in a weighted graph the edges have a certain weight, which represents 
the strength of the connection between the vertices, whereas in an unweighted graph the 
edges either exist (weight of 1) or they do not (weight of 0). 

Here, we consider the MEG sensors as vertices and the PLI between sensors as edge 
weights, yielding a weighted graph. A variety of network characteristics can be calculated 
once a network is constructed (see references157,166 for recent reviews). We started with the 
most fundamental network characteristics, as described by Watts and Strogatz for 
unweighted networks,7 namely the clustering coefficient (C) and average shortest path 
length (L). The clustering coefficient describes the likelihood that neighbors of a vertex are 
also connected. It measures the tendency of network elements to form local clusters. The 
average shortest path length indicates the level of global integration of the network. It 
describes the average number of edges used to connect any two vertices in the network.7 

In this study, we calculated the equivalent of C and L for a weighted network, resulting in 
Cw and Lw.167 Similar to the unweighted clustering coefficient, the weighted clustering 
coefficient of a vertex i represents the likelihood that any other vertices l and k connected 
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to i are also connected to each other. The only additional requirements are now that the 
weight wik = wki, which is true in any undirected graph, and that 0 ≤ w ≤ 1, which is true 
because we use the PLI as weight definition. The weighted clustering Ci of vertex i and 
mean clustering Cw are calculated using formula 2 and 3 in chapter 7. 

We define the length of an edge as the inverse of the edge weight, i.e. Lij = 1/wij if wij ≠ 0 
and Lij = ∞ if wij = 0. The weighted shortest path length is then defined as the sum of 
length of the  edges of the shortest path. In order to handle the infinite path length 
between disconnected edges, the harmonic mean is used to calculate the average shortest 
path Lw,279 analogously to formula 4 in chapter 7. 

Network properties are determined not only by edge weights and network topology, but 
also by network size. In order to facilitate comparison of results with other studies, we 
compared the found Cw and Lw values to a reference, Cws and Lws, derived from 1000 
surrogate networks of the same size. The surrogate networks were constructed by 
randomly shuffling the edge weights over the network. The resulting Cw/Cws and Lw/Lws are 
thus the size-independent local clustering and average shortest path length of the network. 

Efficient network communication requires both local segregation and global integration.7,68 
A small-world network combines high local clustering with short path lengths, and is 
thought to be a feasible model for the human brain.69 The small-world index (S), which is 
the ratio between Cw/Cws and Lw/Lws, has been proposed as a measure to quantify small-
worldness.35 Note that because in small-world networks Cw/Cws is larger than 1 and Lw/Lws 
is approximately equal to 1, we expect S to be larger than 1 for small-world networks. 

 

Statistical analysis 

All statistical analyses were performed using SPSS 15.0 for Windows (SPSS Inc., Chicago, 
USA). The PLI and network variables do not follow a normal distribution, hence Mann- 
Whitney U-tests were performed to explore differences concerning these variables between 
patients and healthy controls. The false discovery rate (FDR) was used to correct for 
multiple testing of regional PLI levels.110 FDR corrections were performed per frequency 
band. Correlations with seizure frequency and epilepsy duration were calculated using 
Kendall’s Tau tests. Again, FDR was used to correct for multiple testing. 

Post-hoc analyses were performed to explore correlations between connectivity and 
network measures to other clinical characteristics at the time of MEG recording. Mann-
Whitney U-tests were used to explore correlations with seizure type, anti-epileptic drug 
(AED) use,  lesion lateralization and lesion type. Lesion types were divided into three 
groups: non-glioma,  low-grade glioma (LGG; WHO classification grade II) and high-grade 
glioma (HGG; WHO classification grade III and IV). Because of the explorative nature these 
tests, findings were considered significant for p<.05. 

 

Results 

Subject characteristics 

35 patients (20 male; mean age 42.2 years ± SD 12.5) and 36 healthy controls (18 male; 
mean age 44.0 years ± SD 11.9) were included. There were no significant differences in 
age (p=.904) and gender (p=.637) between patients and healthy controls. Patient 
characteristics are shown in table 1. Mean seizure frequency for the patients was 17.2 (SD 
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31.3) per month. Mean time between the first seizure and MEG recording was 85 months 
(SD 125). Patients with a higher seizure frequency had a longer history of epilepsy 
(Kendall’s Tau=0.263; p=.031).  

 

Table 1.    
Patient characteristics   
    
Category Subcategory Patients Percentage 
Seizure type Partial simple 7 20% 
 Partial simple; (sec.) generalized 9 26% 
 Partial complex 2 6% 
 Partial complex; (sec.) generalized 9 26% 
 Tonic clonic; absence 1 3% 
 Tonic clonic 7 20% 
Lesion type Non-glioma 7 20% 
        MTS 4 11% 
        Dysplasia 1 3% 
        HEM 1 3% 
        HAM 1 3% 
 WHO grade I glioma or DNET 3 9% 
 WHO grade II glioma  13 37% 
        Oligodendroglioma 9 26% 
        Astrocytoma 4 11% 
 WHO grade III glioma 4 11% 
        Anaplastic oligodendroglioma 2 6% 
        Anaplastic astrocytoma 1 3% 
        Anaplastic oligoAstrocytoma 1 3% 
 WHO grade IV glioma (glioblastoma) 8 23% 
Lateralization (lesion) Left 14 40% 
 Right 21 60% 
AED use None 2 6% 
 AED monotherapy 21 60% 
  AED polytherapy 12 34% 
Note. MTS = mesiotemporal sclerosis, HEM = hematoma; HAM = hamartoma, 
DNET = dysembryoplastic neorepithelial tumor.   
 

Patients could be roughly divided in three groups regarding lesion type: non-glioma 
(including DNET; 29%), low-grade glioma (LGG = WHO grade II; 37%), and high-grade glioma 
(HGG = WHO grade III and IV; 34%). Non-glioma patients had a longer epilepsy duration 
(Mann-Whitney U=12; p<.001) and higher seizure frequency (Mann-Whitney U=28.5; 
p=.021) than LGG patients. Non-glioma also had longer epilepsy duration (Mann-Whitney 
U=5; p<.001) and seizure frequency (Mann-Whitney U=17.5; p=.003) than HGG patients. No 
differences regarding seizure frequency were found between LGG and HGG patients, but 
LGG patients tended to have longer epilepsy duration (Mann-Whitney U=44.5; p=.068). 

Since all except two patients were using AEDs at the time of MEG recording, further 
analysis regarding AED use was only performed comparing patients on AED monotherapy 
(N=21) with patients on AED polytherapy (N=12). No significant correlations were found 
between AED use and lesion type, lateralization, or seizure frequency. Patients on AED 
polytherapy tended to have longer epilepsy duration than patients using a single AED 
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(Mann-Whitney U=78; p=.075). AED type effects were not analyzed due to the great variety 
of AEDs and combinations of AEDs, that were used in this patient group. 

 

Functional connectivity 

No significant differences were found between patients and healthy controls regarding 
overall and local/regional PLI values (table 2). However, analysis of the patient group 
showed that increased overall connectivity in the theta band were correlated with epilepsy 
duration (Tau=0.275; p=.022; table 3 and figure 1). Overall beta band connectivity was 
positively correlated with both epilepsy duration (Tau=0.310; p=.010) and seizure 
frequency (CC=0.262; p=.031). Moreover, patients on polytherapy had higher theta band 
PLI than patients on monotherapy (Mann-Whitney U=59; p=.011).  

 

Table 2.          
Functional connectivity and network characteristics for patients and healthy controls 
          

Frequency Group PLI p Cw/Cws p Lw/Lws p S p 
Delta Controls 0.130 0.977 1,211 0.283 1,222 0.952 0,992 0.118 
 Patients 0.131  1,205  1,222  0,987  
Theta Controls 0.110 0.296 1,185 0.026* 1,196 0.063 0,992 0.848 
 Patients 0.112  1,195  1,207  0,991  
Lower alpha Controls 0.126 0.782 1,196 0.048* 1,206 0.312 0,992 0.585 
 Patients 0.156  1,207  1,216  0,993  
Upper alpha Controls 0.140 0.123 1,207 0.168 1,222 0.139 0,988 0.293 
 Patients 0.132  1,197  1,207  0,993  
Beta Controls 0.058 0.593 1,181 0.332 1,196 0.717 0,988 0.589 
 Patients 0.058  1,185  1,199  0,989  
Lower gamma Controls 0.056 0.248 1,144 0.179 1,143 0.399 1,001 0.813 
 Patients 0.057  1,148  1,149  1  
Upper gamma Controls 0.042 0.768 1,126 0.880 1,117 0.712 1,008 0.317 
  Patients 0.043   1,134   1,134   1,001   
Note. Mean PLI values for controls and patients, as well as p-values for Mann-Whitney U-tests  
for differences between groups. Values of PLI (measuring functional connectivity) and network 

characteristics Cw/Cws (normalized local clustering), Lw/Lws (normalized average path length)  
and S (small-world index) are given for each frequency band. Marked results represent a 
significant group difference at the p<.05 level.      
 

HGG patients (Mean M=0.043) had higher overall upper gamma PLI levels than LGG 
patients (M=0.042) (Mann-Whitney U=31; p=.010). No other significant overall PLI 
differences were found between the different lesion type groups. Beta band connectivity 
was higher in patients with a left sided lesion (M=0.059) compared to right sided lesions 
(M=0.057) (Mann-Whitney U=83,5; p=.034). 

It might be hypothesized that connectivity levels in patients differ from those in healthy 
controls only in the lesional area. We tested this hypothesis in a subset of 7 patients with a 
lesion in the left temporal area, and 8 patients with a right frontal area lesion. Local 
connectivity levels of the lesional area (i.e. left temporal PLI in patients with a lesion in the 
left temporal area, and right frontal PLI in patients with a lesion in the right frontal area) 
were compared to PLI levels of that area in healthy controls. Delta band local connectivity 
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was significantly increased in the left temporal area of patients with a left temporal lobe 
lesion site (Mann-Whitney U=19; p<.001). 

 

Figure 1. Correlation between functional connectivity and epilepsy duration. PLI in the theta 

band is plotted as a function of epilepsy duration in months. Epilepsy duration is presented on a 

logarithmic scale, showing a positive correlation between epilepsy duration and theta band PLI. 

 

Network properties 

Patients’ networks were compared to healthy controls’ networks (table 2). Compared to 
healthy subjects, clustering coefficients tended to be higher in patients in the theta and 
lower alpha band, indicating more local clustering in the patient’s networks in these 
frequency bands. Theta band average path length showed a non-significant trend towards 
longer path lengths in patients (Mann-Whitney U=468; p=.063). Differences in theta band 
connections between patients and controls are visualized in figure 2. 

Further analysis was performed to explore possible correlations of patients’ clinical 
characteristics with graph properties in the theta band (table 3). Longer average path 
length was significantly correlated with increasing epilepsy duration (figure 3). Moreover, 
seizure frequency was significantly correlated with average path length: patients with a 
higher seizure frequency had a longer path length (figure 4). The average path length was 
also longer in patients on AED polytherapy than in patients on monotherapy (Mann-Whitney 
U =64; p=.020). 
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Figure 2. Theta band PLI connections that differ between patients and controls at the p<0.01 

level. Connections that are decreased in patients are shown in the left figure, connections with 

increased strength in patients are shown on the right. In general, connections in patients seem 

increased, especially in the central, occipital and parietal regions of the right hemisphere. 

 

Table 3.     
Correlations of PLI theta band and network properties with clinical characteristics 
     

Clinical variable PLI Cw/Cws Lw/Lws S 
Tau=0.275 Tau=0.203 Tau=0.353 

Epilepsy duration (p=.022)* (p=.090) (p=.003)** 
 

Tau=0.287 
Seizure frequency 

  
(p=.018)* 

 

Single < Multiple Single < Multiple 
AED use 

(U=59; p=.011)* 
 

(U=64; p=.020)* 
 

LGG > HGG  Non-glioma > HGG 
Lesion type 

 
(U=38.5;p=.010)** (U=18; p=.004)** 

 

 Left > Right  Left < Right Lesion 
lateralization 

  
(U=80; p=.024)* (U=73; p=.012)*

Note. Correlations with epilepsy history and seizure frequency were calculated by means of  
Kendall’s Tau correlation coefficients (Tau). Group differences based on AED monotherapy  
versus polytherapy, lesion type, and lesion lateralization were calculated by means of  
Mann-Whitney U-tests. An asterisk marks significance at the p<.05 level; a double asterisk  
marks significance at the p<.01 level. Correlations are only shown for p<.1. 
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Figure 3. Correlation between path length and duration of epilepsy. Normalized path length in 

the theta band is plotted as a function of epilepsy duration in months. Epilepsy duration is 

presented on a logarithmic scale, showing a positive correlation between epilepsy duration and 

theta band path length. 

 

Figure 4. Correlation between path length and seizure frequency. Normalized path length in the 

theta band is plotted as a function of seizure frequency per month. Seizure frequency is 
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presented on a logarithmic scale, showing a positive correlation between seizure frequency and 

theta band path length. 

The lesion type had a significant effect on network characteristics in the theta band (figure 
5). Normalized theta band local clustering was significantly increased in LGG patients 
(Mann-Whitney U=108; p=.004) compared to healthy controls, but not in the non-glioma 
and HGG patient groups. Non-glioma patients had significantly longer average path lengths 
(Mann-Whitney U=69; p=.002) than healthy controls, whereas LGG and HGG patients had 
no significant path length alterations compared to controls. 

 

Figure 5.  Lesion type effects on network characteristics. Box plots are given of normalized local 

clustering and average path length in the 4-8 Hz frequency range for controls and patients 

based on lesion type. Left: normalized local clustering is significantly higher in LGG patients 

compared to healthy controls. Non-glioma and HGG patient groups showed no significant 

difference in normalized clustering compared to healthy controls. Right: non-glioma patients 

have significantly longer path lengths compared to healthy controls. LGG and HGG patients had 

no significant path length alterations compared to controls. 

 

Comparing the LGG and HGG patients showed an increased local clustering in the theta 
band in LGG patients (Mann-Whitney U=31.5; p=.010). The average path length in this 
frequency band was shorter in HGG patients compared to non-glioma patients (Mann-
Whitney U=18; p=.004). Patients with left-sided lesions had longer path lengths (Mann-
Whitney U=80; p=.024) and lower small-world index (Mann-Whitney U=73; p=.012) in the 
theta band and higher local clustering in the beta band (Mann-Whitney U=79.5; p=.022). 

 

Discussion 

In this study, we have demonstrated that functional networks derived from interictal 
resting-state MEG recordings are altered in patients with lesional epilepsy. These 
alterations are more complex than network randomization, and correlate with epilepsy 
duration and frequency. These alterations are found even though functional connectivity 
levels in patients are similar to those in healthy controls. Analysis of functional networks 
may therefore prove to be a useful tool to link the seizure characteristics of epilepsy 
patients to electrophysiological recordings. In particular, results from graph theoretical 
analysis of theta band activity is shown to correlate with a variety of clinical characteristics. 
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Functional connectivity 

We found functional connectivity levels to be related to epilepsy history and AED use, but 
found no statistically significant differences in functional connectivity levels in patients 
compared to controls. Left temporal local connectivity in the delta band was increased in 
patients with a lesion in that area compared to healthy controls, but this was found for a 
small subset of only seven patients. A recent study by Horstmann and others comparing 
pharmaco-resistant epilepsy patients to healthy controls found no differences in average 
overall connectivity levels either.257 However, several other studies in brain tumor patients 
suffering from epilepsy did reveal altered local and global functional connectivity levels 
(see table 4 for an overview of findings in MEG functional connectivity studies comparing 
brain tumor and epilepsy patients to healthy controls). Both increased and decreased 
connectivity has been found, depending on frequency range and type of connections (i.e. 
local or interregional). Moreover, in an earlier study in our department we found that in 
brain tumor patients that underwent tumor resection, theta band connectivity decreased 
after surgery, and the level of decrease correlated with a decrease of the epilepsy burden 
after resection.268 

Altered connectivity levels in epilepsy patients have also been found using other recording 
and imaging techniques than MEG. We recently found that theta band functional 
connectivity of EEG recordings is predictive for the event of a second seizure after a first 
collapse.280 Horstmann and colleagues found increased EEG phase synchronization in the 
broad band, and delta and beta frequency range of pharmaco-resistant epilepsy patients 
compared to controls.257 Bettus and others studied connectivity differences in intracranial 
EEG recordings in mesial temporal lobe epilepsy (MTLE) patients in comparison to epilepsy 
patients with other seizure onset zones.139 They demonstrated that MTLE patients had 
higher connectivity levels in the theta to gamma frequency range compared to the non-
MTLE controls. Liao and others found increased connectivity levels based on resting-state 
fMRI imaging in the temporal lobes of MTLE patients compared to healthy controls.277 
Frontal and parietal connectivity was decreased in these patients. In contrast, Bettus and 
colleagues found a general decrease of connectivity in an fMRI study comparing MTLE 
patients to healthy controls.127 Temporal connectivity in the contralateral hemisphere (i.e. 
opposite to the lesion) seemed to be increased, which was interpreted as a possible 
compensation mechanism. We speculate that the lack of significant differences in 
connectivity between patients and healthy controls in our study is possibly due to the 
heterogeneity of our patient group regarding epilepsy type, lesion type and lesion 
localization. 

The present study is the first to describe a positive correlation between increased global 
theta band connectivity levels and epilepsy duration in MEG. Previous studies have 
described altered local connectivity in lesional epilepsy patients. Liao and colleagues found 
that decreased connectivity between inferior frontal triangular and opercular regions 
correlated with epilepsy duration in fMRI recordings of MTLE patients.277 We found similar 
results in a previous study based on broad band analysis of acute electrocorticography 
(ACoG) data in TLE patients.278 Lower broad band connectivity in the temporal lobe 
correlated with a longer epilepsy duration, and connectivity levels were lower in patients on 
AED polytherapy than in patients on monotherapy. In the present study however, we found 
increased overall connectivity levels in the theta band in patients on polytherapy when 
compared to patients on monotherapy. Global connectivity seems thus to show different 
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alterations than local connectivity alterations in these patients. Unfortunately, differences 
in lesion localization between patients makes the present study unsuitable for studying 
local connectivity alterations with clinical variables. However, increased local connectivity 
over the lesioned area in the delta band, seemed present in a subgroup of patients when 
compared to healthy controls. Clinical characteristics including tumor pathology, epilepsy 
burden and AED affect these alterations. Differences between the present and previous 
studies indicate that more sophisticated measures are needed to elucidate the alterations 
in functional connectivity in lesional epilepsy patients, as well as comparative studies with 
different measuring modalities such as MEG, ACoG and fMRI. 

 

Table 4.    
Overview of MEG functional connectivity studies on lesional epilepsy patients 
    
Study Population Methods Findings 

broad and γ band: 
disconnected points 

Bartolomei 2006a 17 brain tumor patients 
vs 15 healthy controls 

SL 

in brain tumor patients after 
thresholding SL values 

∆, θ and α band: local SL ↑ 

∆, α and β band: long-
distance SL ↑ 

θ, β, and γ band: L/Ls ↓ 

Bartolomei 2006b 17 brain tumor patients 
vs 15 healthy controls 

SL; unweighted 
networks (k=10) 

θ, and γ band: C/Cs ↓ 
17 LGG patients vs ∆ band: interregional SL ↑or ↓

17 healthy controls θ and lower γ band: 
interregional SL ↑ 

Bosma 2008 

 

SL 

lower α band:  interregional 
SL ↓ 

17 LGG patients vs θ band: PLI and C/Cs ↑ 
17 healthy controls β band: C/Cs and S ↓ 

Bosma 2009 

 

PLI; unweighted 
networks (k=10) 

upper γ band: degree cor. ↓ 
θ band: PLI ↓ after resection; 
higher decrease correlated 
with lower 

Douw 2008* 15 brain tumor patients PLI  

post-surgery seizure burden 
21 MTLE patients vs Horstmann 2009 

23 healthy controls 

cross-correlation; 
phase sync.; 
various methods 
for network 
construction 

broad, ∆, θ and β band:  
mostly C↑, but also C↑ or = 
depending on methodology 

Note. The measure for functional connectivity used in the study is given in the Methods column.  

SL=synchronization likelihood, PLI=phase lag index, L/Ls=normalized average path length,  

C/Cs=normalized clustering coefficient, degree cor.=degree correlation (measure for the  
tendency of vertices to connect to other vertices with a similar degree). * This study did not  
compare patients to healthy controls, but compared MEG recordings of patients before and after 
resection of the brain tumor.    
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Graph analysis 

We found significantly increased local clustering in the theta and lower alpha frequency 
ranges in the patient group, with higher clustering values in LGG patients than in HGG 
patients in the theta band. Below, we will discuss these findings in light of previous MEG 
studies that also compared functional networks of brain tumor and lesional epilepsy 
patients to healthy controls (table 4). We will focus on the theta band because our results 
were most clear-cut in this frequency range.  

Bosma and others used PLI adjacency matrices of 17 LGG patients (of whom 16 patients 
suffered from epilepsy) and healthy controls as input for unweighted network 
analysis.162,170 Local clustering was increased in the patient group, which is similar to our 
findings. Unweighted network analysis by Bartolomei and colleagues, comparing MEG 
recordings of brain tumor patients to healthy controls, showed increased local clustering 
and higher average path lengths in the patient group.113,114 These studies used the 
synchronization likelihood (SL) as a measure of functional connectivity, and the SL is less 
conservative than the PLI used in our study. Horstmann and others also used several 
methods to construct networks from MEG recordings of MTLE patients and healthy 
controls.257 They found no consistent network differences between the two groups, 
although theta band clustering was increased in the patient group for some of the 
methods. In the same study, the authors also described increased clustering in MTLE 
patients compared to controls based on EEG recordings, particularly in weighted network 
analysis for the broad and delta frequency band. Horstmann also found that the EEG 
networks were characterized by increased average path lengths in several frequency 
ranges, while we only found a non-significant trend of increased theta band path length in 
the present study. Liao and colleagues studied functional networks based on resting-state 
fMRI BOLD connectivity.277 Both average path length and clustering were lower in MTLE 
patients than in healthy controls. It has been described that fMRI BOLD signals correspond 
to power fluctuations of local field potentials in the gamma frequency range,281 but we 
found no specific correlations between clinical characteristics and gamma band 
connectivity. Further research using combined fMRI and MEG connectivity analysis should 
elucidate the relationship between (changes in) resting-state networks found with these 
modalities. 

We found that increased theta band path length in epilepsy patients is related to several 
clinical characteristics. Increased average path lengths correlated with longer epilepsy 
history. Previous studies have described a correlation between functional connectivity, 
network topology and epilepsy history. Recently, we reported the correlation between 
functional connectivity and epilepsy duration in local temporal lobe networks of TLE 
patients.278 In this analysis of broadband ACoG recordings, we found a decreased 
clustering (0.5-48 Hz) in patients with longer epilepsy history. However, in the present 
study we find increased clustering (4-8 Hz) in patients compared to healthy controls, as 
well as a non-significant trend of increased clustering in patients with a longer epilepsy 
duration. Possible explanations for this discrepancy are the frequency range, as well as the 
spatial scale: we currently studied global brain networks instead of local networks of the 
temporal lobe. As described above, the correlation between decreased regional functional 
connectivity and epilepsy duration was also found in the fMRI study by Liao and others.277 

Theta band path length was correlated with higher epilepsy frequency, as well as with the 
use of multiple AEDs (which might reflect more severe epilepsy). Epilepsy duration and 
seizure frequency were also correlated. In our study of ACoG recordings, we also found an 
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interaction between seizure frequency, epilepsy duration and functional connectivity and 
network parameters.278 AED polytherapy only tended to be related to epilepsy duration, but 
altogether our findings might indicate that the increase of theta band path length is related 
to epilepsy burden. Although this study clearly marks the correlation of network 
configuration with clinical characteristics, larger cohorts and more homogeneous patient 
groups should be studied to elucidate these specific interactions. 

This is the first study to show that histopathological grading of the lesion that causes the 
epilepsy may be of importance for the type of network alterations in these patients. HGG 
patients seem to have the least alterations in network topology. Increased theta band local 
clustering was most prominently increased in LGG patients, while the non-glioma patients 
had a significantly longer theta band path length than glioma patients. However, increased 
path length may also be (partially) explained by the longer epilepsy history and higher 
seizure frequency in the non-glioma group. We found a difference between patients with 
left-sided compared to right-sided lesions. Again, further studies are needed to elucidate 
interactions between clinical characteristics and network topology. 

More sophisticated network analysis may help to clarify the nuances of these interactions. 
A recent study of Chavez and colleagues shows that the functional networks of absence 
epilepsy patients may have altered modular organization, also indicating an altered role of 
highly interconnected ‘hubs’.282 A model study by Morgan and Soltesz also indicated the 
importance of hubs in epileptic networks.261 It was shown in a rat dentate gyrus model that 
the incorporation of a small number of highly interconnected hub cells greatly increases 
synchronizing network activity. The network became hyperexcitable and possibly seizure-
prone. Ortega and colleagues found the relative connectivity level of an ACoG electrode 
compared to the surrounding electrodes to be predictive of outcome after epilepsy 
surgery.146 

This study shows that functional networks based on MEG recordings are altered in lesional 
epilepsy patients, while average connectivity levels showed no significant differences. 
Epilepsy duration, seizure frequency, and AED polytherapy are correlated with these 
network alterations. Most striking were the correlations with functional network network 
parameters based on theta band connectivity, which is consistent with previous studies of 
MEG and EEG recordings. Further research should elucidate the precise interaction between 
clinical characteristics and functional network alterations, and more sophisticated network 
analysis could possible identify markers of seizure onset zones in MEG recordings. 
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Abstract 

Pharmaco-resistant temporal lobe epilepsy (TLE) is often treated with surgical intervention 
at some point. As epilepsy surgery is considered a last resort by most physicians, a long 
history of epileptic seizures prior to surgery is not uncommon. Little is known about the 
effects of ongoing TLE on neural functioning. A better understanding of these effects 
might influence the moment of surgical intervention. Functional connectivity (interaction 
between spatially distributed brain areas) and network structure (integration and 
segregation of information processing) are thought to be essential for optimal brain 
functioning. We report on the impact of TLE duration on temporal lobe functional 
connectivity and network characteristics. Functional connectivity of the temporal lobe at 
the time of surgery was assessed by means of interictal electrocorticography (ECoG) 
recordings of 27 TLE patients by using the phase lag index (PLI). Graphs (abstract network 
representations) were reconstructed from the PLI matrix and characterized by the 
clustering coefficient C (local clustering), the path length L (overall network 
interconnectedness), and the ‘small-world index’ S (network configuration). Functional 
connectivity (average PLI), clustering coefficients, and the small-world index were 
negatively correlated with TLE duration in the broad frequency band (0.5–48 Hz). Temporal 
lobe functional connectivity is lower in patients with longer TLE history, and longer TLE 
duration is correlated with more random network configuration. Our findings suggest that 
the neural networks of TLE patients become more pathological over time, possibly due to 
temporal lobe changes associated with long-standing lesional epilepsy. 
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Introduction 

Epilepsy surgery is often a more effective way to treat temporal lobe epilepsy (TLE) than 
antiepileptic drugs (AEDs),283,284 but it is considered a last resort by many physicians. This 
reluctance can be explained by a failure of the surgical procedure to alleviate epileptic 
seizures in a considerable number of cases and by the risk of postoperative cognitive and 
visual deficits. Another reason for a delay in surgery is that TLE is often characterized by 
periods of remission with relative seizure freedom.285 As a result, a history of epileptic 
seizures of 10 to 20 years prior to surgical intervention is not uncommon.286 

As most patients in whom surgery is considered suffer from TLE for a period of at least 
several years, it is important to understand how this ongoing disease interferes with brain 
functioning. If a prolonged disease course has a negative impact on brain functioning in 
TLE patients, this would support the importance of early surgical intervention. However, 
relatively little is known about the natural history of TLE. It is often preceded by an initial 
precipitating injury, of which a complex febrile seizure is the most common.287 Hereafter, a 
latent period tends to occur, followed by recurrent, spontaneous seizures, indicating that 
TLE might be a progressive disease.288 When looking at structural damage related to 
epileptic seizures, progressive volume loss of the hippocampus, amygdala and the 
entorhinal cortex has been described as a consequence of ongoing TLE.286 A correlation 
between the number of brain structures with epileptogenic characteristics and epilepsy 
duration has been described in TLE patients.289 It is not known how functional neural 
networks change during disease progression, and what the impact of changes is on seizure 
initiation and propagation. However, a contralateral increase of functional connectivity for 
TLE patients has been described.127 

In modern neuroscience, the brain is increasingly seen as a complex network of dynamical 
systems with interactions between local and further remote brain regions. A way to explore 
the interactions between brain regions is to look at functional interactions, also called 
functional connectivity. Functional connectivity refers to the statistical interdependencies 
that exist between neurophysiological time series.37 Electrocorticography150 and depth 
electrode149,151,290 studies have shown that network synchronization in the temporal lobe 
increases during a seizure when compared to the interictal and postictal states. Several 
studies indicate that a predisposing state exists prior to a seizure, which is characterized 
by desynchronization or hypersynchronization in different surrounding brain 
areas.130,140,256 The changing synchronization patterns may be explained by the impact of 
brain disease on the spatial network configuration of the brain. These changes can be 
studied using a ‘graph’ theory approach.37 A ‘small-world’ network is thought to be the 
optimal network configuration for brain functioning.7 In such a small-world network, local 
integration is high, while the overall integrity of the network is also maintained (see figure 
3 in chapter 2). Social networks, the Internet, and the healthy brain are examples of 
networks that show these characteristic small-world features.37 It is suggested that 
changes in network characteristics occur in epilepsy patients, leading to a pathological, 
more random structure in the interictal state, which is temporarily reversed during a 
seizure.114,134,150,151 These changes in configuration may lead to disturbed higher brain 
functions and further lower the brain’s threshold for epileptic seizures (for a review see 
reference157). 

A better understanding of the effects of ongoing TLE on neural functioning might influence 
the timing of surgical intervention. Functional connectivity and neural network analysis 
have shown to be a promising tool in studying epilepsy and brain tumor patients. Changes 
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in network characteristics and functional connectivity have been associated with both 
epilepsy and brain lesions.113,114,140,150 We therefore consider that changes in functional 
connectivity and network configuration may be a marker of possible progression of TLE. 
We hypothesize that functional interactions in the brain are correlated to temporal lobe 
epilepsy duration. We expect to demonstrate a correlation between TLE duration and 
changes in network characteristics of the temporal lobe. We expect less functional 
connectivity and a more random configuration of the temporal neural networks as TLE 
duration increases. 

 

Methods 

Patients and Data Selection 

All pharmaco-resistant TLE patients who underwent temporal lobe surgery and intra-
operative ECoG recordings at the VU University Medical Center in Amsterdam between 
October 2003 and September 2005 were eligible for inclusion in this study. The VU 
University Medical Center is a tertiary referral centre for epilepsy surgery as part of the 
nationwide Dutch Collaborative Epilepsy Surgery Program.  

Intra-operative neocortical registrations were performed using 465 subdural electrode 
grids (interelectrode distance 1 cm; see figure 1) and recorded with a Brainlab digital EEG 
system (OSG, Rumst, Belgium). Sample frequency was 500 Hz. The grid was placed directly 
on the lateral temporal cortex, covering T1-T3. The grid position was documented during 
the procedure on schematic representations of the brain. For every patient, five artifact-
free epochs of 4096 samples (8.19 s) were selected off-line by careful visual inspection 
[ED, CJS]. All selected epochs were recorded while patients were in an interictal state (as 
determined by the ECoG recording) and before resection of the lesion had taken place. 

 

 

 

 

 

 

 

 

 

Figure 1. Intra-cranial corticography recording. Picture of a grid, placed directly on the cortex 

for intra-cranial recording. 

 

Patients were sedated with propofol during surgery. Due to the retrospective nature of this 
study, there was no standardized protocol to control the amount of anesthesia while 
recording ECoG. As the level of sedation might influence the ECoG, the burst suppression 
ratio (BSR) of the recordings was calculated and used as a covariate in the analysis (See 
Figure S1 for an example of used ECoG data). The BSR is the sum of all the regions 
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showing at least 0.5 seconds of suppression, divided by the total length of the epochs 
(40.95 s). Suppression was defined as a region with very low ECoG activity, using 5 microV 
as threshold value.291 

 

Ethics Statement 

The data were obtained for clinical purposes with patient consent for all performed 
procedures. As a retrospective study this work was exempt from ethical approval. Data 
were analyzed anonymously. All clinical investigations were conducted according to the 
Declaration of Helsinki. 

 

Functional Connectivity 

Selected epochs were converted to ASCII files for further analysis with DIGEEGXP software, 
developed in our department [CJS]. Five selected epochs per patient were filtered in the 
broad frequency band (0.5–48 Hz). The phase lag index (PLI) was used to calculate 
functional connectivity of the selected epochs.271 The PLI measures the asymmetry of the 
distribution of instantaneous phase differences between different EEG signals. The PLI 
rules out volume conduction as a confounding factor, since the presence of a consistent, 
nonzero phase lag between two time series cannot be explained by volume conduction 
alone. The PLI is therefore less effected by common sources, while performing at least as 
well as the synchronization likelihood (SL)106 in detecting true synchronization. The PLI 
ranges between 0 and 1. A PLI of more than 0 indicates phase locking to a certain extent, 
whereas a PLI value of 0 indicates no coupling or coupling with a phase difference centered 
around 0±π radians. For a detailed description of PLI calculation, see reference271. The PLI 
was calculated between all channels, resulting in a 20 by 20 channel matrix. The overall 
(whole-grid) PLI was computed by averaging all PLI values. To visualize functional 
connectivity, we projected the PLI scores per channel over a schematic grid representation, 
showing the average synchronization of the channel with the other channels of the grid 
(see figure 2). 

 

Graph Analysis 

We hypothesize that network topology, and not just average strength of synchronization as 
indicated by PLI, is correlated with epilepsy duration in our study population. A graph is a 
basic topographical representation of a network that consists of nodes (‘vertices’) and 
connections between these nodes (‘edges’).7 Graphs are characterized by a clustering 
coefficient C and a characteristic path length L. The clustering coefficient C, which is the 
likelihood that neighbors of a vertex will also be connected, is a measure for the tendency 
of network elements to form local clusters. The characteristic path length L is the average 
of the shortest distance between pairs of vertices counted as a number of edges. The path 
length L indicates how well network elements are integrated or interconnected.7 

To compute the clustering coefficient C and the characteristic path length L from the PLI of 
the ECoG data, we used the methods described by reference124. The first step in applying 
graph theoretical analysis to synchronization matrices is to convert the NxN PLI matrix into 
a binary graph, with N as the number of channels used. A binary graph is a network that 
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consists of vertices and edges (undirected connections between elements). The PLI matrix 
can be converted to an unweighted graph by considering a threshold T. If the PLI between  

 

 

 

 

 

 

 

 

 

 

Figure 2. Visualization of the functional connectivity pattern over the temporal lobe. A grid of 

4x5 electrodes is placed directly on the temporal lobe and the registered area is schematically 

documented. Five Epochs of representative ECoG recordings are selected per patient. The PLI 

values are calculated based on these recordings, resulting in a matrix with synchronization 

values for all possible electrode combinations. The figure shows a mean PLI value for each grid 

electrode based on this synchronization matrix, representing the average synchronization with 

the other channels. 

 

a pair of channels i and j exceeds T, an edge is said to exist between i and j; otherwise no 
edge exists between i and j. 

Differences between the patients in average PLI can influence C and L when it is computed 
for a threshold T, because a lower PLI trivially results in less edges. To control for the 
influence of the number of edges, we applied several fixed values of k (k=3, k=4, k=5), 
where k denotes the average number of edges per vertex. By using this method, graphs in 
both groups are guaranteed to have the same number of edges. We followed the 
suggestion of reference7 for the minimal k value for a network with size N (here 20), such 
that a random network generated by using this k will still be fully connected: N≥k≥Ln(N). In 
the current study, this was true for k≥3. K values between 3 and 5 have been used in 
previous studies with a similar network size.124,292 

Once the PLI matrix has been converted to a graph, the next step is to characterize the 
graph in terms of its clustering coefficient C and characteristic path length L. The path 
length L was calculated as ‘harmonic mean’ distance between pairs as described by 
reference293, making it possible to deal with vertices that are not connected. The values of 
C and L for every k were compared to 1000 random surrogate matrices, generated as 
described by reference294, by calculating the ratio between the C and L of the patient and 
the surrogate data (referred to as Cs and Ls). To analyze the small-world characteristics of 
the network we used the measure of small-world index S,35 which is defined as 
S=(C/Cs)/(L/Ls). A network can be defined as a small-world network if C/<Cs> >>1 and 
L/<Ls>~1, which means that any value of S greater than 1 is account for small-world 
network. 
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Statistical Analysis 

All statistical analyses were performed using SPSS 15.0 for Windows (SPSS Inc., Chicago, 
USA). Possible correlations between age, age of epilepsy onset and epilepsy duration were 
analyzed by means of Pearson’s correlation coefficients. 

Analysis of the correlation between epilepsy duration and the type of lesion or type of 
epilepsy was done using independent t-tests (MTS versus tumor; partial versus generalized 
seizures) and one-way ANOVA (differentiated for multiple types of lesions and seizures). 

In order to analyze correlations with seizure frequency, BSR, PLI and network variables, non 
parametric tests were used, because these variables were not normally distributed. 
Correlations between PLI and network characteristics and epilepsy duration, age, age of 
epilepsy onset, seizure frequency, and BSR, were analyzed by means of Kendall’s Tau 
correlation coefficients. Possible effects of gender, seizure type (partial or generalized), 
nature of the lesion (tumor, vascular or mesial temporal sclerosis), and AEDs (monotherapy 
or polytherapy) on PLI and network characteristics were analyzed by means of Mann 
Whitney nonparametric U-tests. 

Since multiple correlations were analyzed, a Bonferroni correction was performed. 

 

Results 

Patient Characteristics 

The files of a total of 27 TLE patients (mean age 40 years, 41% male) were analyzed (for 
patient characteristics, see table 1 and 2). Surgical outcome after one year was 
documented according to the modified Engel scale.295 Three patients showed artifacts in 
the ECoG recordings, which occurred in one channel (one patient) or two channels (two 
patients). These artifacts were caused by bad contacts between the grid and the temporal 
brain surface. The artifact channels were excluded from further analyses in these patients. 

Four correlation coefficients were calculated regarding epilepsy duration and its correlation 
with other patient characteristics (age, age of epilepsy onset, BSR, seizure frequency). A 
Bonferroni correction for multiple analysis was performed, determining that significant 
correlations were found only when p<.013 level was reached. 

 

Functional Connectivity 

The overall PLI was significantly correlated with the history of epilepsy: PLI was lower when 
epilepsy duration was longer (Kendall’s Tau=20.389; p=.005; see figure 3). Correlations 
with PLI are shown in table 3. We found a significant correlation between the PLI and BSR, 
indicating that a higher level of sedation was correlated with increased PLI. Also, higher PLI 
was correlated with a higher age of onset. No correlation was found between seizure 
frequency and PLI. The significance level was set at p<0.013 for correlations of patient 
characteristics (epilepsy duration, age of onset, BSR, seizure frequency) with PLI, because 
four correlations were calculated. The correlations between epilepsy duration and BSR with 
PLI, remained significant after the Bonferroni correction. 
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Table 1.      
Clinical data      

       
Patient Gender Age History of  Seizure type Path Outcome 

      
epilepsy 

(yrs)     
(one 
year) 

1 F 36 22 Partial simple and complex DNET 1A 
2 M 41 5 Partial simple and complex MTS 1B 
3 F 35 3 Sec. generalized; partial complex LGG 1A 
4 M 49 42 Partial complex MTS 1A 
5 M 41 0 Partial simple and complex LGG 1B 
6 M 21 3 Generalized; partial complex DNET 1A 
7 M 18 12 Partial complex MTS 1D 
8 M 57 3 Partial complex AVM 1A 
9 F 68 32 Partial complex MTS 1A 

10 F 48 15 Partial complex Unknown 1A 
11 F 17 16 Generalized MTS 1A* 
12 M 38 36 Partial complex MTS 1A 
13 F 20 3 Partial simple MTS 1A 
14 F 37 30 Partial complex MTS 1A 
15 F 35 25 Generalized; partial complex LGG 1A 
16 F 52 50 Generalized; partial complex MTS 1A 
17 F 25 24 Sec. generalized; partial simple and complex  MTS IIA 
18 M 67 20 Generalized; absence, partial complex HAEM IID 
19 F 42 15 Generalized, partial complex, partial simple LGG 1A 
20 M 50 4 Absence HAEM 1A 
21 M 33 21 (Sec.) generalized; partial complex MTS IIB 
22 F 50 25 Sec. generalized; partial complex MTS IIB 
23 F 41 4 Partial simple and complex HAEM 1A 
24 F 28 8 Sec. generalized; partial simple MTS 1B 
25 F 42 28 Generalized; partial complex MTS IID 
26 M 41 25 Partial complex Unknown 1B 
27 F 43 15 Sec. generalized; partial simple and complex MTS 1A 

Note. F=female, M=male, yrs=years, Path=pathology, DNET=dysembryoplastic neuroepithelial tumor,  
MTS=mesiotemporal sclerosis, LGG=low-grade glioma, AVM=arteriovenous malformation,   
HAEM=haemangioma, Unknown=tumor of unknown pathology, Outcome (one year)=clinical outcome  
one year after surgery according to Engel’s scale of epilepsy burden, 1A=seizure free,   
1B=non-disabling partial seizures, 1C=some disabling seizures, 1D=generalized seizures only when  
AED is stopped, IIA=first seizure-free, now rare seizures, IIB=rare disabling seizures; IIC=more than  
rare disabling seizures since surgery, IID=nocturnal seizures only. * data were only available at  
6 months after surgery.    
 

Group comparisons were made to analyze possible correlations between gender, lesion 
type or single versus multiple AED use and PLI. Mann-Whitney U Test showed a significantly 
lower PLI in patients using multiple AEDs (M=0.159) when compared to single AED use 
(M=0.207). No correlation was found between lesion type or gender and PLI. The PLI 
difference for single versus multiple AED use remained significant after Bonferroni 
correction (p<.025 as two comparisons were calculated). 
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Table 2.      
Group characteristics      
     
Characteristic Total (N=27) STLE (N = 9) LTLE (N =18) p 
Age ± SD (years) 40 ± 13 37 ± 12 41 ± 14 .470 
Gender (%)    .441 
     Male 41 56 33  
     Female 59 44 67  
Type of lesion (%)     .217 
     MTS 56 33 67  
     Other; of which 44 67 33  

LGG 15 22 11  
DNET 7 11 6  
Haemangioma 11 22 6  
AVM 4 11 0  
Unknown 7 0 11  

Age of onset ± SD (years) 22 ± 16 33 ± 13 16 ± 14 .004* 
History of epilepsy ± SD (years) 18 ± 13 4 ± 2 25 ± 10 <.001* 

Seizure frequency (per year) ± SD 348 ± 597 
1147 ± 499 

(N=8) 
396 ± 687 

(N=17) 
.009* 

Type of epilepsy (%)    1.000 
     Partial 56 56 56  
     Generalized 44 44 44  
Antiepileptic drug use    .026* 
     Monotherapy 33 67 17  
     Polytherapy 67 33 83  
BSR ± SD 0.15 ± 0.13 0.23 ± 0.14 0.11 ± 0.10 .020* 

Note. The p-value mentioned in this table for difference between STLE and LTLE is calculated  
between MTS and the total number of tumor patients. *  statistically significant difference (p<.05). 
 

Graph Analysis 

The clustering coefficient C and small-world index S were correlated with history of 
epilepsy for an average degree k=3 (Kendall’s Tau (C) =20.346; p=.013 and Kendall’s tau 
(S)=20.360; p=.009 respectively; see figure 4). The correlation of epilepsy duration with the 
small-world index S remained significant after Bonferroni correction, determining 
correlations to be significant when p=.013 was reached. The clustering coefficient C 
showed a correlation with epilepsy duration at a significance level of p=.013, which was the 
same as the cut-off point for significance after Bonferroni correction. An example of a 
network distribution over the ECoG grid is shown in figure 5. 

When using an average degree k=4, clustering coefficient and small-world index tended to 
be correlated to epilepsy duration (Kendall’s tau (C)=20.236; p=.090 and Kendall’s tau (S) 
=20.226; p=.103 respectively), but did not reach the significance level (p<.013). No group 
differences were found regarding graph analysis when using k=5. 

There were no significant correlations between gender, age of epilepsy onset, AED use, or 
BSR with respect to clustering coefficient C, path length L, and small-world index S for the 
used values of k. However, a correlation was found between seizure frequency and 
clustering coefficient C and between seizure frequency and small-world index S for k=3: 
higher seizure frequency was associated with higher local clustering and a higher small-
world index of the network. These correlations were still found to be significant after 
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Bonferroni correction (significant correlation when p<.013). There were no correlations 
between seizure frequency and local clustering, path length, and small-world index for k=4 
and k=5. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Correlation between epilepsy duration and functional connectivity. The Phase Lag 

Index (PLI) value is given as a function of epilepsy duration of each patient, showing a 

decreased PLI with longer epilepsy duration. 

 

Several interactions between patient characteristics were analyzed, as mentioned in the 
methods section (table 2). A significant negative correlation was found between epilepsy 
duration and age of epilepsy onset (Pearson correlation=20.589; p=.001), indicating that 
patients with a longer epilepsy duration were younger at epilepsy onset. We also found a 
negative correlation between epilepsy duration and seizure frequency (Kendall’s Tau 
=20.378; p=.009). This indicates that patients with a longer history of epilepsy had a lower 
seizure frequency. Epilepsy duration tended to be negatively correlated with the BSR 
(Kendall’s Tau =20.307; p=.030), indicating a lower sedation level during ECoG recordings 
in patients with a longer epilepsy duration. However, the significance level for this 
interaction was no longer reached after Bonferroni correction. No other interactions were 
found between the patient characteristics. 
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Figure 4. Correlation between epilepsy duration and network characteristics. The clustering 

coefficient C and average shortest path length L were calculated for each patient and compared 

to 1000 random networks, resulting in a ratio C/Cs and L/Ls. Network characteristics were 

plotted into a graph as a function of epilepsy duration, showing a decrease of C/Cs (5A) and no 

change of L/Ls (5B), resulting in a decrease of the small world index S (5C). The shown results 

represent the network characteristics for an average number of connections k=3. 
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Figure 5. Network representation on the ECoG grid. Network representation of patient 13 for an 

average number of connections k=3. The characteristics of this network are: C/Cs=2.12, 

L/Ls=1.07 and S=1.98. Note that some edges are printed bold. These edges represent 

connections between three so-called ‘hub’ vertices (vertices with a relative high number of 

connections), which increase the small-world properties of the network in two ways. Firstly, the 

edges mark a local cluster, which increases the network characteristic C/Cs. Secondly, this 

particular cluster also increases the global integration of the network as almost all connected 

vertices in the network can be reached through these hubs, resulting in a lower L/Ls. 

 

Discussion 

Functional Connectivity 

This study indicates that broad-band functional connectivity recorded intra-operatively over 
the temporal neocortex is lower in patients with a longer history of TLE. The association 
between pathology and lower functional connectivity is in line with other studies. 
Correlations between functional connectivity loss and pathological states such as epilepsy, 
brain tumors, and schizophrenia have been described previously.113,129,140 Bartolomei and 
others found a correlation between duration of epilepsy and the number of cortical 
structures with epileptogenic characteristics by analyzing intracerebral EEG recordings of 
TLE patients.289 A correlation has been reported between brain tumors and decreased 
broad-band functional connectivity.113 It is hypothesized that pre-ictal hypersynchronized 
epileptogenic zones may be surrounded by isolating zones of hyposynchronization.140 
Ponten and others found that synchronization increases during a seizure in TLE patients.149 
Based on these studies, it is hypothesized that epileptogenic zones might be identified by 
their synchronization pattern. Synchronization analysis may therefore be useful as a 
method to functionally map the temporal cortex of TLE patients, hereby locating specific 
sites that participate in the initiation and propagation of seizures.145,146 Furthermore, 
analyzing synchronization patterns might be a way to locate epileptic foci in TLE patients 
who are selected for epilepsy surgery. Ortega and colleagues have suggested that seizures 
might arise from specific regions that have synchronization patterns which are highly 
differentiated from patterns in the rest of the temporal cortex.146,152 

 

Network Properties 

This study shows that patients with a longer TLE duration have less small-world network 
properties in the temporal cortex, suggesting that a less optimal functional network 
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configuration occurs in the course of TLE. This study is the first to show an association 
between changes in neural network characteristics and the duration of TLE. 

The correlation between increased network randomization and increased TLE duration is 
found to be most pronounced when using a high threshold for the number of edges (k=3). 
The choice of a threshold is somewhat arbitrary, but also provides information about the 
connections that change over time. We speculate that in this study, more random networks 
in patients with a longer epilepsy duration reflect a randomization of the strongest local 
connections. This randomization results in a less optimal local network configuration, 
which might reflect a higher vulnerability for seizures. Morgan and Soltesz found that the 
incorporation of a small number of highly interconnected granule cell hubs into a rat 
dentate gyrus model greatly increases network activity.261 In their model, this resulted in a 
hyperexcitable, potentially seizure-prone circuit. 

Several other model studies describe the potential importance of network randomization 
regarding the vulnerability to seizures. Netoff and co-workers found in a hippocampal slice 
model that seizures could be induced by changing the proportion of local ersus long-
distance connections.131 As the neural network configuration was transformed into a more 
random network, seizure-like behavior was more likely to arise. Srinivas and others 
observed hippocampal rat neurons in vitro which were injured with an exposure to 
glutamate.133 The neural network became hypersynchronous and fired bursts at high 
frequency after this injury, which they interpreted as induced epileptic activity. The 
network properties showed that the clustering coefficient decreased after injury: the 
network became more random as epileptic activity developed. Percha and others found 
that in a model of mesial TLE, epileptogenesis is characterized by structural changes in the 
neural network topology and axonal sprouting.134 They showed in a two-dimensional 
model that an abrupt transition from an unordered local state to an ordered state of global 
coherence occurs when the network configuration changes from a small-world network to a 
more random network configuration. The authors speculated that a seizure arises as brain 
pathology causes the transition to a more random network beyond a critical point. 

But what causes this randomization? The lesions in TLE patients result in cell loss, which 
might cause a reduction of the number of connected edges,296 as has been described in 
brain tumor patients.114 Apart from cell loss, mossy fiber sprouting is a hallmark of 
seizure-induced sclerosis in TLE. Dyhrfjeld-Johnsen and others used a model with cell loss 
and sprouting to simulate network changes in TLE patients.136 The value of L/Lrandom=1.19 
found in the Dyhrfjeld-Johnsen study at baseline (without a sclerotic process) was the same 
as the average path length found in our study. When looking at progression of sclerosis, 
we see that one of their simulation models, based on mossy fiber sprouting, also has a 
pattern similar to ours. In this model, L/Lrandom remains stable while C/Crandom becomes 
more random with increasing sclerosis. Mossy fiber sprouting might therefore explain our 
findings of a more random network with increased epilepsy duration. 

Previous clinical studies have already shown a correlation between dynamic functional 
network properties and TLE. Wendling and others found that the interaction of local 
interneuron connections in TLE patients is involved in the interictal to ictal state 
transition.256,261 Ponten and co-workers analyzed the network configuration of mesial TLE 
patients based on the synchronization likelihood.149 They compared network topography 
before, during, and after a seizure. A more randomly organized network was present in the 
interictal state, which moved towards a more ordered configuration during seizures. Most 
changes occurred in the C/Cs ratio. Schindler and colleagues found a similar result in their 
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analysis of EEG recordings of 100 epilepsy patients.151 Their study showed an increase of 
C/Cs ratio and L/Ls ratio during seizure onset, and a decrease of these parameters during 
seizure end. Kramer and others also found a changing clustering coefficient and small-
world index at seizure onset.150 Our study suggests that a long history of seizures (which 
induces shifts in network topology) may be related to functional changes in interictal local 
clustering and small-world properties. 

An unexplained phenomenon in TLE is its course, which is often characterized by a seizure-
free latency period after initial onset, eventually ended by recurrence of seizures. Because 
of this course, it is suggested that TLE should be seen as a progressive disease. Bernasconi 
and others found progressive volume loss of the hippocampus, the amygdala, and the 
entorhinal cortex in TLE patients, which is the structural manifestation of progression.286 
The possible emergence of an epileptogenic network during the silent period of TLE has 
been described.297 There seems to be a randomness threshold, beyond which a network is 
prone to seizure-like behavior. Neural networks of TLE patients may become more random 
during the latency period, allowing this threshold to be crossed and thus resulting in 
seizures recurrence.298,299 Our findings support the hypothesis of such a transition, 
changing the network configuration over time to a more random state which is more prone 
to seizures. 

Furthermore, the recurrence of a single seizure might lower the threshold for new seizures 
to occur in TLE patients.288,300 From this perspective, it might be hypothesized that not 
only structural changes due to the lesion alter the functional network configuration, but 
the seizures do as well. We speculate that lesion and seizures affect the local neural 
networks in such a way that they become more prone to seizures, which might play an 
important role in the recurrence of epilepsy after a latency period in TLE patients. 

Age of epilepsy onset, AED use, and level of anesthesia during surgery must be considered 
as possible confounders in this study regarding functional connectivity, as these factors 
were correlated with both epilepsy duration and functional connectivity. However, the 
found correlation remained a significant result after Bonferroni correction, indicating that 
the result was robust and was not explained by multiple testing. Age of onset was not 
correlated with network characteristics (C, L, and S). Likewise, AED use and level of 
anesthesia during surgery were related to synchronization, but not to network 
configuration measures. These findings show that network characteristics, although based 
on functional connectivity, measure different functional properties. Lesion volumes were 
not available and were therefore not included in our analysis.  

In our study, we have found a correlation between higher seizure frequency and a higher 
clustering coefficient and small-world index. We also found, however, a higher seizure 
frequency to be correlated with the history of epilepsy. This could be expected because 
data were collected in the clinical setting of an epilepsy surgery program. Surgery is 
preferred as the epilepsy burden (of which seizure frequency is an important factor) 
becomes subjectively unacceptable; surgical intervention might therefore be evaluated 
earlier in the disease course when patients suffer from seizures more frequently. Seizure 
frequency must be considered as possible confounder in this study. However, a Bonferroni 
correction was performed and our results regarding small-world index remained 
significant, whereas the local clustering reached a p-value that was the same as the cut-off 
point for significance. We have found our results to be evidence of a robust correlation 
between epilepsy duration and these network characteristics. Apart from that, seizure 
frequency is reported as an extrapolation of the number of seizures patients suffered from 
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at time of surgery, which does not truly represent the total number of seizures patients 
have had. Due to the retrospective nature of this study, we were not able to trace the 
absolute total number of seizures that patients had suffered from. Future research should 
point out whether the number of seizures prior to surgery is of influence on network 
characteristics. 

Recently, a correlation has been shown between small-world network topology and 
cognitive functioning.161 Moreover, changed network characteristics in brain tumor 
patients may be responsible for cognitive decline.162 Cognitive deficits are also an 
important quality of life limiting factor in temporal lobe epilepsy patients.301 The 
correlation between disturbed functional networks and lesional epilepsy should therefore 
be subject of future studies. 

 

Conclusion 

In the present study we have shown that there is both a decrease in connectivity of 
functional networks in the temporal lobe and that those same networks are more random 
in TLE patients having a long history of epilepsy. In particular we speculate that the 
functional neural networks of TLE patients become more random due to the influence of 
ongoing seizures on the structure of the network, irrespective of the presence of a 
structural lesion. Therefore our findings suggest that, as far as neural network functioning 
is concerned, surgical intervention might be more effective if performed earlier on in the 
course of TLE. Further investigations should address the course of epilepsy in TLE patients 
from the perspective of plasticity of network characteristics that accompany this process. 
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Abstract 

Both epilepsy patients and brain tumor patients show altered functional connectivity and 
less optimal brain network topology when compared to healthy controls, particularly in the 
theta band. Furthermore, the duration and characteristics of epilepsy may also influence 
functional interactions in brain networks. However, the specific features of connectivity and 
networks in tumor-related epilepsy have not been investigated yet. We hypothesize that 
epilepsy characteristics are related to (theta band) connectivity and network architecture in 
operated glioma patients suffering from epileptic seizures. Included patients participated 
in a clinical study investigating the effect of levetiracetam monotherapy on seizure 
frequency in glioma patients, and were assessed at two time points: directly after 
neurosurgery (t1), and six months later (t2). At these time points, 
magnetoencephalography (MEG) was recorded and information regarding clinical status 
and epilepsy history was collected. Functional connectivity was calculated in six frequency 
bands, as were a number of network measures such as normalized clustering coefficient 
and path length. At the two time points, MEG registrations were performed in respectively 
17 and 12 patients. No changes in connectivity or network topology occurred over time. 
Increased theta band connectivity at t1 and t2 was related to a higher total number of 
seizures. Furthermore, higher number of seizures was related to a less optimal, more 
random brain network topology. Other factors were not significantly related to functional 
connectivity or network topology. These results indicate that (pathologically) increased 
theta band connectivity is related to a higher number of epileptic seizures in brain tumor 
patients, suggesting that theta band connectivity changes are a hallmark of tumor-related 
epilepsy. Furthermore, a more random brain network topology is related to greater 
vulnerability to seizures. Thus, functional connectivity and brain network architecture may 
prove to be important parameters of tumor-related epilepsy. 
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Introduction 

Gliomas are primary brain tumors arising from the supporting tissue of the brain. The 
presenting symptoms in glioma patients include epileptic seizures in 20-45% of patients.302 
Another 15-30% of patients develop seizures during their disease.303 Multiple factors may 
contribute to epileptogenesis (for a review, see reference31), but all possible factors that 
have been studied up till now do not suffice when trying to clarify the course of tumor-
related epilepsy. Possibly, a better understanding of tumor-related epilepsy could be 
achieved using a relatively new concept in neuroscience: ‘functional connectivity’ refers to 
the statistical interdependencies between neurophysiological time series such as EEG, MEG, 
or fMRI-BOLD signals.46,275 Functional connectivity is thought to reflect communication 
between different brain areas, thus having a major impact on brain functioning.6,157 
Furthermore, the brain can be seen as a complex integrated network, in which focal 
changes influence the integrity and status of the brain as a whole. An ‘optimal’ brain 
network probably includes concepts that are pivotal in many types of complex networks, 
such as localized segregation combined with overall integration.304 Watts and Strogatz 
proposed a theoretical framework for such a network, the so-called ‘small-world’ network.7 
The small-world network is an intermediate type of network in between the ‘random’ 
network, in which all connections between nodes are randomly drawn, and the ‘regular’ 
network, in which connections between nodes are present in an ordered fashion and all 
nodes have the same number of connections. Several studies have shown that both 
structural and functional brain networks in healthy humans and animals can be 
characterized by the small-world principle.7,95,96,105 

Previous studies using magnetoencephalography (MEG) recordings show that functional 
connectivity and network topology are significantly altered in brain tumor patients when 
compared to healthy participants: lower frequency connectivity (in particularly the theta 
band) is pathologically increased, and the normal small-world configuration is 
disturbed.113,114,162,170 These differences are not only limited to the area around the tumor, 
but involve brain-wide networks and are related to cognitive deficits. Altered connectivity 
and network topology have also been reported in epilepsy patients, even in the inter-ictal 
period. Increased theta, but also delta, frequency EEG connectivity in between seizures was 
found in two studies investigating epilepsy patients.257,280 Furthermore, therapy-resistant 
epilepsy patients have been reported to have a more regular network topology than healthy 
controls as measured with EEG.257  

Changes over time in connectivity and network patterns in neuro-oncological or epilepsy 
patients have only been sparsely reported. In a previous study, we investigated a patient 
group with varying types of primary brain tumors with MEG before and after tumor 
resection.268 After tumor resection, functional connectivity in the theta band significantly 
decreased in these patients, suggesting ‘normalization’ of the previously reported 
pathologically increased connectivity. Moreover, this decrease was related to better 
postsurgical outcome in terms of seizure-freedom. Studies using both fMRI and acute 
corticography recordings in mTLE patients suggest that prolonged therapy-resistant 
epilepsy is related to decreases in broadband functional connectivity.277,278 Furthermore, 
the small-world architecture is more disrupted in the temporal cortical networks of TLE 
patients with longer epilepsy history.278  

Previous studies suggest that both epilepsy and brain tumors are related to changes in 
connectivity, which may be most prominent in the theta band. Furthermore, brain networks 
of both epilepsy patients and brain tumor patients display a loss of small-world features 
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when compared to healthy controls. In the current study, we first aimed to investigate the 
relation between functional connectivity, network topology, and tumor-related epilepsy in a 
group of glioma patients. We hypothesized increased connectivity and less optimal 
network topology in the theta band to be related to epilepsy characteristics. Secondly, we 
studied the longitudinal changes in connectivity and network architecture during the first 
six months after neurosurgery in relation to changes in epilepsy features. The patients 
participated in a clinical study investigating levetiracetam monotherapy (an anti-epileptic 
drug (AED)), which implicates that patients were homogeneous with respect to AED use.   

 

Methods 

Patients 

This study was performed on patients who were included in a study primarily investigating 
the effect of levetiracetam monotherapy in brain tumor patients. Between April 1st 2007 
and June 1st 2009, patients were recruited from two tertiary referral centers for brain tumor 
patients in The Netherlands (VU University Medical Center and Academic Medical Center, 
Amsterdam). Inclusion criteria were: (1) a diagnosis of novel or recurrent glioma confirmed 
by pathological diagnosis, (2) age ≥ 18 years, and (3) generalized or partial seizures with 
or without secondary generalization. All patients had undergone surgery and were treated 
with levetiracetam monotherapy at the time of inclusion. Exclusion criteria were: (1) lack of 
a basic proficiency of the Dutch language, or (2) the inability to communicate adequately. 
The first MEG recordings took place within six weeks after neurosurgery (t1). Follow-up 
took place after six months (t2) and one year (t3). Data regarding medical status, physical 
examination, and laboratory investigations were collected at these time points, as well as 
Karnofsky performance status211 and Barthel index.210 Patients were excluded during 
follow-up if their treating neurologist decided to discontinue levetiracetam monotherapy or 
if another antiepileptic drug (AED) was added to their regime. All patients gave written 
informed consent before participating, and study approval was obtained from both centers’ 
ethics committees.  

 

Magnetoencephalography (MEG) 

Magnetic fields were recorded while subjects were seated inside a magnetically shielded 
room (Vacuumschmelze GmbH, Hanau, Germany) using a 151-channel whole-head MEG 
system (CTF Systems Inc., Port Coquitlam, BC, Canada). A third-order software gradient was 
used with a recording pass band of 0.25–125 Hz.228 Fields were measured during a no-task 
eyes-closed condition, with a sample frequency of 625 Hz. At the beginning and end of 
each recording, the head position relative to the coordinate system of the helmet was 
recorded by leading small alternating currents through three head position coils attached 
to the left and right pre-auricular points and the nasion on the patient’s head. Head 
position changes up to approximately 1.5 cm during a recording condition were accepted. 
During the recording, patients were instructed to close their eyes to reduce artifact signals 
due to eye movements. MEG channels that were defect or contained artifacts in at least one 
patient were excluded in the entire group, leaving 140 of the 151 MEG channels to be 
included. 
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Power analysis 

Relative power was calculated by means of Fast Fourier Transformations in six frequency 
bands (respectively delta (0.5-4 Hz), theta (4-8 Hz), lower alpha (8-10 Hz), upper alpha (10-
13 Hz), beta (13-30 Hz), and gamma (30-45 Hz). 

 

Functional connectivity 

Functional connectivity was assessed with the phase lag index (PLI271). The PLI calculates 
synchronisation between time series by reflecting the consistency with which one signal is 
phase leading or lagging with respect to another signal. The PLI exploits the asymmetry of 
the distribution of instantaneous phase differences between two signals. It assumes that 
the presence of a consistent, nonzero phase lag between two time series cannot be 
explained by volume conduction alone. Thus, finding true interactions instead of volume 
conduction effects is more likely when using this method. The PLI ranges between 0 and 1, 
and a PLI of more than 0 indicates phase locking to a certain extent, whereas a PLI of 0 
indicates no coupling or coupling with a phase difference centered around 0 ± π radians. 
An index of the asymmetry of the phase difference distribution can be obtained from a 
time series of phase differences ΔΦ (tk), k=1 . . . N in the following way: 

 

Formula 5  

  

Five artifact free epochs of 4096 samples (6.552 seconds) during resting-state with eyes 
closed were carefully selected by visual analysis from each patient at each time point [ED]. 
PLIs between each pair of MEG sensors were computed after filtering the MEG signals in six 
frequency bands (respectively delta (0.5-4 Hz), theta (4-8 Hz), lower alpha (8-10 Hz), upper 
alpha (10-13 Hz), beta (13-30 Hz), and gamma (30-45 Hz227). Computation of the PLI was 
done offline with DIGEEGXP software, developed at our department [CJS]. PLI for all sensor 
pairs was averaged over each set of the selected five epochs, after which graph analysis 
took place.  

 

Graph analysis 

A graph is a topographical representation of a network, constructed by nodes (‘vertices’) 
and links (‘edges’) between them. Graphs can be unweighted (binary) or weighted; in the 
former case, a threshold is applied for every edge. When the connectivity value is higher 
than the threshold, the edge is present and gets a value of 1; if not, the edge is not and 
thus is given a value 0. In this study, we used undirected weighted graphs, in which the 
weight of every edge was the PLI value of the link between the two nodes it connects.  

A wide range of network measures can be calculated after representing MEG data as a 
graph (see references157,166 for recent reviews). In this study, the most commonly used 
measures are employed. The first measure is the weighted clustering coefficient C, which 
refers to the likelihood that neighbors of a vertex will also be connected. The clustering 
coefficient characterizes the tendency of nodes to form local clusters and is thus a 
measure of local segregation of the graph. The second measure is the average weighted 
path length L, signifying the average highest connectivity of edges connecting any two 
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vertices, and is a measure for global integration of the network. The combination of high 
local clustering and a short average path length seems to be the optimal configuration for 
efficient communication in a network.7 A small-world network, which is thought to be a 
feasible model for human brain networks, has such a configuration. The (weighted) 
clustering index of vertex i with edge w with other vertices is defined as formula 2 and 3 in 
chapter 7, while the weighted characteristic path length L was calculated using formula 4 
from chapter 7. For a more detailed description of calculation of the weighted clustering 
coefficient Cw and weighted average shortest path length Lw in this study see reference167.  

We normalized all network characteristics to those of 1000 surrogate random networks of 
the same size, resulting in the measures Cw/Cws, Lw/Lws. The surrogate networks were 
obtained from the original networks by randomly reshuffling the edge weights, hereby 
preserving the symmetry of the matrix.  

A second-order graph property has been proposed:35 the ratio between Cw/Cws and Lw/Lws, 
which is an index of ‘small-worldness’. Graphs with a small-world index>1 are considered 
small-world, since Cw/Cws>1 and Lw/Lws~1 apply in small-world networks.  

Finally, we calculated the ‘edge weight correlation’. This is a measure for the correlation 
between weights of neighboring edges, i.e. edges that connect to the same vertex.305 The 
edge weight correlation is calculated as the range between the highest and lowest weight 
of all edges per vertex: 

 

Formula 6  

 

Wmax accounts for the maximum weight and Wmin for the minimum weight of the edges of 
node i. This range is then compared to that of the random equivalent of the network, in 
which the edges are randomly redistributed over the vertices while their weights are kept 
unchanged (as described above for other network characteristics). When the resulting value 
Wr lies between 0 and 1, a positive weight-weight correlation exists (because the range of 
neighboring weight values is smaller than in a random network), whereas the weights are 
anti-correlated when Wr>1. It has been shown that a positive weight correlation (thus: 
Wr<1) dramatically increases transport over the network, and edge weight correlation and 
thus transport increase further as Wr approaches 0.305  

 

Statistical analysis 

All statistical analyses were performed using SPSS 15.0 for Windows. Functional 
connectivity and network variables usually do not follow a normal distribution, warranting 
non-parametric testing. Correlations between connectivity, network features, and seizure-
related variables were tested using Kendall’s Tau. Differences in connectivity and network 
topology according to seizure-related variables were tested using Mann-Whitney U-tests. 
Changes in seizure characteristics, functional connectivity, and network features between 
the three time points were tested with Wilcoxon signed rank tests. When applicable, we 
corrected for the number of comparisons with the false discovery rate (FDR110). 
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Results 

 

Patients 

A total of 24 patients were included, but 7 patients had to be excluded due to MEG 
artifacts at t1. Further analyses were performed using the remaining 17 patients. All 
patients had undergone surgical intervention and histopathological diagnoses were 
obtained (see table 1). Patients’ mean age was 44 years (SD=12 years) and four patients 
were females. The majority of patients was diagnosed with glioblastoma multiforme (GBM, 
nine patients). The tumor was localized in the right hemisphere in 12 patients. These 
tumors were all localized in the frontal or temporal lobe. Five patients had left-sided 
tumors, which were localized in the frontal lobe in most patients. Most patients (11 of 17) 
had at most one seizure per month in the last month before t1 (i.e. seizure frequency in 
table 1), while three patients had more than one seizure per day. Seizures were likely to be 
due to the tumor in all patients. At t2, 12 patients underwent a second MEG recording: two 
patients were excluded because they switched to another AED, while one patient had died 
due to disease progression. In two patients, no artifact-free MEG epochs were available. Of 
these 12 patients, 10 patients did not have seizures anymore, while 2 patients still had 
occasional seizures. At t3, only 6 patients were tested. Due to the small number of patients 
available at t3, no further analysis was performed on these measurements. Patient 
characteristics at t2 are displayed in table 2.  

 

Table 1.         
Patient characteristics at t1      
                    
  Age  Gender Seizure  Time since Seizure Total Type of Histopath.  Tumor 
   type 1st seizure frequency number of  surgery diagnosis localization
        (months) (per month) seizures       
1 57 M  PS 65  4-30 10 R OIII RF 
2 43 M  GS 19 >30 120 R AII RF 
3 46 F  GS 163 0 11 R OII LF 
4 49 M  GS 30 >30 20 R GBM LF 
5 68 M  PS 61 >30 2 R GBM RT 
6 36 M  GS 5 0 1 R AIII RF 
7 30 M  GS 21 1 2 R AII RF 
8 50 M  GS 11 1 1 B AIII LPO 
9 25 F  GS 15  4-30 8 B GBM RT 
10 61 M  GS 32 0 1 R GBM RF 
11 45 M  GS 117 1 1 R OIII RT 
12 37 F  GS 33 1 2 R GBM RFT 
13 47 M  GS 38 1 3 R AIII LF 
14 29 M  GS 22  1-4 3 R GBM RF 
15 49 F  PS 9 1 2 R GBM LF 
16 48 M  GS 10 0 1 R GBM RT 
17 25 M  GS 16 1 3 R GBM RT 
Note. M=male, F=female, PS=partial seizures, GS=generalized seizures, R=(sub)total resection,  
B=stereotactic biopsy, OII or III=oligodendroglioma WHO grade II or III, AII or III=astrocytoma WHO  
grade II or III, GBM=glioblastoma multiforme, RF=right frontal, LF=left frontal, RT=right temporal,  
LPO=left parieto-occipital, RFT=right fronto-temporal.    
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Table 1 (continued)   
Patient characteristics at t1  

      
  CT  RT DEX KPS Barthel 

1 N  Y  N  90 20 
2 Y  N  N  70 19 
3 Y  N  N  90 20 
4 Y  Y  N  80 20 
5 Y  N  Y  100 20 
6 N  Y  N  90 20 
7 N  N  N  100 20 
8 Y  Y  Y  90 20 
9 Y  Y  Y  90 20 
10 Y  Y  Y  100 20 
11 N  Y  N  90 20 
12 Y  Y  N  90 20 
13 N  Y  N  70 19 
14 Y  Y  N  90 20 
15 Y  Y  Y  80 16 
16 Y  Y  N  100 20 
17 Y  Y  N  100 20 

Note. CT=chemotherapy, RT=radiotherapy, DEX= 
dexamethasone, KPS=Karnofsky performance  
status, N=no, Y=yes.   
 

Table 2.       
Patient characteristics at t2     
                
  Seizure Total CT RT DEX KPS Barthel 
 frequency number of      
  (per month) seizures           
1 0 10 N N N 100 19 
3 0 11 N N N 90 20 
4 1 22 Y N Y 80 20 
6 0 1 N N N 90 20 
7 0 2 N N N 100 20 
8 1 3 Y N Y 100 20 
9 0 8 N N Y 90 20 

10 0 1 Y N N 90 20 
11 0 1 N N N 90 20 
12 0 2 Y N N 80 20 
15 0 2 N N N 80 18 
16 0 1 Y N N 90 20 
Note. CT=chemotherapy, RT=radiotherapy, DEX=dexamethasone, 
KPS = Karnofsky performance status, N = no, Y = yes.  
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Power analysis 

Relative power in each frequency band was calculated. No significant changes in relative 
power occurred between t1 and t2. There were also no correlations between relative power 
in each frequency band and clinical characteristics, such as seizure frequency and total 
number of seizures. 

 

Functional connectivity 

Significant correlations were found between functional connectivity and the total number 
of seizures, which refers to the total number of seizures that patients had experienced 
from the first to the last seizure before MEG measurement at the first time point. At t1, a 
higher number of seizures since diagnosis was significantly associated with higher theta 
band PLI (Kendall’s Tau=.501, p=.008; see figure 1A). This correlation remained significant 
when excluding an outlier patient, who had experienced a total of 120 seizures. At t2, the 
same association was found, although significance was lost after correcting for the number 
of comparisons (Kendall’s Tau=0.538, p=.020; see figure 1D). The total number of seizures 
significantly dropped between t1 and t2 from on average 11 seizures at t1 to less than one 
seizure between t1 and t2 (Wilcoxon signed rank test, Z=-2.81, p=.003). There were no 
significant changes in functional connectivity between the two time points (see figure 2). 

In order to explore which type of theta band connectivity was related to the total number 
of seizures at t1, we summarized connectivity into three values: (1) short-distance PLI, (2) 
long-distance intrahemispheric PLI, and (3) long-distance interhemispheric PLI (see 
reference268). There were highly significant correlations between the total number of 
seizures at t1 with both short-distance theta band PLI (Kendall’s Tau=.531, p=.005) as well 
as with long-distance intrahemispheric theta band PLI (Kendall’s Tau=.563, p=.003). Theta 
band functional connectivity in the temporal lobe seemed to have the strongest relation to 
the number of seizures: left temporo-occipital PLI (Kendall’s Tau=.563, p=.003), right 
fronto-temporal PLI (Kendall’s Tau=.610, p=.001), right temporo-occipital PLI (Kendall’s 
Tau=.531, p=.005), and left temporal PLI (Kendall’s Tau=.515, p=.006). 

Several possible confounders for the reported results were explored in post-hoc analyses. 
There were no significant associations between functional connectivity and patients’ age, 
the total daily dose of levetiracetam, anti-tumor treatment (chemotherapy, radiotherapy, or 
dexamethasone), performance status, and the duration of epilepsy at t1. Furthermore, 
there were no differences in functional connectivity between men and women (gender 
differences have been reported previously with respect to anatomical and functional 
connectivity164,179), patients with disease recurrence versus newly diagnosed patients, 
patients suffering from partial or generalized seizures, patients with low-grade versus 
high-grade tumors, left-sided and right-sided tumors, and type of resection (biopsy or 
(sub)total resection), although only two patients underwent biopsy.  

 

 

 

 

 



Section III - Epilepsy 

 142 

Figure 1. Scatterplots of correlations between functional connectivity, network characteristics, 

and total number of seizures at both t1 and t2. Left column: scatterplots excluding outlying 

patients (patient 2 in table 1), right column: scatterplots including this patient. (A) correlation 

between theta band phase lag index (PLI) at t1 without outlying patient, (B) correlation between 

theta band PLI at t1 with outlying patient, (C) correlation between theta band path length and 

total number of seizures at t1 without outlying patient, (D) correlation between theta band path 

length and total number of seizures at t1 with outlying patient, (E) correlation between theta 

band edge weight correlation and total number of seizures at t1 without outlying patient, (F) 

correlation between theta band edge weight correlation and total number of seizures at t1 with 

outlying patient, and (G) correlation between theta band PLI and total number of seizures at t2.  
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Figure 2. Mean PLI at both time points. PLI = phase lag index. 

 

Figure 3. Mean network characteristics at both time points. Cw/Cws=weighted normalized 

clustering coefficient, Lw/Lws=weighted normalized clustering coefficient, S=small-world index, 

Wr=edge weight correlation. 
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Graph analysis 

Increasing theta band edge weight correlation (i.e. lower value of Wr) was significantly 
related to higher total number of seizures at t1 (Kendall’s Tau=-.507, p=.008; see figure 
1C). Higher total number of seizures at t1 was related to higher theta band path length, 
although this correlation was not significant after correcting for multiple comparisons 
(Kendall’s Tau=.404, p=.031; see figure 1B). There were no significant changes in network 
features between time points (see figure 3). 

Again, confounders were explored. There was no correlation between network features and 
duration of epilepsy, tumor treatment (radiotherapy, chemotherapy, dexamethasone), 
performance status, and daily dose of levetiracetam. There were no differences in network 
features between male and female patients, patients with recurrent disease or newly 
diagnosed brain tumors, patients who had undergone resection versus biopsy, patients 
with tumors in the left and right hemisphere, and patients with partial seizures and 
patients with generalized seizures. However, higher age was related to lower edge weight 
correlation (Kendall’s Tau=.502, p=.006).  

 

Discussion 

Significant associations exist between epilepsy characteristics and both functional 
connectivity and network topology in brain tumor patients directly after neurosurgical 
intervention: increased theta band phase lag index (PLI) is related to a greater total number 
of seizures. This association mostly concerns theta band connectivity within the temporal 
lobe, and between the temporal and other lobes. There is also a correlation between higher 
total number of seizures and higher theta band edge weight correlation (Wr). No significant 
changes in functional connectivity or network variables were observed over time. 
Furthermore, the total number of seizures from the first seizure to both time points 
seemed to be the only factor related to differences in connectivity and network variables 
(except age), while other variables such as treatment characteristics, type of tumor, and 
lateralization of the tumor were not significantly related to connectivity and network 
topology.  

Our findings concerning the association between theta band functional connectivity and 
number of epileptic seizures corroborate several lines of previous research and confirm 
our initial hypothesis. Earlier studies in brain tumor patients have shown that these 
patients have increased connectivity in lower frequency bands, and particularly in the theta 
band.113,170 Furthermore, theta band functional connectivity significantly decreased after 
tumor resection in a group of mixed brain tumor patients, suggesting ‘normalization’ of 
the previously reported pathologically increased connectivity.268 In epilepsy, increased 
theta band connectivity has also been reported in the inter-ictal EEG.280 Increased theta 
band functional connectivity seems to be a hallmark of epilepsy, tumor-related epilepsy, 
and/or brain tumors, and the current results support further investigations into this 
hypothesis.  

Brain tumor patients have been found to have disrupted small-world- brain networks when 
compared to healthy controls.114,162 In the current study, there was a significant relation 
between higher number of seizures and higher edge weight correlation in the theta band. 
Although high edge weight correlation has been thought to be beneficial to functional 
status of the network, because of increased transport of information,305 correlations that 
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are too high may increase vulnerability to seizures due to an abnormally high 
synchronisability of the brain network. Using a model of rat hippocampus, it has been 
shown that adding highly connected hubs increases network vulnerability to seizures.261 
Furthermore, single-cell recordings in rats also show that hubs are highly influential 
throughout the network, and may or may not promote synchronizability.306 At seizure 
onset, epilepsy patients also show increases of average interconnectedness of the 
network.144,149,150 Thus, it seems as though there is a critical threshold of connectivity and 
synchronisability. There was also a near-significant correlation between higher number of 
seizures and longer theta band path length. This increased path length in epilepsy patients 
has been found with EEG.257  

The associations between connectivity and seizures in this study were mainly due to 
connectivity with and within the temporal lobe. This result could be due to the relatively 
high number of patients with temporal tumors (6 of 17), but may also be related to the 
origins of theta band oscillations and its relation with epilepsy. The theta band contains an 
oscillatory pattern that has for long been thought to emanate from the hippocampal 
structures, after which it spreads to the outer layers of the brain. However, later studies 
have shown that other regions of the brain may also generate theta oscillations in certain 
cognitive states.307 Power, amplitude, and synchronization of the theta band has mainly 
been linked to cognitive functioning, particularly processes involved in learning and 
memory.120,174,308 Microscopically, theta band oscillations may be regulated by GABAergic 
interneurons.309,310 Moreover, blockade of GABA receptors in induced epilepsy alters 
patterns of theta activity,311 and hubs consisting of GABAergic interneurons may determine 
network synchronization.306 Also, neuronal changes associated with temporal lobe epilepsy 
can disrupt hippocampal theta function.312 These studies point towards a possible link 
between epilepsy and the theta band. In human neurophysiological data, the association 
between the theta band and epilepsy has increasingly been studied over the past two 
decades. Pathological thalamo-cortical theta oscillations have been described in absence 
seizures,313 and increased theta band absolute spectral power is related to absence 
epilepsy314 and generalized epilepsies.315 Another study reports increased theta band 
power to be related to the severity of epilepsy.316 Moreover, interhemispheric theta band 
coherence proved to be a selective feature of patients with generalized epilepsy.313  

Functional connectivity and network topology did not change significantly over the two 
time points in this study, although seizure frequency did change over time. The limited 
sample size in this study may have impacted significance, but the lack of change may also 
be due to the possibility of a stable plateau phase in connectivity and network topology. 
Possibly, resection of the tumor induces a great change in functional connectivity, after 
which this stable phase is reached at t1, approximately 6 weeks after neurosurgical 
intervention. Future studies should aim at elucidating this possibility. A number of 
explored variables also did not have a significant impact on connectivity and network 
features, although this intuitively may have been expected. This could be due to the small 
sample size and heterogeneous group, but the impact of radiotherapy, chemotherapy, and 
dexamethasone on the background EEG is largely unknown. A study investigating epilepsy 
patients receiving add-on levetiracetam treatment reports no changes in background EEG, 
although they did not look at connectivity.317 Furthermore, there was no significant 
influence of the type (i.e. WHO grade) and lateralization (left or right hemisphere) of the 
tumor on functional connectivity or network characteristics, corroborating previous 
research that has also pointed out that the location of the tumor does not determine the 
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pattern of connectivity changes in the brain, although patients with right-sided tumors 
were generally better off in terms of alterations in connectivity.113 Another possible 
explanation for the lack of change may also be the high heritability of both functional 
connectivity and network topology:318,319 the effect of factors such as tumor treatment may 
not be great enough to overcome the constancy of the genetically determined network 
architecture.  

This study has some limitations, one of which is the small sample size, limiting statistical 
power. Although patients were homogeneous with respect to brain tumor type (glioma) 
and AED, variation was present regarding a number of variables. These variables were not 
significantly related to functional connectivity or network features, but future studies 
should aim to investigate more homogeneous subgroups of brain tumor patients to 
elucidate more specific effects. Furthermore, all MEG experiments have the limitation of 
the inverse problem, common sources and volume conduction. However, the PLI is very 
strict in this respect and disregards all zero-lagged correlations, which means that our 
results are not the result of spurious correlations because of common sources or volume 
conduction. 

 

Conclusions 

Our results suggest that theta band connectivity and network topology may be important 
for tumor-related epileptic seizures. These findings bring up thoughts about possible 
mechanisms of epileptogenesis in brain tumor patients. Functional connectivity and 
network characteristics in the theta band seem most important in tumor-related epilepsy. 
Future research should focus on elucidating this correlation between epilepsy and the theta 
band.  
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Abstract 

We explored the effect of unilateral intracarotid sodium amobarbital injection during the 
Wada test (intra-arterial amobarbital procedure, IAP) on functional connectivity in the brain 
assessed by synchronization analysis of the EEG. Patients suffering from pharmaco-
resistant epilepsy who were selected for epilepsy surgery and underwent a preoperative IAP 
to determine language dominance and contralateral memory capacity were eligible. All 
patients had brain abnormalities (mostly tumors) or mesial temporal sclerosis. Ipsilateral 
intrahemispheric, contralateral intrahemispheric, and interhemispheric synchronization 
likelihood (SL) was calculated in seven frequency bands before and during the IAP. Forty-
two patients who underwent the IAP (34 left carotid injections, 32 right carotid injections) 
were included. In the delta and theta bands, SL increased over the hemisphere ipsilateral to 
injection, while contralateral and interhemispheric SL decreased. The SL increased in the 
beta band. In the gamma bands, differences between patients with right-sided and left-
sided lesions were observed. When a left-hemisphere lesion was present, SL increased after 
injection, while a more unequivocal pattern of change was present in patients with right-
hemisphere lesions. Our results indicate that amobarbital injection has effects on 
functional connectivity of both the anaesthetized and non-anaesthetized hemispheres. 
Synchronization consistently increases in the injected hemisphere. Functional connectivity 
in the contralateral hemisphere decreases in the lower frequency bands, while it tends to 
increase in the beta and gamma bands (depending on lesion lateralization). These results 
indicate that functional connectivity in both the injected as well as in the contralateral 
hemishere is strongly influenced by the IAP. 
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Introduction 

The Wada test (intra-arterial amobarbital procedure, IAP) has been the most frequently 
used method to determine language dominance and memory capacity in temporal lobe 
epilepsy (TLE) surgery candidates for decades.320,321 During the IAP, sodium amobarbital 
(or another sedative) is injected unilaterally into the internal carotid artery in order to 
selectively suppress activity in one hemisphere of the brain. After injection, functioning of 
the non-anaesthetized hemisphere can temporarily be assessed by means of 
neuropsychological testing. The IAP has for long been a clinically essential tool in 
determining patients’ eligibility for epilepsy surgery. However, the popularity of the IAP has 
decreased in the past decade, mainly because of the possibly associated morbidity,322 and 
interpretation issues concerning specificity and test-retest reliability.323-327 At this moment, 
an estimated 40% of all centers performing epilepsy surgery use the IAP in most (i.e. more 
than 75% of all) epilepsy surgery candidates.328,329 

The IAP is a method of reversibly ‘shutting down’ one hemisphere of the brain, in order to 
mimic the functional effect of a resection of brain areas within the injected hemisphere. 
Most clinicians hold the view that the IAP affects only the injected hemisphere, while 
functioning within the contralateral hemisphere remains constant. However, ‘shutting 
down’ one half of the brain may also affect functional properties of the contralateral 
hemisphere. Until now, the precise effects of lesions or suppression of circumscribed brain 
areas on functional connectivity in the rest of the brain are still unknown. This notion 
refers to the statistical interdependencies between time series,46 and is thought to reflect 
communication between different brain areas. Functional connectivity is probably essential 
for optimal brain functioning.6,62,63,155,156 Functional connectivity can be assessed by means 
of electroencephalography (EEG) and magnetoencephalography (MEG). Abnormalities in 
overall functional connectivity during resting state have been observed in primary brain 
tumor patients compared to healthy controls,113,114 which were correlated with decreased 
cognitive functioning.170 These abnormalities, in particular the pathologically increased 
theta synchronization, normalized after tumor resection, and this normalization tended to 
be related to better epilepsy outcome.268,295 We also observed that brain tumors not only 
influence local communication, but also change connectivity in more remote, and even 
contralateral, brain areas.113,114,170 To our knowledge, studies researching functional 
connectivity in other types of circumscribed brain lesions have not been performed yet.  

Until now, the effects of the IAP on functional connectivity of the brain in resting state are 
unknown. A proper understanding of ipsilateral and contralateral changes induced by the 
IAP is important to comprehend fully the effects of amobarbital injection, and may 
contribute to our knowledge of functional plasticity in the brain. This reversible procedure 
may be highly useful to understand plasticity and adaptation in the brain when lesioned. 
Based on previous studies, we hypothesize that ‘shutting down’ one complete hemisphere 
through an IAP has strong effects on remote (i.e. contralateral) brain areas. This study 
explores the effect of sodium amobarbital injection during the IAP on functional 
connectivity in both the ipsilateral and contralateral hemispheres. 
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Methods  

Patients 

EEG data from all patients who underwent the IAP between November 2003 and October 
2007 at the VU University Medical Center were visually inspected for this retrospective 
study. All patients suffered from pharmaco-resistant epilepsy and were selected for 
epilepsy surgery, warranting a preoperative IAP. Only patients of whom three artifact-free 
epochs of ten seconds directly before and after amobarbital injection could be selected 
were included. The EEGs that were used were recorded as part of regular patient care, and 
data were analyzed anonymously in this study. 

 

Electroencephalography & functional connectivity 

Electroencephalography was performed continuously from approximately one hour before 
to half an hour after the Wada procedure. Patients were asked to lie down, after which the 
electrodes were attached to the scalp. In order to inject the amobarbital selectively into the 
internal carotid artery, a 4F catheter was placed via a femoral artery approach, guided by 
angiography. In order to observe flow patterns through the circle of Willis, selective 
angiography of the internal carotid artery and visualization in posterior-anterior and lateral 
projection was performed in all patients before injection of the sodium amobarbital. None 
of the patients showed cross-flow in to the contralateral arteria cerebri media. The 
injections of amobarbital were administered by hand through a catheter which was 
removed immediately after injection. Patients were typically injected with a slow bolus of 
125 mg sodium amobarbital in 2.5 cc. There were at least 30 minutes between successive 
IAPs in the case of bilateral procedures. Patients had their eyes open, and were instructed 
to lie still as much as possible during the procedure. 

EEGs were recorded with a digital EEG apparatus (Brainlab, manufactured by OSG) from 
Fp2, Fp1, F8, F7, F4, F3, A2, A1, T4, T3, C4, C3, T6, T5, P4, P3, O2, O1, Fz, Cz and Pz with 
Ag/AgCl electrodes. Impedance was kept below 5 kOhm. Initial filter settings were: time 
constant 1 s and high frequency cut-off 70 Hz. Sampling frequency was 500 Hz and A-D 
precision 16 bit. As reference for the EEG, an average montage was used during 
measurements.  

The amobarbital effect is maximal up to the first minute of injection. Therefore, the three 
most artifact free epochs of eight seconds (i.e. 4096 samples) were visually selected [LD] 
both from the 40 seconds directly before and after injection, if possible after both left 
hemisphere injection and right hemisphere injection in the same patient. These six epochs 
per patient per injection were converted to ASCII files. The two fronto-parietal electrodes 
(Fp1 and Fp2) were excluded to minimize artifacts due to eye movements. Also, the 
midline electrodes (Fz, Cz, and Pz) were excluded, because we were specifically interested 
in intrahemispherical and interhemispherical functional connectivity. Further analyses of 
functional connectivity were performed off-line with software developed at the department 
of clinical neurophysiology of the VU University Medical Center (DIGEEGXP [CJS]). The 
synchronization likelihood (SL, see reference107) was used as an index of functional 
connectivity. We assume two dynamic systems, for instance, neural networks designated X 
and Y. Time series xi and yi are recorded from both neural networks. The general problem 
is to infer functional interactions between X and Y from xi and yi. The current assumption 
regarding functional connectivity states that the more xi and yi ‘resemble’, the stronger X 
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and Y interact. This resemblance can be quantified by several measures, such as coherence 
or cross-correlation. However, it has been shown that X and Y can interact even when xi 
and yi do not resemble each other in a simple way. This more complicated concept, called 
generalized synchronization, implies that the state of Y is a function of the state of X. The 
SL is a way to quantify this generalized synchronization,165 and takes linear as well as 
nonlinear synchronization between two time series into account. Synchronization 
likelihoods between all combinations of the 16 included electrodes were determined, 
providing us with a 16x16 matrix of SL values. These matrices were calculated in the 
following seven frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), lower alpha (8-10 Hz), 
upper alpha (10-13 Hz), beta (13-30 Hz), lower gamma (30-45 Hz), and upper gamma (55-
80 Hz; see 227). Further averaging of the obtained SL matrices took place to obtain three SL 
scores: left intrahemispheric, right intrahemispheric, and interhemispheric synchronization 
likelihoods. Recapitulating, we now had three SL scores per frequency band, both before 
injection and after, adding up to 3x7x2=42 SLs. When patients had undergone bilateral 
IAPs, this number doubled to 84 SLs. 

 

Statistical analysis 

All statistical analyses were performed using SPSS 15.0 for Windows. Differences between 
included and excluded patients were assessed by means of a Student’s t-test for 
independent samples (age) and Chi-square tests (sex, lesion type, lesion lateralization). To 
increase statistical power and because of the non-normality of SL data, we normalized SL 
scores by means of a logarithmic transformation, which has been used in previous studies 
regarding neurophysiological time series (LN[x/[1-x]]; see references240,170,330). In order to 
test whether the injection of sodium amobarbital had an effect on functional connectivity, 
we used a single repeated measures ANOVA, hereby controlling for multiple testing of our 
large number of variables. The ANOVA had four within-subject variables: frequency 
(including the seven aforementioned bands), side of injection (right vs. left), state (rest vs. 
injected), and SL (right or left intrahemispheric, and interhemispheric). Furthermore, 
lateralization of the lesion (left vs. right) and type of lesion (tumor vs. MTS) were entered 
as between-subject variables. If this general analysis yielded significant results (i.e. 
significant main or interaction effects of ‘state’), we proceeded with two repeated 
measures ANOVAs per side of amobarbital injection. Subsequently, repeated measures 
ANOVAs per side of injection and per frequency followed. Finally, paired samples t-tests 
were only performed in case of significant effects of state in a certain frequency band with 
left or right amobarbital injection.  

 

Results  

Patient characteristics 

Fifty-seven patients underwent the IAP during the inclusion period. Artifact free epochs 
were insufficiently available in 15 patients, leaving the EEG recordings from the remaining 
42 patients (22 male) to be included. Patients had a mean age of 37 years (SD=11.7). The 
cause of focal epilepsy was a histopathologically confirmed tumor in 22 patients (52%), of 
whom 15 had the tumor in the left hemisphere. Nineteen patients (46%) had mesial 
temporal sclerosis (MTS), left-sided in 10 patients. One patient (2%) suffered from gliosis in 
the right hemisphere due to trauma. The lesion was located in the temporal lobe in 39 
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patients (93%), while a fronto-temporal lesion was present in 3 patients (7%). The 15 
patients who could not be included due to artifacts in EEG recordings did not differ from 
the included patients with respect to age, sex, lesion type, and lesion lateralization. Epochs 
from the EEG during injection into the left-hemisphere could be used in 34 patients, while 
epochs during right-hemisphere injection were eligible in 32 patients. Bilateral injection 
EEG data could be used for analysis in 24 patients. In these patients, movement artifacts 
were minimal. Thirty-seven patients were right-handed, 4 left-handed, and one patient was 
ambidextrous. 

 
Functional connectivity 

Using a repeated measures ANOVA, significant interaction effects were found between 
state (at rest or while injected; our primary interest), side of amobarbital injection, 
frequency band, and SL (three-way without frequency: p=.001, four-way: p=.040). The two 
between-subjects variables (lateralization of the lesion and lesion type) did not show 
significant main effects, but lateralization of the lesion did interact significantly with state 
(p=.006). Thus, lesion type was not related to changes in functional connectivity, while the 
side of the lesion was influential indeed.  

The following repeated measures ANOVAs were done for left hemisphere and right 
hemisphere lesions separately, since lateralization of the lesion proved to interact 
significantly with state. Both left-sided and right-sided amobarbital injection yielded 
significant effects of state, regardless of lateralization of the lesion. Subsequent repeated 
measures ANOVAs per frequency band and side of injection showed significant effects of 
state in the delta, theta, beta, and gamma bands during both ipsilateral (i.e. same side as 
lesion) and contralateral injection in patients with a left-sided lesion. Contralateral injection 
also yielded a significant effect of state in the lower alpha band. In patients with a right 
hemisphere lesion, ipsilateral injection was related to functional connectivity changes in 
the delta, theta, and gamma bands. During contralateral injection, this was the case in the 
delta, theta, and beta bands.  

Lastly, when looking at differences between SLs before and after injection with paired 
samples t-tests exclusively in the frequency bands that proved to contain significant effects 
of state, a complex pattern of increasing and decreasing SL, which differed depending 
upon lateralization of the lesion, side of injection, frequency band, and SL (see table 1). In 
the delta and theta band, patients with left hemisphere and right hemisphere lesions show 
increased ipsilateral functional connectivity (i.e. in the injected hemisphere), while a 
decrease in contralateral synchronization occurred. Interhemispheric synchronization 
decreased, regardless of injection side. In the beta band, increased synchronization 
occurred both ipsilaterally as well as contralaterally, regardless of lesion lateralization (see 
figure 1 for a schematic illustration of SL changes in the delta, theta, and beta bands).  

Differences between patients with left-sided and right-sided lesions occurred in the gamma 
bands. Patients with left hemisphere lesions displayed increased intrahemispheric 
functional connectivity both ipsilateral and contralateral to the injection side, and also had 
increased interhemispheric SL. Patients with right-sided lesions tended to show increased 
ipsilateral and contralateral intrahemispheric SL when injected into the left hemisphere, 
whereas right-sided injection was associated with increased ipsilateral, but decreased 
contralateral synchronization. Regardless of injected hemisphere, interhemispheric 
connectivity decreased.  
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Table 1.         
Mean SLs (non-normalized) per lesion side, injection side, SL type, and frequency band. 
                 
  Left-sided lesion (n=25) 
  Injection left (n=17)  Injection right (n=19) 
  Condition Left  Right  Inter  Left  Right  Inter 
Delta  AR 0.1147 0.1124 0.1181 0.1182 0.1166 0.1220 
 AI 0.1408  0.0970* 0.1076   0.0940**  0.1412* 0.1105 
Theta AR 0.0389 0.0359 0.0367 0.0372 0.0366 0.0363 
 AI 0.0410  0.0311*  0.0319*   0.0302** 0.0439 0.0334 
L. alpha AR 0.0391 0.0377 0.0360 0.0399 0.0390 0.0398 
 AI 0.0397 0.0380 0.0360 0.0363 0.0396 0.0358 
U. alpha AR 0.0313 0.0298 0.0295 0.0292 0.0291 0.0282 
 AI 0.0325 0.0299 0.0293 0.0295 0.0306 0.0281 
Beta AR 0.0232 0.0241 0.0209 0.0234 0.0241 0.0203 
 AI   0.0269** 0.0261 0.0216 0.0247  0.0267*  0.0214* 
L. gamma AR 0.0232 0.0246 0.0188 0.0229 0.0237 0.0186 
 AI   0.0272** 0.0277   0.0199** 0.0254 0.0265  0.0197* 
U. gamma AR 0.0258 0.0272 0.0191 0.0237 0.0248 0.0186 
  AI   0.0327** 0.0302  0.0208*  0.0324   0.0351**  0.0239* 
  Right-sided lesion (n=17) 
  Injection left (n=14)  Injection right (n=16) 
  Condition Left  Right  Inter  Left  Right  Inter 
Delta  AR 0.1197 0.1211 0.1288 0.1242 0.1209 0.1261 
 AI  0.1576* 0.0980 0.1163   0.0949**  0.1532* 0.1166 
Theta AR 0.0429 0.0420 0.0415 0.0412 0.0421 0.0411 
 AI 0.0468  0.0305* 0.0365   0.0303** 0.0445  0.0340* 
L. alpha AR 0.0442 0.0432 0.0431 0.0400 0.0416 0.0402 
 AI 0.0402 0.0366 0.0366 0.0375 0.0426 0.0378 
U. alpha AR 0.0305 0.0295 0.0294 0.0289 0.0303 0.0284 
 AI 0.0321 0.0307 0.0300 0.0295 0.0311 0.0292 
Beta AR 0.0257 0.0255 0.0215 0.0245 0.0248 0.0209 
 AI   0.0287** 0.0261 0.0230 0.0245 0.0267 0.0216 
L. gamma AR 0.0260 0.0244 0.0196 0.0266 0.0243 0.0199 
 AI 0.0283 0.0255 0.0195 0.0248 0.0263 0.0191 
U. gamma AR 0.0285 0.0263 0.0203 0.0306 0.0274 0.0255 
  AI 0.0350 0.0294 0.0209  0.0275  0.0311*  0.0199* 
Note. AR=at rest, AI=after injection, * significant change after injection p<.05, ** significant  
change after injection p<.01. NB: T-tests were only performed when indicated by previous ANOVA.
Left=left intrahemispheric SL, Right=right intrahemispheric SL, Inter=interhemispheric SL. 
 

Discussion  

This study aimed to determine the effect of sedation of one hemisphere on ipsilateral, 
contralateral and interhemispheric functional connectivity. Our results indicate that sodium 
amobarbital injection not only affects the anaesthetized (ipsilateral) hemisphere, but also 
has a strong influence on connectivity in the non-anaesthetized (contralateral) hemisphere 
and on interhemispheric connectivity. A consistent pattern of changes in functional 
connectivity after injection was found in the delta, theta, and beta bands. In the delta and 
theta bands, connectivity increased in the injected hemisphere, but decreased 
contralaterally and interhemispherically. In the beta band, functional connectivity increased 
after injection of amobarbital.  



Section IV – Reversible damage 

 154 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Schematic illustration of patterns of SL changes after sodium amobarbital injection in 

the delta, theta, and beta bands. 

 

The effects of sodium amobarbital and other barbiturates on brain activity and EEG power 
in the injected hemisphere are well-known.331,332 Immediately after injection, ipsilateral 
brain activity usually slows to theta rhythm waves, after which it further decreases to high 
amplitude delta frequency.333,334 However, a specific increase of beta band power may 
occur in non-damaged areas of the brain in patients with brain lesions.335 When the effects 
of the sedative wear out, the EEG pattern predominantly shows beta band activity.336,337 
Analyzing functional connectivity, increased synchronization of brain activity in the 
injected hemisphere after injection of barbiturates has been reported in animal338,339 and 
human studies.340-342 Previous studies have focused on changes in spectral power and 
synchronization in the injected hemisphere, while the contralateral hemisphere has been 
thought to be unresponsive to unilateral injection.339,343 However, it has been suggested 
that unilateral injection of barbiturates may produce bilateral changes in 
synchronization.341,342 One historical case study has reported slight contralateral EEG 
desynchronization after injection of sodium amobarbital, which could not be attributed to 
cross-flow of the amobarbital.340 Our study corroborates the latter results, and shows quite 
consistent desynchronization of contralateral delta and theta band activity after injection.  

The IAP is used as a predictor of epilepsy surgery outcome concerning language and 
memory performance, and is considered to shut down the injected hemisphere completely, 
while maintaining normal functioning in the contralateral hemisphere. However, the 
current results imply that the effects of amobarbital injection on functional connectivity in 
the contralateral hemisphere are not to be ignored. Functional connectivity is thought to be 
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related to higher cognitive functioning,6,37 as has been shown in brain tumor patients 170. 
Recently, the relevance of functional connectivity in determining the functionality of brain 
areas has been demonstrated.109 Furthermore, a recent study showed that the effects of 
lesioning part of a model of neural networks were not limited to the direct neighbours of 
the targeted location, but extended over a large brain area.77 Furthermore, decreased 
postoperative interhemispherical functional connectivity was reported in a case-study in a 
patient who underwent total section of the corpus callosum.344 Other studies regarding 
resting state functional connectivity changes in patients with brain lesions have mainly 
been performed in patients with brain tumors. We have reported increased lower frequency 
long-distance functional connectivity throughout the brain in low-grade glioma patients 
when compared to controls.170 Our other studies in brain tumor patients with varying 
histopathological diagnoses also showed overall increased functional connectivity in lower 
frequencies compared to healthy controls, and decreased SL in the higher frequency 
bands.113,114 These studies seem to contradict our current results, since injection causes 
decreases in lower band SL. However, we have previously reported a decrease of 
interhemispheric theta band functional connectivity after resection of a tumor,268 which is 
also present after sodium amobarbital injection. Thus, the IAP seems to imitate the effects 
of resection, while slowly growing lesions such as tumors have different effects on patterns 
of functional connectivity in the brain. Although we have rejected the common idea of 
unchanged contralateral brain functioning after injection, our results do suggest that the 
IAP may still be an adequate way of mimicking resection when it comes to functional 
connectivity in at least the theta band. 

However, our results should be interpreted with caution. Firstly, the EEG recordings we 
used were not performed in an optimal setting for reliable measurements. Patients were 
awake with their eyes open, and minimal movement artifacts after sodium amobarbital 
injection could not be avoided. Especially findings in the gamma bands may be influenced 
to some extent by patients’ movements,345 which may explain the inconsistency of the 
reported changes in these bands. However, we do feel we have taken great precaution in 
carefully selecting the most artifact-free epochs, and our findings in especially the lower 
frequencies can hardly be explained by artifacts only. Secondly, EEG-changes in the 
hemisphere contralateral to the injection might be caused by some cross-flow of the 
sodium amobarbital even in the first 40 seconds after injection, which could have gone 
unnoticed during the angiography preceding the IAP and during the IAP itself. Finally, this 
study has investigated the effect of the IAP on functional connectivity. However, the 
patients we were able to include all had brain disease (either tumor or MTS, and all 
suffered from epilepsy). It is possible that these pre-existent brain abnormalities influenced 
the results, although the insignificance of lateralization of lesion in most changes 
contradicts this confounding factor.  

This study indicates that non-affected brain regions adjust their functional interactions in a 
consistent pattern when confronted with sedation of the opposite hemisphere. This result 
supports a view of brain functioning as an integrated complex network, in which focal 
changes can have impact on the integrity of the brain as a whole and it’s functional status. 
Our results suggest that despite the major influence unilateral injection of sodium 
amobarbital has on the contralateral hemisphere, the IAP may still be a useful predictor of 
postsurgical functional connectivity outcome in epilepsy patients.  
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Abstract 

The intra-arterial amobarbital procedure (IAP or Wada test) is used to determine language 
lateralization and contralateral memory functioning in patients eligible for temporal lobe 
resection because of pharmaco-resistant epilepsy. During selective sedation of one 
hemisphere, functioning of the contralateral hemisphere can be assessed by means of 
neuropsychological tests. We use the IAP as a reversible model for the effect of lesions on 
brain network topology. The dataset used, existing of EEG recordings during IAP, has been 
analyzed previously. Three artifact free epochs (4096 samples) were selected from each 
EEG record before and after amobarbital injection. Functional connectivity was assessed by 
means of the synchronization likelihood (SL). The resulting functional connectivity matrices 
were constructed for all six epochs per patient in four frequency bands, and weighted 
network analysis was performed. The clustering coefficient (Cw), average path length (Lw), 
small-world index (S), and edge weight correlation (Wr) were calculated. Recordings of 33 
patients (18 males) were available. Most patients had a tumor (58%), while others had 
mesial temporal sclerosis (MTS; 39%), and one had gliosis due to trauma. The lesion was 
located in the left hemisphere in 52% of patients. Network topology changed significantly 
after amobarbital injection: clustering decreased in all frequency bands, while path length 
decreased in the theta and lower alpha band, indicating a shift towards a more random 
network topology. Likewise, the edge weight correlation decreased after injection of 
amobarbital in the theta and beta bands. Network characteristics after injection of 
amobarbital were correlated with memory score: higher theta band small-world index and 
increased upper alpha path length were related to better memory score. The whole-brain 
network topology in patients eligible for epilepsy surgery becomes more random and less 
optimally organized after selective sedation of one hemisphere, as has been reported in 
studies with brain tumor patients. Furthermore, memory functioning after injection seems 
related to network topology, indicating that functional performance is related to 
topological network properties of the brain. 
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Introduction 

The Wada test (intra-arterial amobarbital procedure, IAP) is a commonly used test to 
determine language dominance and memory capacity in surgery candidates with temporal 
lobe epilepsy (TLE).320,321 During the IAP, functioning of the non-anaesthetized hemisphere 
can temporarily be assessed by means of standardized neuropsychological testing, while 
sodium amobarbital selectively suppresses neural activity in the barbiturate-perfused 
cerebral regions of the hemisphere ipsilateral to the internal carotid artery catheterized. 
The IAP has for long been a clinically essential tool in determining patients’ eligibility for 
epilepsy surgery, since it determines language dominance and whether the non-sedated 
hemisphere has sufficient reserve capacity to sustain memory functions after resection of 
(parts of) the affected temporal lobe.  

In addition to its clinical application, the IAP can be considered a research model of 
reversibly ‘shutting down’ the greater part of one hemisphere of the brain. Functional 
connectivity refers to the statistical interdependencies between time series,46 and may 
change when lesions occur in the brain. Functional connectivity is thought to reflect 
communication between different brain areas, thus having a major impact on optimal brain 
functioning.6,62,63,155,156 Previous research at our department showed that functional 
connectivity of the electroencephalogram (EEG) changed dramatically after amobarbital 
injection.346 Changes in connectivity were found not only in the injected and contralateral 
hemispheres themselves, but also in the interaction between both hemispheres. These 
results suggest that connectivity throughout the whole brain immediately reacts to 
changes in activity level in one part of the brain.  

The brain functions as a complex integrated network, in which focal changes influence the 
integrity and functional status of the brain as a whole. Patterns of connectivity between 
brain areas may change when suppressing activity in one hemisphere. Visual 
representations of these patterns can be constructed from neurophysiological time series, 
such as recorded with EEG. The electrodes or brain areas are nodes in the network, while 
functional connectivity is the strength of the link between these vertices. The application of 
complex network theory or ‘graph theory’ to the brain has proven to be relevant for brain 
functioning.6,157 Not only does graph theory provide information about the level of 
communication throughout different parts of the brain, it may also prove possible to 
define an ‘optimal’ network for brain functioning. This optimal network would include 
concepts that are pivotal in many types of complex networks, such as localized 
segregation combined with overall integration. Watts and Strogatz proposed a theoretical 
framework for a network that may contain two of the essential features of brain networks, 
the so-called ‘small-world’ network.7 This network combines both high local ‘clustering’ 
with short ‘path length’, which refers to the average number of links or ‘edges’ that have 
to be crossed to reach any other node or ‘vertex’ in the network. Another important 
feature of brain network topology may be the edge weight correlation, referring to the 
extent to which connections to one node have similar weights. A network consisting of 
nodes with high edge weight correlation seems to be most beneficial to information 
processing.305 Although a complete model of brain functioning does not exist at this point, 
exploration of the small-world topology does help us understand networks in the brain, 
using relatively simple measures such as clustering and path length. 

Several studies have shown that both structural and functional brain networks in healthy 
humans and animals can be characterized by the small-world principle.7,80,93,95,96,100 
Network theory is also increasingly applied to patients with brain disease, for instance in 
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Alzheimer’s disease167 and schizophrenia.129 However, investigations regarding the impact 
of circumscribed lesions on network features in the human brain are rather sparse up till 
now. Studies in brain tumor patients have shown that these patients display a loss of the 
small-world configuration of the brain when compared to healthy controls.114,162 Moreover, 
network topology in these patients was related to poorer cognitive functioning.162  

The reversible IAP is a highly useful model to investigate acute adaptation of global 
functional brain networks after lesioning. In this study, we use the IAP as a simulation of 
the acute effects of a lesion on graph theoretical features of the brain. We hypothesize that 
‘shutting down’ parts of one complete hemisphere has significant effects on functioning 
and network topology of the whole brain, possibly having an impact similar to brain 
tumors. Furthermore, we investigate the association between these network properties and 
cognitive performance during the Wada test. 

 

Methods 

Patients 

EEG data from all patients who underwent the IAP between November 2003 and October 
2007 at the VU University Medical Center were visually inspected for this retrospective 
study. Functional connectivity in these patients has been described earlier.346 All patients 
suffered from pharmaco-resistant epilepsy and were selected for temporal lobe epilepsy 
surgery, warranting a preoperative IAP. Only patients of whom three artifact-free epochs of 
eight seconds directly before and after amobarbital injection could be selected were 
included. The EEGs and neuropsychological data that were used were recorded as part of 
regular patient care, and data were analyzed anonymously in this study. The medical 
ethical committee approved this retrospective study and decided informed consent was not 
needed. 

 

Intra-arterial amobarbital procedure 

In order to inject the amobarbital selectively into the internal carotid artery, a 4F catheter 
was placed via a femoral artery approach, guided by angiography. In order to observe flow 
patterns through the circle of Willis, selective angiography of the internal carotid artery and 
visualization in posterior-anterior and lateral projection was performed in all patients 
before injection of the sodium amobarbital. None of the patients showed cross-flow into 
the contralateral arteria cerebri media. The injections of amobarbital were administered by 
hand through a catheter which was removed immediately after injection. Patients were 
typically injected with a bolus of 125 mg sodium amobarbital in 2.5 cc. Patients had their 
eyes open, and were instructed to lie still as much as possible during the procedure. The 
aim of the IAP is to assess language lateralization and memory functioning of the 
hemisphere contralateral to the temporal lobe that is to be resected. Approximately 2.5 
minutes after amobarbital injection, the patients are visually presented with five pictures of 
random objects, which they must try to remember. When the amobarbital effects wear out 
after on average 15 minutes (as seen on the EEG recording), recognition of the objects 
patients have been presented with during the sedated period is assessed. This yields a 
correct percentage of 0, 20, 40, 60, 80, or 100%. A score above 60% indicates that enough 
memory functioning is present in the contralateral presumed healthy hemisphere, 
rendering the patient eligible for resection. 
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EEG recording & data selection 

Electroencephalography was performed continuously from approximately one hour before 
to half an hour after the Wada procedure. EEGs were recorded with a digital EEG apparatus 
(Brainlab, manufactured by OSG) from Fp2, Fp1, F8, F7, F4, F3, A2, A1, T4, T3, C4, C3, T6, 
T5, P4, P3, O2, O1, Fz, Cz and Pz with tin electrodes. Impedance was kept below 5 kOhm. 
Initial filter settings were: time constant 1 s and high frequency cut-off 70 Hz. Sampling 
frequency was 500 Hz per channel, no data skew with a 16 bit AD conversion precision. As 
reference for the EEG, an average montage was used during measurements.  

During the Wada procedure, patients are firstly injected with amobarbital in the lesioned 
side of the brain. Some patients also undergo sedation of the contralateral hemisphere 
after the effect of the first injection has faded. However, in order to ensure that no delayed 
sedation effects could account for our results, we only used first injection epochs, which 
were all performed in the lesioned hemisphere. The amobarbital effect is maximal up to 
the first minute after starting the injection. Therefore, the three most artifact free epochs 
of eight seconds (i.e. 4096 samples) were visually selected [LD] both from the 40 seconds 
directly before and directly after injection. The two frontoparietal (Fp2,1) as well as the 
auricular (A2,1) electrodes were excluded to minimize artifacts due to eye movements. 
Further analyses of functional connectivity were performed off-line with software developed 
at the department of clinical neurophysiology of the VU University Medical Center 
(DIGEEGXP [CJS]).  

 

Functional connectivity & graph analysis 

In order to calculate graph theoretical variables, the synchronization likelihood (SL, see 
references106,107), a non-linear measure of synchrony between two time series, was used as 
an index of functional connectivity. Synchronization likelihoods between all combinations 
of the 17 included electrodes were determined, providing us with a 17x17 matrix of SL 
values. These matrices were calculated in the following four frequency bands: theta (4-8 
Hz), lower alpha (8-10 Hz), upper alpha (10-13 Hz), and beta (13-30 Hz), see reference227. 
The delta and gamma bands were not analyzed, because these frequency bands are 
sensitive to sedation effects and movement artifacts, respectively. The results of our 
functional connectivity analysis in this patient group have been published previously.346 

Graph theory was used to analyze the effects of IAP on neural network topology. A graph is 
a topographical representation of a network, constructed by vertices and edges between 
these nodes. Various measures can be used to characterize a graph, three of which were 
used in this study (see references157,166 for recent reviews). The clustering coefficient C, 
which is the likelihood that neighbors of a vertex will also be connected, characterizes the 
tendency of nodes to form local clusters. The average path length L, which is the average 
shortest path length connecting two vertices counted as a number of edges, is a measure 
for global integration of the network. The combination of high local clustering and a short 
average path length seems to be the optimal configuration for efficient communication in a 
network.7 A small-world network, which is thought to be a feasible model for human brain 
networks, has such a configuration. In our analysis, we constructed weighted graphs, in 
which a certain weight is given to each edge that reflects the importance or strength of the 
edge.167 The strength of each edge was defined as the SL between the pair of vertices. 
Based on these weights, the clustering coefficient Cw and average shortest path length Lw 
were calculated while assuming networks to be symmetric. Clustering coefficient was 
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defined following formulas 2 and 3 in chapter 7, while path length was calculated using 
formula 4 in chapter 7. For a more extensive description of the procedures see 
references167.  

All network properties depend not only on edge weights and network structure but also on 
network size. The use of a certain reference which corrects for network size would increase 
comparability of network characteristics. We therefore compared all characteristics to those 
of 1000 surrogate random networks of the same size, resulting in the measures Cw/Cws, 
Lw/Lws. The surrogate networks were obtained from the original networks by randomly 
reshuffling the edge weights, which produces an equal probability over the whole matrix. 
Symmetry was retained in this network, but node strength is not retained exactly in these 
weighted random networks. The small-world characteristics of the network were measured 
using the small-world index S, which is defined as S=(Cw/Cws)/(Lw/Lws). A network is 
considered a small world network if Cw/Cws>1 and Lw/Lws~1. Any value of S>1 thus is 
account for small-world network. 

Finally, we calculated the edge weight correlation. This is a measure for the correlation 
between weights of neighboring edges, i.e. edges that connect to the same vertex.305 The 
weight correlation is calculated as the range between the highest and lowest weight of all 
edges per vertex. This range is then compared to that of the random equivalent of the 
network, in which the edges are randomly redistributed over the vertices while their 
weights are kept unchanged (as described above for other network characteristics). When 
the resulting value Wr<1, a positive weight correlation exists (because the range of 
neighboring weight values is smaller than in a random network), whereas the weights are 
anti-correlated when Wr>1. It has been shown that a positive weight correlation 
dramatically increases transport over the network, and especially as Wr reaches 0; a 
positive correlation indicates that highly connected paths are present.305  

 

Statistical analysis 

All statistical analyses were performed using SPSS 15.0 for Windows (SPSS Inc., Chicago, 
USA). Since the data regarding network characteristics did not show a normal distribution, 
non-parametric tests were used to analyze differences between groups. Wilcoxon signed 
rank tests were used to compare within subject Cw/Cws, Lw/Lws, S, and Wr values before and 
after amobarbital injection. Non-parametric Mann-Whitney Tests were performed to explore 
differences regarding network characteristics between patients with left or right 
hemisphere lesions, patients with MTS or a tumor, and male and female patients. The false 
discovery rate (FDR) was applied per frequency band to correct our results for multiple 
testing and avoid type I error when investigating network properties.110 This method is less 
conservative than for example the Bonferroni correction, and it is used frequently in 
imaging experiments.  

In our analysis of the correlation between topological features and test performance during 
the IAP, we used the non-parametric Kendall’s Tau. Because of the exploratory nature of 
these analyses, no correction for multiple testing was applied, and significance was set at 
p<.05. 
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Results 

Patient characteristics 

Fifty-seven patients underwent the IAP during the inclusion period. Artifact free epochs 
from the first injection into the lesioned hemisphere were not available in 24 patients. All 
statistical analyses were performed on the remaining 33 patients. These 33 patients (18 
male) had a mean age of 37 years (SD=12.2). The cause of localization-related epilepsy was 
a histopathologically confirmed tumor in 19 patients (58%), of whom 13 had the tumor in 
the left hemisphere. Thirteen patients (39%) had mesial temporal sclerosis (MTS), left-sided 
in 4 patients. One patient (2%) suffered from gliosis in the right hemisphere due to trauma. 
In total, 17 patients suffered from a lesion in the left hemisphere and had amobarbital 
injected into this hemisphere. The other 16 patient had right-sided lesions and underwent 
the IAP with injection in the right hemisphere. The lesion was located in the temporal lobe 
in 30 patients (91%), while a fronto-temporal lesion was present in 3 patients (9%). The 24 
patients who could not be included due to artifacts in EEG recordings and non-lesioned 
first injection side did not differ from the included patients with respect to age, sex, lesion 
type, and lesion lateralization. Seventeen of the 33 analysed EEGs were recorded during 
first injection into the left hemisphere.  

 

Table 1.   
Test statistics of all comparisons between network characteristics before and after injection   
of amytal   
    
    Z P-value 
Theta band   

 Normalized clustering coefficient (Cw/Cws)  -3.39 < .001* 

 Normalized path length (Lw/Lws)  -3.32 < .001* 
 Small-world index (S)  -1.81 .07 

 Edge weight correlation (Wr)  -2.95 .002 
Lower alpha band   

 Normalized clustering coefficient (Cw/Cws)  -2.71 .005* 

 Normalized path length (Lw/Lws)  -2.98 .002* 
 Small-world index (S)  -0.96 .34 

 Edge weight correlation (Wr)  -2.01 .044 
Upper alpha band   

 Normalized clustering coefficient (Cw/Cws)  -3.00 .002* 

 Normalized path length (Lw/Lws)  -1.76 .08 
 Small-world index (S)  -1.70 .09 

 Edge weight correlation (Wr)  -1.48 .14 
Beta band   

 Normalized clustering coefficient (Cw/Cws)  -2.60 .008* 

 Normalized path length (Lw/Lws)  -1.56 .12 
 Small-world index (S)  -1.65 .10 

  Edge weight correlation (Wr)  -3.31 < .001* 
Note. Wilcoxon signed rank tests were used. P-values are before correcting for multiple  
testing, * indicate significance after applyingapplying the false discovery rate for controlling   
chance capitalization.   
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Network changes 

Neural network characteristics after injection of amobarbital were compared to the resting 
state before injection by means of Wilcoxon signed rank tests (see table 1). Results for 
clustering coefficient, path length, and small-world index are shown in figure 1A, while 
changes in edge weight correlation are depicted in figure 1B.  

 

 

Figure 1. Mean changes in network features after injection of sodium amobarbital. * = p< .05 

(corrected for multiple comparisons). (A) Cw/Cws=normalized clustering coefficient, 

Lw/Lws=normalized average path length, S=small-world index. (B) Wr=edge weight correlation.  
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The normalized clustering coefficient significantly decreased after injection of amobarbital 
across all frequency bands: the theta band (p<.001), lower and upper alpha band (p=.006 
and p=.002 respectively), and in the beta band (p=.008; note that the given p-values are 
uncorrected, but pass the FDR multiple comparisons test for p<0.05). The post-injection 
theta band average path length also decreased when compared to resting state (p=.001), 
as it did in the lower alpha band (p=.002). Furthermore, edge weight correlation decreased 
significantly after injection in the theta band (p=.002) and in the beta band (p=.001). These 
findings indicate that amobarbital generally caused a more random and less optimal 
network topology after injection, while results are not inherent to changes in 
synchronization likelihood due to the normalization of all network measures with random 
networks. To confirm this finding, correlations between SL levels and memory scores were 
also explored, but no significant correlations were found.  

 

Table 2.         
Test statistics of variables (lesion type, lesion lateralization, gender) possibly  
confounding changes in network characteristics.     
                    

  Lesion type  
Lesion 

lateralization  Gender 
    U p-value   U p-value   U p-value 
Theta band         

 Cw/Cws 121 .94  89 .60  133 .96 

 Lw/Lws 96 .30  98 .88  124 .71 
 S 91 .22  66 .12  127 .79 

 Wr 111 .64  77 .28  83.5 .06 
Lower alpha 
band         

 Cw/Cws 83 .13  87 .53  128 .82 

 Lw/Lws 87.5 .17  77.5 .29  126 .75 
 S 107 .54  91 .65  130 .87 

 Wr 115 .73  75 .23  110.5 .40 
Upper alpha band        

 Cw/Cws 68.5 .04  91 .65  112 .42 

 Lw/Lws 101.5 .41  99 .91  80 .05 
 S 100 .37  90.5 .61  92 .12 

 Wr 106 .51  91 .64  81 .05 
Beta band         

 Cw/Cws 100 .38  93 .71  62 .007* 

 Lw/Lws 116.5 .80  101 .98  80 .05 
 S 112.5 .68  92 .68  118 .56 

  Wr 88 .19   92.5 .69   134 .98 
Note. Mann-Witney U-tests were used. P-values are before correcting for multiple  
testing, * indicate significance after applying the false discovery rate for controlling  

chance capitalization. Cw/Cws=normalized clustering coefficient, Lw/Lws=normalized  

path length, S=small-world index, Wr=normalized edge weight correlation. 
 

Patients differed on a number of clinical variables, which could influence network topology. 
Because of the small sample size and non-parametric distribution of network properties, 
multivariate analyses of several covariates was not performed. Instead, possible differences 
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in network topology change were explored by means of post-hoc non-parametric Mann-
Whitney tests, with which differences between property deltascores between patient groups 
(i.e. subtraction of the after injection value from the before injection value) were tested. 
Differences between patients with tumors (n=19) and MTS (n=13) were tested, excluding 
the one patient with gliosis due to trauma. No significant differences in deltascores were 
found (see table 2). The possible impact of lesion lateralization and thus side of injection 
(left n=17, right n=16) was also explored. Changes in network properties were not 
significantly influenced by lateralization of the lesion (see table 2). We were also interested 
in possible gender effects on our results, so the same methods were used to explore 
differences between men (n=18) and women (n=15). In the beta band, men’s clustering 
coefficient deltascore was significantly lower (M=-0.004) when compared to the women’s 
score (M=-0.034; p=.007), indicating that beta band clustering significantly decreased in 
women but not in men (see table 2). 

 

Table 3.     
Correlations between memory performance after injection and (changes in) network characteristics 
     
    Before injection During injection Deltascore  
Theta band    

 Cw/Cws  -0.4 (.77)  0.25 (.07)  -0.20 (.15) 

 Lw/Lws  -0.07 (.60)  0.01 (.93)  -0.08 (.55) 
 S  -0.05 (.74)  0.30 (.033)*  -0.27 (.06) 

 Wr  -.01 (.96)  -0.08 (.56)  0.05 (.74) 
Lower alpha band    

 Cw/Cws  0.06 (.68)  0.10 (.48)  -0.06 (.65) 

 Lw/Lws  0.11 (.43)  -0.04 (.76)  0 (1) 
 S  0.03 (.81)  0.13 (.34)  -0.02 (.88) 

 Wr  -0.13 (.37)  -0.14 (.32)  0.03 (.85) 
Upper alpha band    

 Cw/Cws  0.18 (.19)  0.17 (.24)  0.06 (.65) 

 Lw/Lws  0.14 (.31)  0.31 (.026)*  -0.02 (.87) 
 S  0.02 (.87)  -0.03 (.85)  0.07 (.63) 

 Wr  0.05 (.71)  -0.23 (.10)  0.15 (.28) 
Beta band    

 Cw/Cws  -0.11 (.42)  0.18 (.19)  -0.20 (.15) 

 Lw/Lws  -0.09 (.53)  0.11 (.43)  -0.21 (.13) 
 S  0.01 (.97)  0.07 (.63)  0.02 (.88) 

  Wr  0.05 (.71)  -0.03 (.82)  0.10 (.47) 
Note. Correlations between memory performance after injection and (changes in) network  
characteristics: Kendall's Tau (p-value). Before injection=network characteristics during rest,  
before injection of amobarbital, During injection=network characteristics during unilateral  
sedation, Deltascore=network characteristic value after injection subtracted from network  

characteristic before injection, Cw/Cws=normalized clustering coefficient, Lw/Lws=normalized  

path length, S=small-world index, Wr=normalized edge weight correlation. All p-values  
are uncorrected, * indicate significance without correction for multiple comparisons. 
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A

B

Kendall’s Tau = 0.30, p = .033)

Kendall’s Tau = 0.31, p = .026)

Exploring network characteristics and IAP memory score 

Previous research has shown that network topology may be important for cognitive 
functioning;128,161,162 therefore we explored the association between network topology 
after injection and IAP memory score. Kendall´s Tau was used to correlate network 
features with memory score of the healthy hemisphere (i.e. after injection in the lesioned 
hemisphere). Results showed a significant association between better memory score and 
higher small-world-index in the theta band after injection (Kendall’s Tau=.299, p=.033), 
and a significant correlation was present between longer upper alpha path length after 
injection and better memory score (Kendall’s Tau=.313, p=.026; see table 3 and figure 2). 
No correlations were present between memory performance and network topology before 
injection of amobarbital, nor were changes in topology associated with better or poorer 
cognitive functioning. These results indicate that more ordered networks in the theta band 
and longer upper alpha band path length after injection were related to better memory 
score.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Scatterplots of correlations between network variables and memory performance 

during the IAP. (A) Correlation between theta band small-worldness (S) and memory score. (B) 

Correlation between upper alpha band path length and memory score. 
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Discussion 

Our results indicate that the topology of whole-brain functional networks become more 
random after sedation of one hemisphere by means of the intra-arterial amobarbital 
procedure, marked by a decrease in the normalized values of both local clustering and 
average path length. Changes in edge weight correlation in the theta and beta bands 
indicate that the network is closer to random and thus less optimized for information 
transport after injection. These changes are not related to lesion type, lesion lateralization, 
and age. Network properties are related to functioning to some extent: both higher theta 
band small-world index and longer path length in the upper alpha band are associated with 
better memory performance of the presumably non-affected hemisphere.  

Our study shows acute network effects in a human in vivo model for acute (reversible) 
brain lesioning, which seem related to memory functioning. These findings may lead to 
hypotheses about possible mechanisms of network changes in the brain after acute lesions 
occur. Research into the impact of such lesions on functional connectivity is rather sparse, 
and network features have rarely been investigated in this respect. Some work has been 
done on the influence of stroke on human functional connectivity: elaborate changes in 
connectivity throughout the brain have been shown in patients more than six months after 
their first ever stroke.347 Decreased connectivity was even found between the topologically 
remote primary motor cortex and the cerebellum, while most short-distance connections 
gained coupling strength. Brain network effects of lesions in human subjects have only 
been researched in brain tumor patients. A mixed group of glioma patients showed both 
lower clustering coefficients and shorter average path length than healthy controls in the 
theta, beta, and gamma bands, pointing towards a more random network topology.114 
Contradictory findings have been reported in a more homogeneous group of low-grade 
glioma patients, which were compared to a control group matched on age, sex, and 
educational level.162 These patients showed higher clustering than controls in the theta 
band, while the opposite was true in the beta band. Average path length did not differ 
between patients and controls in this study. A computational study, using a macaque-
based model of cortical functional connectivity, reports widespread changes in 
connectivity, especially when the most connected parts of the network (‘hubs’) were 
lesioned.77 In the only human study simulating functional effects of lesions, a 
computational model based on human MRI data was used.348 Functional connectivity 
mainly decreased in the lesioned hemisphere, but significant changes herein were also 
reported in the contralateral hemisphere and the brain as a whole. Unfortunately, Alstott 
and colleagues have not investigated changes in overall network topology after structural 
lesions. 

Our current results partly corroborate previously mentioned studies, since sparse evidence 
suggests that brain networks become more random after the occurrence of lesions. But, 
how may these changes be explained? On the cellular level, several studies have indicated 
that structural plasticity occurs immediately after lesions,349,350 but these effects are not in 
the same time-scale as the IAP. In induced stroke in monkeys, increased levels of 
sprouting-promoting environmental factors have been reported, inducing new connections 
in the area of the lesion.351 Interestingly, this sprouting-boost may also occur at sites 
remote from the actual lesion, and might impact structural connectivity of the whole 
brain.350,352 A study modeling structural effects of stroke has shown that plastic responses 
occur in the actual area that is infarcted, in the penumbra (i.e. the region surrounding the 
infarction), and at remote locations as well.353 Possibly, dynamic changes in connectivity 
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and network topology are similar to structural plasticity: immediate random functional 
connectivity may be a ‘stress-response’ of the brain to local damage. Later, some sort of 
pruning of these (temporary) functional connections may occur, which may optimize 
network structure once again. An acute random connective boost would be congruent with 
our finding of network randomization directly after injection of the sedative.  

In order to put our results into perspective, it would be of great interest to explore the 
longitudinal effects of lesions on brain networks. Several studies suggest that changes in 
connectivity and network topology may proceed during several phases.354-356 These studies 
indicate that plasticity is not stationary, but evolves within itself. Moreover, functional 
rehabilitation is strongly shaped by activity,350 indicating that a great variability of changes 
may occur at an individual level. Furthermore, differences in plasticity may occur between 
lesion types. It is highly probable that network changes induced by slow-growing tumors 
are fundamentally different from the effects of an acute lesion such as stroke or the IAP. 
However, no attempt has been made up till now to compare different types of lesions, 
although these questions are addressed in ongoing studies of our group. 

In our study, preserved small worldness and longer path length after injection correlated 
with better cognitive performance during the IAP. Network changes also seem to have a 
functional correlate as well as clinical relevance in other studies. The removal of hubs in a 
scale-free Barabási-Albert model has been shown to relate to memory recall in the 
computational Hopfield memory model.357 Research in non-human primates shows the 
importance of integration of several brain areas for normal functioning as well as 
functional rehabilitation after brain damage occurs.353,358 Post-lesional recovery in monkeys 
is characterized by marked changes in both intra- and inter-areal changes in connectivity 
and network structure.352 Widespread connectivity changes in stroke seem related to 
functional status: neglect and its recovery has been shown to be related to functional 
connectivity in human stroke patients.353 Furthermore, task-related connectivity analysis in 
stroke patients has shown that recovery of motor tasks is related to newly formed 
connectivity patterns.359,360 However, it is not clear what may be an optimal network 
topology for cognition. Better performance has previously been related to shorter path 
length in an fMRI study in very low frequency ranges.161 In an MEG study in brain tumor 
patients, we found an association between higher path length and poorer cognitive score 
in the lower alpha band.162 The reported association between higher upper alpha path 
length and better memory performance in the current study are in line with the latter 
results.  

A subtle but highly interesting finding of this study was the changing beta band clustering 
coefficient in women but not in men. Pre-existent differences in connectivity and network 
topology between men and women have not been reported as yet, but adaptation during 
mental challenge and reaction to disease may vary across genders according to previous 
reports. Local theta band complexity (which is related to decreased coupling or 
connectivity) measured by EEG is higher in men during a working memory task,177 while 
interhemispheric coherence (a measure of connectivity) is higher in women during photic 
stimulation and cognitive testing.187,188 An MEG study investigating changes in functional 
connectivity during an attentional task showed gender differences in the lower alpha 
band.179 Further research into possible pre-existent differences between men and women 
regarding connectivity and network architecture should be performed in future studies. 
Moreover, longitudinal studies should focus on differences in network adaptation after 
lesions between men and women.  
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A limitation of this report includes the suboptimal setting of EEG recordings, since patients 
had their eyes open, and minimal movement artifacts could not be avoided. However, these 
factors are likely to influence only very low and very high frequency bands, and those were 
excluded from the current analyses. Also, volume conduction is always an issue in EEG 
studies. Volume conduction refers to the tendency of neighboring EEG electrodes to pick 
up activity of identical sources, resulting in strong correlations that do not reflect true 
functional connectivity. Although this problem may have impacted absolute values of our 
network analysis, the fact that this was a repeated measure design greatly diminishes the 
confounding influence of volume conduction on our results. A further shortcoming of this 
study is the fact that we did not investigate changes in network topology within the 
injected and non-injected hemispheres. Main reason for this was the number of electrodes 
of the EEG; the brain network consisted of only 17 nodes. This small number of nodes 
unfortunately prevented further study into network changes in the separate hemispheres. 
Furthermore, the current study investigates network topology of the brain. These analysis 
are based on raw time series in first place, after which functional connectivity was 
analyzed. It is important to note that all findings of the high-level network analysis are 
based on the previous two levels.    

In conclusion, our results are new in the sense that they provide evidence for the global 
effects of sedation of one hemisphere of the brain, after which functional brain networks 
become more random and less optimally wired. This is especially interesting when 
comparing our results to previous studies in brain tumor patients, in whom similar 
findings have been reported. We also report a link between network properties and 
memory status, as have several previous studies. These results provide important evidence 
that brain network topology and cognitive functioning are interrelated. Further research 
should focus on brain network changes in lesions of varying origin (such as stroke), 
longitudinal network-related effects of lesions, and gender differences in these network 
parameters. 
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Abstract 

Widespread disturbances in resting state functional connectivity between remote brain 
areas have been demonstrated in patients with brain tumors. Functional connectivity has 
been associated with neurocognitive deficits in these patients. Thus far, it is unknown how 
(surgical) treatment affects functional connectivity. Functional connectivity before and after 
tumor resection were compared in primary brain tumor patients. Data from 15 newly 
diagnosed brain tumor patients were analyzed. Patients underwent tumor resection, and 
both preoperative (up to five months prior to surgery) and postoperative (up to ten months 
following surgery) resting state magnetoencephalography (MEG) recordings. Seven of the 
patients (47%) underwent radiotherapy after neurosurgery. Functional connectivity was 
assessed by the phase lag index (PLI), a measure of the correlation between MEG sensors 
that is not sensitive to volume conduction. PLIs were averaged to one short-distance and 
two long-distance (interhemispheric and intrahemispheric) scores in seven frequency 
bands. We found that functional connectivity changed in a complex manner after tumor 
resection, depending on frequency band and functional connectivity type. Post hoc 
analyses yielded a significant decrease of interhemispheric PLI in the theta band after 
tumor resection. This result proved to be robust and was not influenced by radiotherapy or 
a variety of tumor- and patient-related factors. 
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Introduction 

It is increasingly acknowledged that the brain is a complex network of dynamical systems 
with abundant functional interactions between local and more remote brain areas.155 
Particularly higher brain functions (such as planning, attention, and memory) are thought 
to require the integrated action of many, sometimes widely distributed specialized brain 
areas.6,37 These networks are based on anatomical connections, but also rely on functional 
interactions between brain areas.61-63 The concept of functional connectivity refers to the 
study of statistical interdependencies between physiological time series recorded in 
various brain areas.46  

Electroencephalography (EEG) and magnetoencephalography (MEG) are methods used to 
assess functional connectivity within the brain. In MEG registration, interference of signals 
by skull and scalp characteristics occurs less than in EEG measurement. Also, MEG does not 
require the use of a reference electrode, hereby making it superior to EEG in assessment of 
functional connectivity.224,225 The phase lag index (PLI) is a novel method that can be used 
to detect synchronous neural activity of the brain in EEG and MEG recordings.271 The PLI 
assesses statistical interdependencies between time series, and reflects the strength of the 
coupling between these time series. In contrast to other methods of analysis, the PLI is 
scarcely influenced by volume conduction, hereby making it a highly suitable method of 
computing functional connectivity based on neurophysiological data. 

Patients with brain tumors often suffer from neurocognitive deficits, and changes in EEG 
coherence in these patients have previously been reported.112 Recently, abnormalities in 
functional connectivity during resting state were observed in primary brain tumor patients 
compared to healthy controls.113,114 Remarkably, these differences were found throughout 
the brain, were not confined to regions close to the tumor, and involved pathological 
decreases as well as increases in functional connectivity. More importantly, cognition was 
found to be significantly associated with functional connectivity in low-grade glioma 
patients.361 However, the effects of tumor treatment (resection, radiotherapy, 
chemotherapy) on functional connectivity and cognition are unknown. 

The effects of brain tumor resection on cognition and functional outcome have previously 
been studied. Most studies do not report a change in neurocognitive functioning of glioma 
patients after tumor resection.14,17,18,362,363 However, beneficial effects of surgery on 
cognitive functioning in low-grade glioma patients have been reported recently.364 Tumor 
resection generally does not induce permanent loss of function,26 and functional 
rehabilitation as well as neuronal plasticity in some areas are quite common in operated 
brain tumor patients.362,365 Recently, functional connectivity has proven to be related to the 
functionality of brain areas in patients with brain tumors, indicating the clinical relevance 
of functional connectivity when considering tumor resection.109 However, changes in 
functional connectivity after tumor resection have not been studied before.  

In the present study, it is hypothesized that treatment and specifically tumor resection 
affects and possibly even restores normal functional connectivity patterns in brain tumor 
patients. In order to study this, fifteen brain tumor patients underwent resting state MEG 
recording before and after tumor resection. Subsequently, we calculated the phase lag 
index (PLI) in seven frequency bands in order to determine changes in functional 
connectivity. 
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Methods 

Patients 

This study made use of an existing dataset of MEG recordings at the VU University Medical 
Center. From this dataset, which has been used for previous studies,366,367 we selected all 
patients with primary brain tumors who underwent (sub)total tumor resection [JCB] 
between March 1999 and February 2001 and had preoperative and postoperative 
magnetoencephalography (MEG) recordings (within five months prior to and ten months 
following surgery). No further inclusion criteria regarding postoperative treatment (i.e. 
radiotherapy and/or chemotherapy) were used. Preoperative tumor volume was measured 
by contouring T1-weighted MPRAGE MRI images, slice by slice (2 mm slices), using a 
navigation system (BrainLAB AG, Heimstetten, Germany). Epilepsy frequency and burden 
were used as an indication of clinical outcome of the tumor resection, and were assessed 
by case-note review. We reviewed all case-notes from diagnosis to postoperative MEG 
measurement, and based our classifications on this time period. The modified Engel 
scale295 was used to score surgical outcome in terms of seizure frequency on a 4-point 
scale, with scores indicating the following: (class I) free of seizures of residual auras; (class 
II) intermittent, infrequent seizures or relapse after a significant seizure-free period; (class 
III) worthwile improvement, i.e. more than 75% reduction in seizure frequency; (class IV) 
less than 75% reduction in seizure frequency. Furthermore, we indexed both preoperative 
and postoperative epilepsy burden, as described in reference15. This 6-point scale has the 
following levels: (level 1) epilepsy-free; (level 2) epilepsy, seizure-free in the year before 
testing without AEDs; (level 3) epilepsy, seizure-free in the previous year with AED 
monotherapy; (level 4) epilepsy, seizure-free in the previous year with AED polytherapy; 
(level 5) epilepsy, less than six seizures in the previous year and on AED monotherapy or 
polytherapy; and (level 6) epilepsy, more than six seizures in the previous year and on AED 
monotherapy or polytherapy. Patients all signed written informed consent forms. Approval 
was obtained from the medical ethical committee of the VU University Medical Center. 

 

Magnetoencephalography 

Magnetic fields were recorded while subjects were seated inside a magnetically shielded 
room (Vacuumschmelze GmbH, Hanau, Germany) using a 151-channel whole-head MEG 
system (CTF Systems Inc., Port Coquitlam, BC, Canada). A third-order software gradient  
was used with a recording pass band of 0.25–125 Hz.228 Fields were measured during a no-
task eyes-closed condition, with a sample frequency of 625 Hz. At the beginning and end 
of each recording, the head position relative to the coordinate system of the helmet was 
recorded by leading small alternating currents through three head position coils attached 
to the left and right preauricular points and the nasion on the subject’s head. Head 
position changes during a recording condition up to approximately 1.5 cm were accepted. 
During the MEG recordings, the patients were instructed to close their eyes to reduce 
artefact signals due to eye movements. For this study, 150 of the 151 channels could be 
used.  

 

Functional connectivity 

Functional connectivity was assessed with the phase lag index (PLI). The PLI calculates the 
asymmetry of the distribution of (instantaneous) phase differences between two MEG 
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signals. It assumes that the presence of a consistent, nonzero phase lag between two time 
series cannot be explained by volume conduction alone. Thus, finding true interactions 
instead of volume conduction effects is more likely when using this method. See 
reference271 for a complete description of PLI calculation.  

Four artifact free epochs of 4096 samples (6.5 seconds) were carefully selected by visual 
analysis from both the preoperative and postoperative registration in each patient [LD]. 
PLIs between each pair of MEG sensors were computed after filtering the MEG signals in 
seven frequency bands (respectively delta (0.5-4 Hz), theta (4-8 Hz), lower alpha (8-10 Hz), 
upper alpha (10-13 Hz), beta (13-30 Hz), lower gamma (30-45 Hz), and upper gamma (55-
80 Hz)).227 Computation of the PLI was done offline with DIGEEGXP software, developed at 
our department [CJS]. These PLI scores were averaged over each set of the selected four 
epochs. Further averaging was performed to obtain long distance intra- and 
interhemispheric and short distance local measures. For this, MEG channels were grouped 
into (left and right) central, frontal, occipital, parietal, and temporal regions (based upon 
the naming of the sensors227). Long-distance PLI scores involved (1) interhemispheric PLI 
(between the two hemispheres), and (2) intrahemispheric PLI (between all regions within 
the hemispheres), while short distances involved correlations within one region only 
(averaged over all regions). These three types of PLI scores were calculated for each 
frequency band in both conditions, obtaining 21 preoperative and 21 postoperative 
indexes of functional connectivity. 

In two patients, one MEG channel showed artifacts of a technical nature during visual 
inspection of the postoperative MEG epochs (i.e. dysfunctional super-conducting quantum 
interference device or channel amplifier, causing a high frequency, high amplitude signal). 
These two distorted channels were excluded from further analyses, to ensure PLI averaged 
scores were not influenced by these technical artifacts. 

 

Statistical analysis 

To increase statistical power, we normalized PLI scores by means of a logarithmic 
transformation (LN[x/1-x]).240 Unfortunately, 16 out of 42 PLI measures could not be 
sufficiently normalized to pass Kolmogorov–Smirnov tests of normality. However, in the 
current study, we conducted ANOVA with repeated measures. ANOVA is usually not 
seriously confounded when the repeated measure does not follow the normal distribution 
in a limited number of levels.  

ANOVA with repeated measures was performed, using Greenhouse-Geiser corrected P-
values for (interaction) effects. Three within patients factors were entered in a full-factorial 
model: the factor “condition” had two levels (preoperative and postoperative), the factor 
“frequency band” had seven levels (one for each frequency band), and the factor “PLI type” 
had three levels (interhemispheric long-distance, intrahemispheric long-distance, and local 
or short-distance). Due to the small sample size, the use of covariates was deemed 
irresponsible in terms of statistical power. 
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Results 

Patient characteristics 

Fifteen patients (age mean 39±12, eight males) were included. In all patients, the 
histopathological diagnosis was determined according to the WHO Classification of Tumors 
affecting the central nervous system.368 Tumors consisted of eight astrocytomas (four 
grade II, four grade III), three oligodendrogliomas (two grade II, one grade III), two 
glioblastoma multiforme (grade IV), and two grade I meningiomas (see table 1). Nine 
patients had left-sided tumors, whereas six patients had tumors in the right hemisphere. 
The mean preoperative tumor volume was 76 ccm (range 11 to 255 ccm). Moderate to 
strong mass lesion effects were seen in eleven patients, contrast enhancement of the 
tumor was seen in nine patients. All resections involved maximal debulking of the tumor. 
No serious complications occurred during or after neurosurgery. Preoperative neurological 
deficits were present in five patients, and involved unilateral paresis of the arm and/or leg, 
aphasia, and/or behavioral symptoms. These neurological problems subsided after tumor 
resection in two patients, while they persisted in three patients. One patient did not have 
any neurological deficits before resection, but a right-sided facial paresis occurred after 
neurosurgery. 

 

Table 1.        
Patient characteristics      
              

Patient Gender Age Lateralization Localization Histology Epilepsy Engel class 

1 M 29 L F AIII GS I 
2 F 66 R T Me GS I 
3 F 39 L F AIII GS I 
4 M 33 R P AIII GS I 
5 F 30 R FP AII FS II 
6 M 32 L F AII GS II 
7 F 27 R FP OB GS I 
8 M 31 L F AIV GS I 
9 M 38 L F AIII GS II 

10 F 41 L P OC GS I 
11 F 35 L FT AII FS III 
12 M 63 L P AIV FS I 
13 F 48 R T AII GS I 
14 F 26 L F OB GS I 
15 M 43 R F Me GS I 

Note. T=temporal, F=frontal, P=parietal, FP=fronto-parietal, FT=fronto-parietal, Me=meningioma, 

AI-IV=astrocytoma grade I-IV, OB=oligodendroglioma grade B, OC=oligodendroglioma grade C,  

OD=oligodendroglioma grade D, GS=generalized seizures, FS=focal seizures.  
 

Twelve patients suffered from generalized tonic-clonic seizures preoperatively, while three 
patients suffered from simple partial or complex partial seizures. The extrapolated 
frequency of seizures ranged from 1 to 1500 per year, although only four patients 
experienced more than 100 seizures per year (median=6). The mean duration of the 
history of epilepsy before MEG registration was 10.2 months (range 0.6–43.4). Seizure 
frequency or severity (as indexed by the Engel scale369) did not increase in any of the 
patients (see table 1): most patients experienced less frequent and/or less severe epileptic 
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seizures. Furthermore, a Wilcoxon signed rank test shows a significant reduction in 
postoperative epilepsy burden (M=5.5, SD=0.5), when compared to preoperative epilepsy 
burden (M=3.8, SD=1.2; T=0,p=.001). 

All but two patients used AEDs (valproate, carbamazepine, oxcarbazepine, or phenytoin), 
and four patients were on AED polytherapy. AED use was identical during preoperative and 
postoperative MEG registrations. Patients did not use dexamethasone or other centrally 
acting drugs at the time of the MEG measurements. 

 

Functional connectivity 

The ANOVA showed significant main effects for frequency band and PLI type (see table 2). 
Also, a significant interaction effect between frequency band and PLI type was found. 
Importantly, the three-way interaction between condition, frequency band, and PLI type was 
significant. 

 

Table 2.      
Repeated measures ANOVA with within-subjects variables (condition, frequency and PLI type)
      

Effect     F test p η2 
Main effects     
 Condition F (1.0, 14.0) = 2.27 .612 1.9% 
 Frequency F (2.71, 37.94) = 126.55 .000** 90.0% 
 PLI Type F (1.22, 17.08) = 29.64 .000** 67.9% 
Two-way interactions    
 Condition * frequency F (2.07, 29.03) = 2.74 .080 6.7% 
 Condition * PLI type F (1.22, 17.05) = 1.14 .313 16.3% 
 Frequency * PLI type F (4.65, 65.16) = 3.66 .007** 10.9% 
Three-way interaction    
  Condition * frequency * PLI type F (3.86, 53.97) = 2.77  .038* 16.5% 
Note. * =p<.05, ** =p<.01. Condition = preoperative or postoperative. All main and  
interaction effects of within-subject variables are  reported.  
 

Based on these results, we concluded that functional connectivity did indeed change after 
tumor resection in a complex manner, since it depended on frequency band and 
connectivity type. Post-hoc repeated measures ANOVAs were performed to assess the 
frequency band(s) in which the changes could account for the three-way interaction. These 
tests per frequency band yielded significant results for condition in the theta band only, 
where a main effect for condition was present (F(1, 14)=4.65, p=.049, η2=24.9%). In this 
frequency band, a significant interaction effect of condition and PLI type was also found 
(F(1.32, 18.42)=5.53, p=.023, η2=28.3%). In an MEG graph of mean PLI scores in the theta 
band, the decrease of connectivity after tumor resection is evident (see figure 1). 
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Figure 1.Graphs of mean preoperative and postoperative PLI in the theta band. PLI graph at a 

threshold of 0.16 (4-8 Hz) obtained from the means of PLI values in the whole patient group, 

before and after tumor resection. 

 

Post-hoc paired t-tests of the preoperative and postoperative PLI scores were performed for 
the three different types of functional connectivity in the theta band. Only interhemispheric 
functional connectivity changed significantly: PLI after surgery (M=0.16, SD=0.021) was 
significantly lower than before tumor resection (M=0.14, SD=0.021; t(14)=3.66, p=.003). 

Further post-hoc analyses were performed to explore whether patients’ clinical status (i.e. 
epilepsy frequency) was related to this decrease of interhemispheric functional connectivity 
in the theta band. A delta score of interhemispheric theta band PLI was calculated 
(preoperative PLI – postoperative PLI; Δinter-theta). Subsequently, the Δinter-theta scores 
were dichotomized into two groups, using the mean of Δinter-theta (M=0.0189) as a cut-off 
point. Three patients showed an increase of Δinter-theta, but since these increases were 
not greater than the cut-off point, we dichotomized patients into (1) patients with a small 
decrease (n=2) or increase (n=3) of interhemispheric theta PLI, and (2) patients with a large 
decrease (n = 10) of interhemispheric theta PLI. Although not significant at the .05 level, 
Fisher’s exact test did show a tendency for patients who did not experience any post-
operative seizures (i.e. had Engel class I) to have a large decrease of interhemispheric 
functional connectivity in the theta band, while the reverse seemed to occur in the patients 
who still experienced seizures after resection (p=.077; see table 3). 

 

Table 3.     
Postoperative epilepsy frequency and interhemispherical theta PLI change in patients (n=15) 
     
                            Interhemispherical theta PLI    
    Small increase/decrease Large decrease Total 
Seizure-free (Engel class I) No 3 (75%) 1 (25%) 4 
 Yes 2 (18.2%) 9 (81.8%) 11 
  Total 5 10 15 
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Due to the small number of patients, we did not use covariates. Therefore, the influence of 
several possibly confounding factors (postoperative radiotherapy, age, lateralization of the 
tumor, tumor grade, and tumor volume) on our main result of an interhemispheric 
decrease of theta band functional connectivity was explored in post-hoc analyses. The 
aforementioned delta score of interhemispheric theta band PLI was used (Δinter-theta). 
Subsequently, t-tests were performed (for radiotherapy and tumor lateralization), and 
Pearson’s correlation coefficients were calculated (for age, tumor grade and tumor 
volume). Δinter-theta scores did not differ between patients who underwent radiotherapy 
(M=0.022, SD=0.014) and those who did not (M=0.015, SD=0.024; t(13)=-0.629, p=.540). 
Likewise, there were no differences in interhemispheric theta PLI decrease between 
patients with tumors in the right (M=0.016, SD=0.027) and left hemisphere (M=0.021, 
SD=0.015; t(13)=0.411, p=.687). There also were no significant correlations between the 
interhemispheric theta PLI decrease and age at resection (Pearson’s ρ=-.155, p=.58), tumor 
grade (ρ=.110, p=.697), or preoperative tumor volume (Pearson’s ρ=.313, p=.256). 

 

Discussion 

In this study, brain tumor patients displayed decreased long-distance interhemispheric 
functional connectivity in the theta band after tumor resection. This finding was not 
influenced by several patient-, treatment-, and tumor-related factors, and thus can be 
attributed to resective surgery and its related aims (such as relief of intracranial pressure 
and edema). Patients who were seizure-free after resection tended to show a large 
interhemispheric theta PLI decrease, while more patients who still experienced 
postoperative seizures seemed to have a small interhemispheric theta PLI increase or 
decrease, although this difference did not reach significance and should be interpreted 
with great caution. 

Resection of tumors in non-eloquent brain areas usually does not induce permanent loss of 
function, as functional rehabilitation after (partial) tumor removal is quite common.26,362 In 
many patients, tumor resection even restores functioning in preoperatively damaged motor 
areas in the brain, thus resulting in improved motor function.365 These observations 
suggest that the brain has a high level of plasticity, enabling restoration of function after 
surgical intervention. The relevance of functional connectivity in determining the 
functionality of brain areas has recently been demonstrated.109 To our knowledge, the 
current study is the first to investigate changes in functional connectivity after tumor 
resection. 

We recently demonstrated that long-distance synchronization in the theta band (as 
measured by the synchronization likelihood, another measure of functional connectivity) is 
significantly higher in low-grade glioma patients than in matched healthy controls.361 Other 
studies also showed increased long-distance functional connectivity (i.e. synchronization 
likelihood) in brain tumor patients in the theta band.113,114 Although these results were 
obtained with a different measure of functional connectivity than the current study, other 
research has shown that especially the increase of theta band functional connectivity in 
patients compared to controls is detected by both measures, and thus seems to be quite 
robust.370 A pathological increase of theta band functional connectivity compared to 
healthy controls has also been reported in other patient groups, such as Alzheimer’s 
patients,227 and even depressed371 and autistic adults.372 In the current study, the 
postoperative decrease of interhemispheric theta synchronization might be interpreted as 
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a tendency towards a more ‘normal’ state of the theta band after tumor resection in brain 
tumor patients. This idea is further corroborated by the decrease of seizure frequency that 
most patients experienced. Indeed, patients with a large decrease of interhemispheric 
theta synchronization more often were epilepsy-free after tumor resection, when compared 
to patients with a small increase of synchronization. 

Historically, physiological theta band oscillations have been linked mainly to hippocampal 
activation.373 Nowadays, theta activity is more and more seen as the result of a 
corticohippocampal network, in which theta activity is generated in the hippocampus and 
spreads throughout the cortex.374 Regarding cognitive functioning, functional connectivity 
in the theta band has mostly been associated with (working) memory120 and attentional 
functions.179 When performing a working memory task, theta power increases and is 
maintained until the task is done and power decreases again.375 Coupling between the 
theta band and the high gamma (80-150 Hz) band, which has for long been most likely to 
be related to cognitive functioning, has been reported.376 Moreover, this coupling was 
found to be task-specific: different patterns of coupling occurred after different tasks, 
emphasizing the possible influence of the theta band on cognition. It would be very 
interesting to explore cognitive functioning, and especially working memory performance, 
in patients before and after tumor resection. Particularly the relationship between theta 
band functional connectivity after tumor resection and cognition remains to be elucidated. 
Following the idea of normalization in the theta band after resection, the decrease in theta 
functional connectivity may be related to improvement of cognitive functioning after 
removal of the tumor. Further research concerning this issue is needed. 

Several studies have suggested that pathological theta oscillations in patients with space-
occupying brain lesions are associated with edema.377 Changes in the volume of edema in 
patients with space-occupying lesions have proven to correlate with changes in theta 
power.377 The nature of patients’ brain lesions in that study varied greatly, indicating that 
there seems to be a very robust effect of edema on theta band activity. In brain tumor 
patients, increased theta power in the edematous areas around the tumor has also been 
reported.378,379 Although previous research regarding the association between the theta 
band and edema has focused on frequency power, it is possible that edema has some 
influence on functional connectivity as well. Therefore, the observed presumed 
normalization of functional connectivity in the theta band might have been (partially) 
brought about by the relief of edema. 

Although appealing and plausible, the idea of normalization of functional connectivity after 
tumor resection in brain tumor patients still is speculative. More extensive research into 
this idea is warranted, as the present study has several limitations. First of all, a major 
shortcoming of this study is the lack of data on patients’ neuro(psycho)logical status 
before and after tumor resection, making it impossible to correlate our findings with these 
important clinical variables. This relation should be the subject of future studies. 

Secondly, our sample size is rather small, particularly when taking the number of MEG-
variables into account, leading to restrictions in the possibilities to incorporate covariates 
into our analyses. By first using repeated measures ANOVA and performing post hoc 
analyses, we feel that we have taken sufficient precaution to minimize distortions of the 
results by factors other than tumor resection. Because of the sample size, splitting the 
sample into groups based on additional radiation treatment (radiotherapy or none) or 
tumor lateralization were unfavorable options, although earlier research has shown that 
tumor lateralization can influence functional connectivity in tumor patients.113,114 However, 



Chapter 13 – Functional connectivity after neurosurgery 

 181

exploring the influence of tumor lateralization and radiotherapy treatment through post-
hoc analyses, these factors as well as age, tumor volume, and tumor grade, were not 
related to the reported result of decreased interhemispheric theta PLI. 

Thirdly, data on preoperative and postoperative tumor volumes were not available. It would 
be relevant to investigate the influence of the extent of tumor resection on the results of 
this study. 

Fourthly, the patient population under study consisted of a heterogeneous group of brain 
tumor patients. Although the influence of some tumor-related features has been 
investigated in this study (i.e. tumor volume, tumor lateralization, tumor grade), future 
research should be conducted within more homogeneous groups of tumor patients in 
order to control for other factors (i.e. infiltrating vs. non-infiltrating tumors, mass effects, 
etc.) to a greater extent. Although we cannot yet conclude with certainty that tumor 
resection has a beneficial effect on functional connectivity and clinical status, this study 
does indicate that (1) a decrease of functional connectivity in the theta band occurs in 
brain tumor patients after tumor resection, (2) this decrease of theta band functional 
connectivity involves long-distance interhemispheric connections, (3) this finding is not 
influenced by several tumor-, treatment-, and patient-related factors. Our approach may be 
useful to study plasticity of brain networks in relation to resective neurosurgery. 

Future research efforts will focus on further elucidating the effects of more or less 
extensive tumor resection and other tumor treatment modalities (e.g. radiation therapy 
and chemotherapy) on functional connectivity, cognition, and functional status. 
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Abstract 

Brain tumors affect many properties of the whole brain and its functioning, and functional 
connectivity and network analysis have recently been applied to assess these diffuse 
effects. Brain networks are less optimal (i.e. more random) in brain tumor patients 
according to previous research. In this study, the effects of brain tumor resection on 
functional connectivity and network properties were assessed, in order to investigate 
whether surgery reverts the brain network to a normal, more regular organization. Resting-
state magnetoencephalography (MEG) recordings of 15 brain tumor patients before and 
after tumor resection were assessed. Functional connectivity was quantified with both 
synchronization likelihood (SL) and phase lag index (PLI), assessing different aspects of 
functional connectivity, in five frequency bands ranging from delta to beta. Weighted and 
unweighted networks were constructed and several network properties (path length, 
clustering coefficient, small-worldness, degree correlation) were calculated. Total SL scores 
increased in the beta band after surgical intervention, while a decrease in interhemispheric 
theta band PLI has previously been reported in the same dataset. After resection, SL-based 
clustering coefficient and small-world index increased in the low alpha band. Furthermore, 
the degree correlation increased in the theta band of these SL-based networks. The 
changes in functional connectivity and network properties observed after tumor resection 
seem to resemble normalization of these properties, indicating possible underlying 
mechanisms of brain tumors and their treatment. Furthermore, the two measures of 
connectivity yield different results, which are discussed. 
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Introduction 

Brain tumors have been found to cause deficits in higher cognitive functions, such as 
attention, memory and executive functioning,17,21,380 which are thought to depend on the 
interaction of multiple brain regions.381,382 These brain-wide implications of brain tumors 
can be studied effectively through functional connectivity and network analysis.6 

Functional connectivity considers the synchronization between multiple different brain 
regions as measured by neurophysiological time series.46,275 A certain level of connectivity 
seems to be essential for optimal brain functioning.155,157 Altered functional connectivity 
has been related to several neuro(psycho)logical disorders, including major depression,371 
mild cognitive impairment,126 Parkinson’s disease,260 and Alzheimer’s disease.124 
Functional connectivity has also been found to be altered in brain tumor patients compared 
to healthy controls. Global changes in functional connectivity have been observed.113,170 
Pathological increases in connectivity in the delta, gamma, and theta bands were related to 
poorer cognitive functioning.113,162,170 In another study, a decrease in alpha band 
connectivity seemed strongest at the location of the tumor, specifically in functionally 
silent areas, which could be resected without causing additional functional impairment.109 
After tumor resection, connectivity in the theta band decreases, reversing the relatively 
high level of connectivity that was found in the lower frequency bands preoperatively.268 

In addition to the average strength of functional connectivity, its spatial organization as a 
complex network is also a major determinant of cognition.161 Based on functional 
connectivity measures, a functional network can be constructed.6,157 A network consists of 
nodes connected to each other by edges. In functional brain networks based on MEG, the 
nodes correspond to the different sensors. Edges are determined by the chosen measure 
of functional connectivity. In unweighted networks, an edge exists if the connectivity value 
between two nodes exceeds a fixed threshold. However, in order to be able to compare 
networks of different groups without biasing this comparison by generating networks with 
different numbers of edges in the current study, the average degree K of the network is 
fixed by a proper adjustment of the threshold of the individual networks. In this way, an 
equal number of edges is generated for networks of both groups, and hence any 
differences between groups can be explained exclusively by a difference in network 
configuration.  

A network can be characterized by several measures, including the clustering coefficient 
(C), which is a measure of local connectivity, path length (L), which is the average number 
of edges that have to be travelled to go from one vertex to another, and degree correlation 
(R), which is the association between the number of edges connected to two nodes. When 
the degree correlation is positive, that is when high degree nodes connect preferentially to 
other high degree nodes, a network is called assortative. A network is disassortative when 
nodes with a high degree are likely connected to nodes with a low degree and vice versa. 
Watts and Strogatz found that different types of networks have different values of C and L.7 
In a regular network, all nodes are connected to their nearest neighbors only, yielding a 
high clustering coefficient, but also a long path length. When edges of this regular network 
are randomly rewired with a rewiring probability p, the network becomes more random as 
p increases. In a completely random network, the path length has dropped strongly. 
However, in this network the clustering coefficient is very low. The small-world network is 
an intermediate between these extremes: by only rewiring a few connections in the regular 
graph, path length decreases dramatically, becoming comparable to that of a random 
network, while the clustering coefficient remains high as is the case in the original regular 
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graph, combining local specialization and global integration. The small-world network is 
highly efficient41 and has been found in many real-world networks, including anatomical 
brain networks.7,96,97 Small-world properties were also found in functional brain 
networks.93,105 Deviations from small-world properties have been described in several 
neuropsychological disorders, including Alzheimer’s disease,167 schizophrenia,129 and 
epilepsy.149,276 Brain tumors also are associated with changes in network characteristics, 
possibly rendering the functional network more random.114 Furthermore, these changes 
seem to be correlated with poorer cognitive functioning.162 

In the current study, the effect of brain tumor resection on network properties is assessed. 
Previous research has already shown that, for interhemispheric connections in the theta 
band, tumor resection normalizes functional connectivity.268 It may therefore be 
hypothesized that network topology also changes after tumor resection, towards a more 
normal status. Furthermore, a normalization in network properties after tumor resection 
may underlie the functional recovery that is seen after tumor resection.364,383 In this way, 
network analysis may provide a step further into understanding the mechanisms that 
underlie the changes seen after tumor resection. In addition to these clinical hypotheses, 
differences between two commonly used measures of functional connectivity are explored. 

  

Methods 

Patients 

An existing dataset was used,268 which consisted of pre- and postoperative MEG recordings 
15 brain tumor patients (mean age 39 ± 12, 8 males), who underwent total or subtotal 
tumor resection. Patient characteristics are summarized in Table 1. Mean preoperative 
tumor volume was 76 cm3 (ranging from 11 to 255 cm3). Before surgery, seizures occurred 
at a frequency ranging from 1 to 1500 seizures per year. Outcome of tumor resection in 
terms of seizure frequency was scored using a modified version of the Engel scale. This 
scale consists of four classes; class I: free of seizures or residual auras; class II: 
intermittent, infrequent seizures or relapse after a significant seizure-free period; class III: 
worthwhile improvement, i.e. more than 75% reduction in seizure frequency; and class IV: 
less than 75% reduction in seizure frequency. 

 

Magnetoencephalography 

Magnetoencephalography (MEG) was recorded with a 151-channel whole head system (CTF 
Systems Inc., Port Coquitlam, BC, Canada; Vrba et al., 1999) within 5 months before and 10 
months after tumor resection. The data were recorded with a bandpass of 0.25-125 Hz. Of 
the 151 channels, two channels could not be used due to technical problems. Head 
position was recorded before and after each measurement by three head position coils, 
located between the eyebrows and next to both ears. Changes in head position of 
maximally 1.5 cm were accepted. MEG data were recorded for at least an hour, during a 
resting-state eyes-closed condition at a sampling frequency of 625 Hz. Per condition, four 
artifact-free epochs of 6.5 seconds (4096 samples) were visually selected for analysis [LD]. 
These data were filtered in five frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), low alpha 
(8-10 Hz), high alpha (10-13 Hz) and beta (13-30 Hz). The gamma band was excluded from 
the analyses because of technical artifacts in two patients.  
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Table 1.        
Patient characteristics      
         
Patient Gender Age Lateralization Localization Histology Epilepsy Engel Class

1 M 29 L F AIII GS I 
2 F 66 R T Me GS I 
3 F 39 L F AIII GS I 
4 M 33 R P AIII GS I 
5 F 30 R FP AII FS II 
6 M 32 L F AII GS II 
7 F 27 R FP OB GS I 
8 M 31 L F AIV GS I 
9 M 38 L F AIII GS II 

10 F 41 L P OC GS I 
11 F 35 L FT AII FS III 
12 M 63 L P AIV FS I 
13 F 48 R T AII GS I 
14 F 26 L F OB GS I 
15 M 43 R F Me GS I 

Note. T=temporal, F=frontal, P=parietal, FP=fronto-parietal, FT=fronto-parietal, 
Me=meningioma, AI–IV=astrocytoma grade I–IV, OB=oligodendroglioma grade B, 
OC=oligodendroglioma grade C, OD=oligodendroglioma grade D, GS=generalized 
seizures, FS focal seizures.      
 

Functional connectivity 

Functional connectivity and network properties were calculated using the software package 
DIGEEGXP (developed by [CJS]). Connectivity between locations can be quantified using 
several measures. In this study, two were used. The synchronization likelihood (SL107) is 
based on the concept of general synchronization,165 and assesses to what extent two 
signals are synchronized to each other (see reference106 for lag, embedding dimension, 
and filtering parameters). However, this method may be sensitive to volume conduction, 
which causes functional connectivity measures to be over-estimated. This problem is 
solved by the phase lag index (PLI271), which assesses coupling based upon non-zero phase 
lags. This method does not capture spurious coupling due to volume conduction which is 
present in a zero (or 180 degrees) phase lag. After computation of both measures, 
functional connectivity was averaged depending on connection type, yielding average 
connectivity measures for (1) short, local connections within a lobe within a hemisphere, 
(2) long connections between areas within one hemisphere, and (3) long connections 
between homologue areas in both hemispheres. The outcomes of the four epochs were 
averaged per condition per frequency band. 

 

Network analysis 

In order to create a functional network based on functional connectivity, it has to be 
determined which edges are present in the network, and which are not. This is done by 
setting a threshold such that there are a fixed number of edges present in the network. 
Based on this number the threshold for the functional connectivity values is determined. 
Because there is no known optimal value of K, and in order to determine whether effects 
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are robust over a wide range of thresholds, networks were constructed using a threshold K 
ranging from 5 to 21, with a step size of 0.25, as previous studies use comparable 
numbers (e.g. references105,384). 

From the constructed networks, clustering coefficient, path length and degree correlation 
are calculated in the same way as specified in reference167. In order to get standardized 
values of C and L, for each network 50 surrogate random networks were constructed by 
shuffling the connections while maintaining the same degree. The ratio between the values 
of C and L found in the real brain networks and the values of these measures in the 
randomized networks yields the standardized clustering coefficient (Cs) and standardized 
path length (Ls). Finally, the small-world index (S35) is the ratio between the standardized C 
and L, and is an indication of the degree of small-world-like a network is. 

 

Statistical analysis 

Statistical analysis was conducted using the statistical software package SPSS version 15. 
Normality of the data was assessed and confirmed using the Shapiro-Wilk test. In order to 
compare functional connectivity between the pre- and postoperative condition, a paired-
samples t-test was used. A p-value of 0.05 was used as the threshold for significance, with 
type I errors being corrected for using the Bonferroni correction. To compare network 
properties per K between the pre- and postoperative group, a paired-samples t-test was 
used as well, with type I errors being corrected for by using permutation tests with 1000 
permutations per test. Cohen’s d, computed as MD / s, with MD being the mean difference 
between pre- and post-surgical scores and s being the standard deviation of this 
difference, was calculated as an effect size. An absolute effect size of 0.8 or larger was 
considered to be large, and absolute effect sizes of respectively 0.5 and 0.3 were 
considered medium and small effects.385 

 

Results 

Functional connectivity 

Descriptive statistics of the total SL scores per frequency band and condition are presented 
in Table 2. When these total SL scores were compared before and after tumor resection, it 
was found that in the beta frequency band the total SL values increased significantly 
(t(14)=3.26, p<.01; Table 2). Further analyzing the SL scores in the beta band, in order to 
determine the specific connection type in which the SL increases, revealed no significant 
results.  

Changes in PLI scores based on tumor resection have already been described in this 
dataset.268 To summarize these results, a significant decrease in PLI was found in the theta 
frequency in the interhemispheric connections (t(14)=3.670,  p<.01), but not in the other 
connection types (intrahemispheric intralobar: t(14)=0.598, p=.56; intrahemispheric 
interlobar t(14)=0.0421, p=.68). For a further elaboration of these results, see reference268. 
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Table 2.        
Descriptive statistics of total SL scores before and after tumor resection  
            
 Before resection After resection    
Frequency Mean SD Mean SD t p Cohen's d 
Delta 0.0931 0.0138 0.0947 0.00976 t(14) = 0.339 .74 0.088 
Theta 0.0265 0.00239 0.0278 0.00328 t(14) = 1.178 .259 0.304 
Low alpha 0.0365 0.01545 0.0339 0.00436 t(14) = -0.723 .482 -0.187 
High alpha 0.0318 0.00641 0.0305 0.00331 t(14) = -1.163 .264  -0.3 
Beta 0.0226 0.00226 0.0238 0.00227 t(14) = 3.263 .006* 0.842 
Note. A positive t-value indicates an increase in SL after tumor resection 
* p<.01 (Bonferroni-corrected α)      
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Effect of tumor resection on the standardized clustering coefficient in the low alpha 

band. Note. (a) Plot of the standardized clustering coefficient pre and post surgery. Significant 

differences are indicated by triangles. (b) Effect size of the difference in standardized clustering 

coefficient before and after tumor resection. The horizontal line indicates a Cohen’s d of 0.8, 

which is considered large.  
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Network analysis 

Subsequently, changes in network properties were assessed. In networks based on SL, an 
increase was found in the standardized clustering coefficient in the low alpha band after 
tumor resection (see Figure 1a). This increase was present for K values between 12 and 21, 
with the exception of K values between 15.75 and 18.75, where no difference was found. 
In order to assess whether this lack of difference could be due to the relatively small 
sample size, or whether the loss of effect was genuine, the effect sizes were considered 
(see Figure 1b). These values were seen to decrease somewhat for the K values which show 
no significant difference, though remain substantially high to be considered large effects. 
It is therefore likely that the increase in standardized clustering coefficient is consistent 
over the whole range of K values from 12 to 21, and that the loss of significant effects can 
be ascribed to low statistical power.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Effect of tumor resection on the small-world index in the low alpha band. (a) Plot of 

the small-world index pre and post surgery. Significant differences are indicated by triangles. 

(b) Effect size of the difference in small-world index before and after tumor resection. The 

horizontal line indicates a Cohen’s d of 0.8, which is considered large.  
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The small-world index was found to increase in the low alpha band as well (see Figure 2a). 
As can be seen, this increase only occurred for large K values, i.e. for values above 19.5. 
The association between lack of significance for K values below 19.5 and decreased effect 
sizes is assessed in Figure 2b. In this case a different pattern was observed. The effect was 
found to increase with larger values of K, until the effect eventually became large enough 
to be detected, in this sample at a K value of 19.5. 

Finally, the degree correlation was found to increase in the theta band after tumor 
resection, for K values ranging from 10.75 to 13.75 (see Figure 3a). However, this increase 
was only present for a limited number of intermediate values of K. This could, as before, 
have its origin in the effect not being strong enough to be detected for all values of K. As 
can be seen in Figure 3b, none of the effect sizes could be considered large, which could 
explain the lack of robust ranges of K with significant differences. However, when plotting 
a trend line through the effect sizes, a parabolic trend can be observed, with an optimal 
effect size for K values ranging from about 13 to 14. This may seem indicative of an 
optimal value of K for detecting effects of degree correlation in the theta band.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Differences in the effect of tumor resection on the small-world index in the low alpha 

band between (a) patients who were seizure free after tumor resection and (b) patients who still 

experienced seizures after surgery. Significant differences are indicated by triangles. 
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No effect of tumor resection on the standardized path length in any of the networks based 
on SL was found. Also, no statistically significant effects of surgery on any network 
property were found in networks based on the PLI. The reported effects could not be 
ascribed to a difference between the power spectra of the pre- and post-surgical group, as 
no difference in relative power was found between the two groups for any frequency when 
comparing the power spectra using permutation testing. 

 

Correlations with seizure outcome 

Because of the increase in small-world index in combination with an increase in clustering 
coefficient, it can be reasoned that this change in small-world index is indicative of the 
network changing from a more random towards a more small-world network. Because 
patients with epilepsy may show a more random functional brain network 
(references149,277,278,386; but see reference257), it could be expected that normalization of 
the small-world index occurs in patients who are seizure-free after tumor resection, but not 
in patients who still experience seizures. When comparing the change in small-world index 
in the low alpha band in these two groups, it was seen that the small-world index 
significantly increased only in the group that recovered from seizures after tumor 
resection, but not in the group of patients who still experienced seizures postoperatively 
(see Figure 4). 

 

Discussion 

In this study, the effect of tumor resection on functional connectivity and network 
properties was investigated. Functional connectivity as measured by synchronization 
likelihood (SL) was found to increase in the beta band after tumor resection. Also, in a 
previous study using the same dataset, a decrease in phase lag index (PLI) was found in the 
theta band. This decrease was more specifically found in the interhemispheric 
connections.268 When assessing the properties of networks created based on SL, the 
standardized clustering coefficient increased after tumor resection in the low alpha band. 
In this frequency band, the small-world index also increased after neurosurgery. Finally, in 
the theta band, the degree correlation had increased postoperatively. Conversely, when 
networks were created based on PLI as a measure of functional connectivity, no significant 
effects of tumor resection were found. 

Most of these findings may indicate a normalization of brain connectivity after tumor 
resection. The increase of functional connectivity in the beta band could be interpreted as 
a recovery of the decrease in functional connectivity that was found in the high frequency 
bands previously.113 The fact that this effect is specifically seen in the beta band may be 
related to the suggestion of Laufs and colleagues, who relates beta oscillations to 
spontaneous cognitive operations occurring during rest.226 Decreases in functional 
connectivity in the beta band may underlie the cognitive amelioration that is seen in 
postoperative brain tumor patients,364,383 although cognition was not investigated in the 
current study.  
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Figure 4. Effect of tumor resection on the degree correlation in the theta band. (a) Plot of the 

degree correlation pre and post surgery. Significant differences are  indicated by red triangles. 

(b) Effect size of the difference in degree correlation before and after tumor resection. The red 

line indicates a Cohen’s d of 0.8, which is considered large. A  parabolic trend line is fitted in 

black through the effect sizes. 

 

The decrease in PLI in the theta band that was found in the same dataset268 could indicate 
a normalization of the increase in functional connectivity found in that frequency range in 
brain tumor patients compared to healthy controls.113,170 Furthermore, Bosma and 
colleagues reported increased synchronization in the theta band to be related to poorer 
cognitive functioning.162 Therefore, it can be reasoned that the decrease in synchronization 
in this band after tumor resection reflects recovery of cognitive functioning. Changes in 
functional connectivity in both the theta and beta bands seemed to concern only long-
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distance connections. These effects in the long connections could be indicative of global 
changes. Also, it is unlikely that they can be ascribed to volume conduction, because that 
effect is more likely to arise in short intrahemispheric connections, given the limited 
distance the conducted activity can travel before diffusing out. One could argue that if the 
effect found in SL is indeed not due to volume conduction, then this effect should be 
visible in the PLI. However, this is not the case. Still this does not necessarily mean that the 
effect in SL is solely due to volume conduction. After all, both measures do quantify 
functional connectivity in a different way (for example including the zero phase lag in SL in 
contrast to non-zero phase coupling in PLI), and the difference in outcome may also 
partially be explained by these differences. The SL takes complex forms of coupling into 
account, while the PLI only assesses phase synchronization. 

The increase in standardized clustering coefficient in the low alpha band after tumor 
resection was found to be robust over a wide range of thresholds. Also, the small-world 
index in this band increased for a range of thresholds, although the threshold for which 
this effect was first detected is substantially higher than the minimum threshold required 
in order to detect changes in the standardized clustering coefficient. The increase of both 
the small-world index and the clustering coefficient seem to indicate that the postoperative 
network becomes more small-world instead of a more random network compared to before 
surgery. This would fit in with previous results, reporting that the functional networks of 
brain tumor patients are more random than those of healthy controls.114  

Previous research has shown that patients with epilepsy show a more random functional 
brain network,149,276-278 although another study reports more ordered network in epilepsy 
patients.257 Indeed, the current study shows that the significant increase in small-
worldness, which could underlie recovery from a more random network, is only seen in 
patients who are seizure-free after surgery. Patients who still experience seizures 
afterwards do not show this increase in small-world index. Of note is, however, that the 
group of patients who still experienced seizures after tumor resection consisted of only 
four subjects, and it may therefore be harder to detect effects in this group.  

It may well be that the reported effects in the low alpha band can, at least partially, be 
ascribed to the resting-state nature of this study. Low alpha oscillations are seen most 
prominently during eyes-closed rest, and it may well be that because of this large 
proportion of low alpha power relative to other frequency bands an effect in this frequency 
band is easier detected than in other frequency bands with a relatively low power. If this is 
indeed the case, it may be possible that in conditions in which a different frequency band 
has a relatively high power, different effects of tumor resection may be observed. It may 
therefore be interesting to assess the effects of tumor resection on functional connectivity 
and network analysis during, for example, a cognitive task.  

The effect in the low alpha band may also be related to the recovery in memory seen after 
tumor resection.364 Previous task-related research has associated the alpha frequency to 
memory processes (e.g. references387,388), and it may well be that the normalizing changes 
that are found in the low alpha band underlie the amelioration in verbal working memory 
found by Teixidor and colleagues. However, since no information is available in the current 
study about cognitive performance, it is not possible to directly relate changes in network 
properties and functional connectivity to cognitive recovery. Future research should 
determine whether this is the case, and if so, which of the changes in functional 
connectivity and network properties underlie functional recovery. 
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The increased degree correlation in the theta band after tumor resection seems to indicate 
that brain networks becomes more assortative, in which nodes with many edges are more 
often connected with other nodes with many edges and vice versa. The theta band has 
previously been related to memory174 and integration of information.182 Assortative 
networks seem to be less fragile than disassortative networks and are thought to spread 
information more efficiently.50,389 Tumor resection may render the functional network in 
the theta band more efficient and robust, possibly underlying changes in the 
aforementioned processes.  

Different effects are found in the analyses based on SL and those based on PLI. Apparently, 
these measures do indeed measure different aspects of functional connectivity in this 
patient group. Of note is the fact that SL is more sensitive to volume conduction than PLI, 
and it could be that the differences that are found based on the different functional 
connectivity measures are due to volume conduction in the measures based on SL. 
However, if this would indeed be the sole cause of the differences, one would expect a 
robust volume conduction effect, present in both the functional connectivity analysis and 
network analysis. This is not likely the case, because when looking at SL, effects are found 
in different frequency bands for functional connectivity and network analysis. Furthermore, 
SL assesses general synchronization between two time series, while the PLI is very selective 
and only takes phase coupling into account. 

A shortcoming of this study is the small patient sample, rendering the statistical power 
suboptimal. This may explain the lack of differences found for a range or single K values in 
the context of a range of significant differences. Also, the difference in effect between 
patients who were seizure-free after tumor resection and patients who still had seizures 
must be considered with caution because of the sample size. Furthermore, the patient 
sample is rather heterogeneous, including patients with different types of brain tumors 
with different localization and lateralization.  

However, the effects that are found with this small and heterogeneous patient sample do 
look promising. It is suggested that recovery of functional connectivity and network 
properties was seen after tumor resection, albeit not in all affected properties. For 
example, path length has previously been found to be affected in brain tumor 
patients,114,162 but did not change after resection in the current study. Tumor resection 
may therefore not be able to restore all damage, or possibly there are more mechanisms 
underlying recovery than are currently detected with functional connectivity and network 
analysis. Nonetheless, this study indicates that normalizing changes in network properties 
and functional connectivity may occur after tumor resection and is therefore a step further 
into understanding the underlying processes of brain tumors and their treatment. 
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The general aim of this thesis is to expand our understanding of the impact and 
consequences of brain tumors on the brain and its functioning as a whole. In order to 
accomplish this complex assignment, several lines of research have been described in the 
different sections in this thesis, mainly focusing on the triad of tumor – cognition – 
epilepsy that has been outlined in the introduction. 

In chapter 2, a broad overview has been given of the state of the art of network theory, of 
cognition and epilepsy research in brain tumor patients, and of the interrelations between 
the former and the latter. Summarizing what was known at the start of this research yields 
the following: (a) the brain can be seen as a complex network, (b) healthy brains are 
characterized by the small-world principle, (c) brain tumors interfere with this ‘optimal’ 
brain network topology and functional connectivity, and (d) both cognition and epilepsy 
seem related to brain network topology. Now, what further insights have been gained in 
this thesis? 

 

Cognition 

In section II, a number of studies into aspects of cognition are described. Brain tumor 
patients often display global cognitive deficits,16,17,21,22 which is somewhat surprising for a 
focal lesion. However, the network perspective provides an alternative possibility: that 
changes in whole-brain network topology in brain tumor patients may be responsible for 
overall cognitive deterioration. The association between cognition and brain networks was 
first addressed in healthy participants in Chapter 3. In this chapter, functional connectivity 
(synchronization likelihood, SL) and particularly network topology of the brain as measured 
with MEG are correlated to cognitive performance in healthy participants. Better overall 
cognitive performance is related to increased clustering and increased small-world 
topology in several frequency bands, corroborating previous results: two other studies 
using MRI also show increased structural163 and functional161 small-world topology to be 
related to higher intelligence quotient.  

The work described in this chapter is one of the first studies to report on gender 
differences in resting-state network topology: women have less clustering and shorter path 
length than men in the delta band, suggesting greater efficiency but also more random 
network topology. Previous studies have suggested that gender differences in connectivity 
and network topology may be present during execution of cognitive tasks.177,179,187,188 
However, gender differences during resting-state have rarely been investigated. Recently, 
anatomical gender differences with respect to network architecture have been reported, 
corroborating our finding of shorter path length in women.164 The cause of this gender 
effect remains to be elucidated: hormonal differences may influence network development 
differentially in men and women. These and our results combined indicate that gender is to 
be taken into account when investigating connectivity and networks in the brain. 

In the following chapter 4, cognition is longitudinally investigated in a group of LGG 
patients. On average six years after diagnosis, these patients showed significantly 
decreased cognitive abilities when compared to healthy participants, but no differences 
were found between patients who had been treated with RT and those who had not.17 The 
research described in chapter 4 is performed another six years later, on average twelve 
years after diagnosis. Patients still prove to have significant cognitive deficits when 
compared to healthy controls. Furthermore, differences are found between patients who 
underwent radiotherapy and patients who did not. The radiotherapy group deteriorates 
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significantly between six and twelve years after diagnosis, while the radiotherapy naïve 
group remains stable with respect to cognitive performance. No other studies have 
followed patients for as long as twelve years after diagnosis, and most studies using 
shorter follow-up times found no widespread cognitive differences between patients 
treated with radiotherapy and patients who did not undergo radiotherapy.17,22,196,197,204-209 
Our results suggest that patients who undergo radiotherapy as primary treatment may 
indeed be at greater risk for cognitive deficits on the long run. Unfortunately, no 
neurophysiological time series were recorded in these patients, preventing us from relating 
cognitive deficits to network alterations. 

The last chapter of the first section (chapter 5) investigates the correlation between 
resting-state MEG-based functional connectivity and cognitive functioning in a group of 
LGG patients and healthy controls. Results replicate previous findings, namely that these 
patients perform significantly poorer than healthy controls on almost all cognitive tests. 
Furthermore, patients show increased functional connectivity (SL) in the delta, theta, and 
lower gamma frequency bands when compared to controls, while connectivity in the lower 
alpha band is decreased. These results in part corroborate previous studies, which also 
report increased low-frequency SL in a group of varying brain tumor patients.113,114 
However, a decrease in connectivity in the higher frequency bands has also been reported 
in these studies, which contradicts results in the gamma frequency in this chapter.  

Other studies have reported changes in network topology in the previously mentioned 
cohorts of brain tumor patients. In a group of patients with varying tumor histopathology, 
decreased clustering and decreased path length (i.e. a more random network architecture) 
are reported.114 In contrast, the application of graph analysis to the LGG patients’ data of 
chapter 5 shows opposite results in the theta band, namely increased clustering and thus 
more regular network topology.162 Possible explanations for these differences in both 
functional connectivity and network topology relate to the included patient sample (a 
homogeneous group of LGG patients versus a more heterogeneous sample of brain tumor 
patients) and the comparison that was made with healthy controls (matched to patients 
versus significantly different in age). Future studies should elucidate the pattern and 
direction of differences in connectivity and network topology between specific types of 
brain tumors and healthy participants.  

Nevertheless, it is clear from this section that functional connectivity and network topology 
are indeed pivotal for cognitive functioning in healthy people: increased small-world 
topology (i.e. high clustering and short path length) are related to higher IQ and better 
cognitive performance. Moreover, both cognitive performance and functional connectivity 
are disturbed in LGG patients, and correlations exist between these two phenomena. Brain 
tumor patients consistently show pathologically increased connectivity particularly in the 
lower frequency bands (delta, theta), which is related to poorer cognitive functioning. Now, 
how does the frequently occurring symptom of epileptic seizures relate to connectivity and 
networks? 

 

Epilepsy 

To address this question, we performed five studies that further exemplify the importance 
of functional connectivity and network topology for (tumor-related) epilepsy. The first of 
these, chapter 6, describes the value of functional connectivity (SL based on the interictal 
EEG) as a predictor of diagnosis after a first event that is suspected of being an epileptic 
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seizure in a large group of patients. It is shown that patients who are later diagnosed with 
epilepsy have significantly higher theta band SL than those patients who are not diagnosed 
with epilepsy. Increased connectivity in this frequency band has been reported before  in 
epilepsy patients when compared to healthy participants.127,139,257,277 It is interesting to 
note that only connectivity in the theta frequency range (4 to 8 Hz) differed between 
patients and healthy participants, the meaning of which has become clearer throughout 
further studies described in this thesis. 

The results described in chapter 6 indicate that SL in the theta band is indeed both specific 
and sensitive when classifying patients with and without epilepsy, even when using the 
first interictal EEG. Up till now, the use of the EEG when diagnosing epilepsy has been 
limited to visual assessment of so-called ‘interictal epileptiform discharges’ (IEDs). 
However, sensitivity is quite low using this method (35 percent in our study). By using 
theta band SL in addition to visual inspection, the sensitivity of predicting diagnosis could 
be increased to 58 percent. Furthermore, accurate classification of patients in the absence 
of IEDs was 76 percent, while the neurologist stands empty-handed when only using visual 
inspection. These findings suggest that functional connectivity may be a useful additional 
tool to differentiate between patients who indeed suffer from epilepsy and need to be 
treated with AEDs, and patients who will not have another seizure and thus do not have 
epilepsy. The clinical value of theta band connectivity in epilepsy diagnosis should be 
addressed in future, prospective studies, but the current results are promising. 

In the following chapter 7, network changes are described during absence seizures in 
children, as measured with EEG. Previous research has shown that functional connectivity 
tends to increase during seizures, although this hypersynchronization may be preceded by 
(local) desynchronization.137,138,140,143,150,151,390 Indeed, results of our study show increased 
SL in all frequency bands when comparing the ictal with the pre-ictal network structure, 
corroborating previous literature. Furthermore, both clustering and path length increase as 
the seizure starts, indicating that the functional brain network becomes more regular, 
which has also been reported before.148-150 This means that the pre-ictal network topology 
is more random than the ictal network architecture. Several studies have suggested that 
random networks are highly vulnerable to runaway hypersynchronization,54 and more 
random interictal network topology has been reported previously in (animal) model studies 
as well.131,133,149,150 The question remains: does the interictal network topology of human 
epilepsy patients differ from the healthy population? 

The remaining three chapters in this section attempt to answer this question, focusing on 
interictal network characteristics of patients suffering from (tumor-related) epilepsy. In 
chapter 8, functional connectivity (i.e. PLI) and weighted network topology are investigated 
in a group of patients suffering from focal epilepsy due to circumscribed brain lesions (half 
of which are brain tumors) and compared to healthy participants. No differences in 
functional connectivity are found between patients and controls. However, lesional epilepsy 
patients do show increased clustering in the theta and lower alpha band as compared to 
healthy participants, and a tendency towards increased theta band path length is also 
found. This increase in clustering and path length is also reported by another group.257 
These two studies suggest that interictal network topology in epilepsy patients are more 
regular than those of healthy controls. However, contrasting results have been published: 
decreased clustering and path length were reported in previously described unweighted 
MEG-based networks in brain tumor patients,113,114 and in fMRI-based functional networks 
of epilepsy patients,277 indicating a more random interictal topology in patients. The 
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reason for this discrepancy remains unknown, but methodology of network analysis may 
play an important part. Furthermore, the global aspect of clustering and path length could 
be a limitation, as local differences in network topology may cancel each other out. We will 
address this discrepancy to greater depth in the last part of this discussion.   

Furthermore, this study is the first to report differences in functional connectivity and 
network topology between different types of brain tumors. HGG patients have significantly 
higher upper gamma band PLI than patients with LGG or benign lesions. Network topology 
also differs between groups, particularly in the theta band. HGG patients show the least 
alterations in network topology, while LGG patients and patients with benign lesion have 
significantly abnormal network architecture when compared to healthy controls, 
suggesting that slowly growing tumors and stationary lesions may induce more extensive 
reorganization than tumors that grow rapidly. Furthermore, epileptic seizures occur in a 
much higher percentage of LGG patients than HGG patients, which may also influence 
connectivity and network topology. The specifics and the clinical significance of these 
differences remain to be investigated in future studies. 

In addition to differences between patients and healthy controls, associations between 
network topology and epilepsy characteristics are found in lesional epilepsy patients. 
Increasing theta band path length is related to longer epilepsy history, higher seizure 
frequency, and AED polytherapy, indicating that more regular interictal network topology is 
related to more severe epilepsy. These findings contrast several model studies, which 
suggest that more random network topology would be related to higher vulnerability to 
seizures.131,133,134,136 The level of measurement and network methodology may in part 
explain these differences. Regardless of these contradictions, our results illustrate that 
network topology in patients is of functional importance in terms of epilepsy. Furthermore, 
particularly the theta band again proves to play a pivotal role in epilepsy.      

Chapter 9 investigates the correlation between duration of epilepsy (i.e. time since first 
seizure), functional connectivity (PLI), and network topology within the temporal lobe in 
MTLE patients by using ACoG recordings. In contrast to the results in chapter 8, it is shown 
that increased connectivity, higher clustering coefficients, and higher small-world index (all 
in the broadband) are associated with shorter duration of epilepsy. These findings indicate 
that network topology in the temporal lobe becomes more random as the duration of 
epilepsy increases, corroborating findings from some of the previous work (chapter 7 and 
114,277) but contradicting other studies (chapter 8 and reference257). However, the current 
study differs from these studies with regard to the network modalities that were measured: 
only connectivity and network topology of the temporal lobe were investigated in this 
chapter, while other studies took the whole brain into account. Local differences in 
connectivity in epileptic brains have been reported previously, which corroborate these 
findings.224  

Chapter 9 describes a cross-sectional study, but changes in network topology in a 
longitudinally followed cohort of patients are also reported in this thesis. In chapter 10, a 
group of brain tumor patients suffering from epilepsy is followed over the course of their 
disease and treatment. Patients are included after tumor resection, and all patients use the 
same AED (levetiracetam). They are followed with MEG recordings up to one year after 
neurosurgical intervention. Results show that there are no changes in either functional 
connectivity or network topology during the year following tumor resection. This is 
remarkable, as seizure frequency does decrease significantly and patients undergo several 
types of tumor-treatment (i.e. chemotherapy and/or radiotherapy). Unfortunately, no other 
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studies have investigated connectivity and network topology over time, denouncing 
comparison to other work.  

Associations between the theta band and epilepsy characteristics are found again in these 
brain tumor patients: higher theta band connectivity is related to increased number of total 
seizures at the first and second time points, corroborating our results from chapter 6 and 
chapter 13. Also, higher number of seizures is associated with longer path length and 
higher edge weight correlation in the theta band, indicating that a less optimal, more 
random network topology is related to a greater number of seizures.  

 

Reversible damage 

In previous chapters, we have demonstrated that brain tumors and stationary other types 
of lesions that cause epilepsy are accompanied by changes in functional connectivity and 
network topology. In the following two subsequent studies, the effects of a reversible 
‘lesion’ on the brain are investigated. The EEGs recorded before and during the Wada test, 
or intra-arterial amobarbital procedure (IAP), were used for both studies. In chapter 11, 
changes in functional connectivity after injection of the sedative are reported. Results show 
that connectivity increases within the hemisphere that is injected. However, connectivity 
within the contralateral hemisphere and also interhemispherical connectivity changes after 
sedation, depending on the frequency band that is analyzed. In the lower bands, both 
interhemispherical and within-hemisphere connectivity decrease significantly, while the 
opposite is true for the higher frequencies. These results are comparable to what seems to 
happen in brain tumor patients (see chapter 5), and indicate once more that a focal lesion 
has significant impact on the brain as a whole.  

The influence of the IAP on network topology is discussed in chapter 12. It is shown that 
the whole-brain network becomes more random after injection of amobarbital in all 
frequency bands. Moreover, theta band network topology is correlated to memory 
performance during sedation: increased small-world topology is associated with better 
memory functioning. These results confirm the functional correlate of network architecture 
that has been reflected on in section II. They show again that the brain can be seen as a 
network, and that any functional alteration in one part of the network is accompanied by 
changes throughout the whole system. But: what happens to the brain network after a 
commonly applied treatment modality in brain tumor patients, namely (partial) tumor 
resection? 

 

Treatment 

We investigated a patient population comprising of tumor patients with several types of 
histopathological diagnoses with MEG before and after neurosurgical intervention. Some of 
these patients underwent biopsy only, while gross total tumor resection was achieved in 
others. All patients suffered from epileptic seizures before the operation. In chapter 13, 
functional connectivity (PLI) is calculated, and related to postsurgical outcome in terms of 
seizure-freedom. Results show that theta band interhemispherical connectivity decreases 
after surgery. This result is highly interesting, particularly when combining these findings 
with results of chapter 5, in which we reported LGG patients to have increased functional 
connectivity in (amongst others) the theta band. The decrease in theta band connectivity 
could speculatively be a ‘normalization’ of the pathologically increased connectivity that is 
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found in brain tumor patients. This idea is further supported by the clinical association 
that is reported in chapter 13: a greater decrease in theta band connectivity is associated 
with seizure-freedom after surgery, while patients who show only a small decrease or 
increase of connectivity in this frequency band still tended to suffer from seizures.  

Chapter 14 describes changes in network topology after tumor resection in the same 
group of brain tumor patients. After surgery, patients’ network architecture had more 
small-world characteristics in the lower alpha band, as indicated by increased clustering 
and small-world-index. Interestingly, this change was significantly present in the group of 
patients who did not have seizures after neurosurgical intervention, while patients still 
having seizures did not show changes in network topology after resection. Although it 
remains unknown why the lower alpha band is implicated in this study while other work 
points towards the importance of the theta frequency range, it is clear that (more optimal) 
network topology is related to functional status in terms of epilepsy.   

 

Implications for future research  

The work that is described in this thesis promotes a network theoretical approach towards 
the brain and in particular the brain that is invaded by a tumor. When these studies started, 
methods of investigating functional connectivity and network topology were scarce and use 
of this theoretical framework for brain research was rather novel. Luckily, network theory 
and its application to neuroscience have gained considerable attention during the course 
of this work. Findings from the studies that comprise this thesis are encouraging with 
respect to the functional correlates and clinical application of network theory in both 
healthy people and patients. In brain tumor patients specifically, the application of network 
theory seems to advance our understanding of how a localized tumor gives rise to global 
cognitive deficits and whole-brain hypersynchronization. However, we are still only 
beginning to unravel the true implications of network topology of the brain. Some gaps 
and limitations of the work described in this thesis should be noted and could aid in 
designing future studies. 

First of all, the choice of methodology when investigating connectivity and network 
architecture in the brain is still debated upon. Several methods of calculating functional 
connectivity are available. In this thesis, the phase lag index and synchronization likelihood 
are used, either separately or concurrently. These two measures, although both an index 
for connectivity, are very different in essence and are likely to assess different aspects of 
correlations between time series. Although the type of measurement of functional 
connectivity does not seem to influence some of the reported results,370 different results 
are also found when using different connectivity measures (e.g. chapter 14). Other 
research groups have used a whole range of other measures, many of which have been 
compared in a recent methodological paper.391 However, even when considering this 
paper, it remains unclear which measures are best under which conditions.   

Network construction based on neurophysiological time series is also different across 
publications and is possibly even more problematic to reliably decide upon than 
connectivity. Network topology is based on the measure of functional connectivity that is 
used, hereby introducing a first arbitrary component. Furthermore, it is not yet clear 
whether weighted or unweighted network analysis is superior. In unweighted network 
analysis, all information on edge strength is discarded. Moreover, setting a threshold in 
order to render the graph binary is arbitrary and setting a fixed threshold poses problems 



Section VI - Conclusions 

 204 

when comparing groups with different connectivity strength. The latter disadvantage can in 
part be controlled by not using a fixed threshold of connectivity, but by choosing an 
average number of connections per node (k or degree). However, this method still does not 
guarantee comparability across networks of different size or average connectivity: raising k 
in a more sparsely or less strongly connected network will lead to a difference in the 
connections that are considered in the analysis. In this case, the sparser network will 
almost certainly become more random than the network it is compared to. The benefit of 
weighted networks exists in the inclusion of all available information, which is why it is 
also used increasingly in neuroscience. However, this method may also induce a higher 
level of noise to the analysis, by including connections with a very low weight. Recently, 
authors have been using both weighted and unweighted methods concurrently, by first 
thresholding all connectivity values until a set percentage of connections is left. 
Subsequently, the remainder of the correlations is used for weighted network analysis.92  

This thesis focuses on two features of networks, namely the clustering coefficient and 
average path length, that are described by Watts and Strogatz in their seminal Nature 
paper.7 The formulation of these network variables signified a giant leap for network 
theory in the field of neuroscience as well as in other scientific areas, as they were easy to 
apply and almost immediately led to interesting results (see chapter 2). However, a critical 
look at the small-world network as the framework that is used in this thesis and other 
recent studies induces a feeling of insufficiency. Although clustering and path length are 
obviously very important for network organization and also for brain functioning, it is 
becoming increasingly clear that other network characteristics are also pivotal in this 
respect. It has recently been stated that assortativity (i.e. the network equivalent of ‘the 
rich getting richer’, see chapter 2) may also be important in the brain.157 Assortativity 
(which is equivalent to degree correlation or edge weight correlation) is only indirectly 
assessed in some chapters of this thesis, but extensive research into this characteristic of 
network may elucidate some more of the mechanism underlying the triad of tumor – 
cognition – epilepsy.  

Another up and coming measure in network theory is ‘modularity’.42 This term refers to 
the extent to which subclusters or modules that can be differentiated in the entire network. 
Such a module is characterized by high connectivity within itself, while connections 
between modules are few. Modularity could therefore subserve both specialization and 
integration, which are both needed for optimal brain functioning. Several studies in healthy 
participants have shown that the brain is indeed organized in functional modules, and five 
to seven modules have consistently been reported,392-394 but studies on anatomical 
modularity have not been performed as yet. Furthermore, investigation of modules can 
also yield additional information on the role that different brain areas have in the network. 
‘Hubs’ have been mentioned in chapter 2, but they have only rarely been related to brain 
tumors, cognition, or epilepsy. One model study reports hubs to be highly important in 
propagation of hypersynchronization in simulated neural networks,261 but further 
information is lacking. With respect to modules, nodes (or brain areas) that are highly 
interconnected within one module can be differentiated from those areas that are links 
between several modules. In the only study investigating modularity with MEG in a patient 
population, MEG recordings of five patients suffering from absence epilepsy were 
compared to recordings of five healthy participants.282 Results showed that patients have 
fewer modules than healthy controls. While within-module connectivity does not differ 
between groups, patients’ between-module connectivity is higher in several brain areas. 
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These results indicate that some areas of the brains of epilepsy patients are more likely to 
be activated by several different modules, hereby putatively increasing synchronizability 
and thus seizure vulnerability of the network. Future studies should aim at elucidating the 
role of both structural and functional modularity in the healthy as well as in the diseased 
brain. 

A third unknown factor in the current thesis relates to the impact of lesion type on network 
dynamics. Different patient populations are described in several of the chapters, but it is 
not yet clear whether for instance the development of gliomas is accompanied by other 
network alterations than lesions such as MTS. Within the lesional epilepsy patients, chapter 
8 describes differences in network architecture between patients with HGG and patients 
with either LGG or benign lesions. It is conceivable that HGG, which grow relatively fast, 
leave less room for adaptation of the environment than the slow or not growing other 
types of lesions. From chapters 11 and 12, we can deduce that changes in functional 
network topology occur as fast as 30 seconds after sedation of one part of the brain, while 
tumor resection may also change functional network architecture for longer periods of 
time according to chapters 13 and 14. However, chapter 10 shows that network 
architecture is remarkably stable over longer periods of time in a group of brain tumor 
patients undergoing several types of treatment. Of course, the heterogeneity of the patient 
population may cancel out changes and reduces statistical power. However, the question 
remains in which time-scales plasticity occurs in the brain, and which lesions induce most 
plastic effects. A recent study has investigated functional connectivity and network 
topology in one patient who suffered a stroke in the right capsula interna and in eight 
healthy participants.395 Increased path lengths were found in the patient in the beta and 
gamma bands as compared to healthy controls, indicating that small-world topology 
decreases after stroke. Another study reports on changing network properties of the brain 
after stroke measured by fMRI.396 In this paper, patients’ motor networks were investigated 
longitudinally for a year after the stroke occurred. Results indicated that the motor network 
became more and more random over time, of which the authors suggest that an initially 
less optimized configuration is involved in regaining function. Possibly, a random 
outgrowth of functional connections is started after an acute lesion such as stroke, after 
which rehabilitation shapes the connections that are pruned or maintained. However, this 
study still does not clarify differences in plasticity according to lesion type. When the 
mechanisms underlying plasticity in different types of lesions could be elucidated using 
network theory, estimation of functional prognosis after for instance stroke or after 
neurosurgery might be improved.  

One of the most consistent findings in this thesis concerns the role of theta band 
connectivity and network topology in brain tumor patients, (tumor-related) epilepsy, and 
cognitive (dys)functioning. The theta band represents an oscillatory pattern that has for 
long been thought to emanate from the hippocampal structures, after which it spreads to 
the outer layers of the brain. However, later studies have shown that other regions of the 
brain may also generate theta oscillations in certain cognitive states.307 As reviewed in 
chapter 10, there are numerous indications from network studies as well as neuron-specific 
papers that the theta band is important for both cognition and epilepsy. However, the 
specifics of the associations in the triad of tumor – cognition – epilepsy remain to be 
targeted in appropriate studies.    

Lastly, clinical applications of network theory in neurological practice seem to be 
approaching as research proceeds. Chapter 6 shows that connectivity analysis may be a 
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useful addition to visual inspection of the EEG when diagnosing epilepsy. If this method 
indeed proves to be an accurate diagnostic tool, patients could be treated accordingly or 
may be reassured. Another paper shows that the functionality of brain tissue can 
accurately be assessed with connectivity analysis.109 Moreover, connectivity is a good 
predictor of post-operative functional outcome: in this study, areas with relatively low 
connectivity could be resected without serious clinical consequences. Finally, two studies 
using ACoG recordings of MTLE patients undergoing epilepsy surgery suggest that 
connectivity peaks can predict the area of the temporal lobe that is most important in 
seizure generation and propagation.146,152 When this area is resected, patients are more 
often rendered seizure-free afterwards. Again, this finding suggests that epilepsy surgery 
(and also tumor surgery) when tailored according to connectivity patterns could lead to 
improved outcome, now in terms of seizure-freedom.  

The results of studies in this thesis introduce physiological measures that may explain and 
relate several important issues in neuro-oncology: functional deficits (i.e. cognitive 
deterioration, epileptic seizures), plasticity, deterioration, and rehabilitation during the 
course of the disease,  and treatment-effects may all be related to functional connectivity 
and the brain’s network topology. In the future, current measures of patients’ status (such 
as progression-free survival, overall survival) may be replaced by these measurable 
properties of the brain, which are relatively easy to determine and can be applied at any 
time during the course of the disease. Ultimately, we hereby aim to apply our knowledge of 
the brain’s connectivity and network topology to clinical practice. 
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Het hoofddoel van deze dissertatie was het verbreden van onze kennis over de invloed en 
consequenties van hersentumoren op de hersenen en het functioneren van de hersenen als 
geheel. Om deze complexe opdracht te volbrengen, zijn er verschillende onderzoekslijnen 
beschreven in de secties van deze dissertatie, waarbij voornamelijk geconcentreerd werd 
op de triade tumor – cognitie – epilepsie, die is beschreven in de introductie. 

In hoofdstuk 2 is een overzicht gegeven van de stand van zaken wat betreft 
netwerktheorie en cognitie- en epilepsie-onderzoek bij hersentumorpatiënten en de 
samenhang tussen deze twee aspecten. Samenvattend was het volgende bekend bij de 
start van dit onderzoek: (a) de hersenen vormen een complex netwerk, (b) gezonde 
hersenen worden gekenmerkt door het small-world principe, (c) hersentumoren veranderen 
deze ‘optimale’ netwerktopologie en patronen van functionele connectiviteit, en (d) zowel 
cognitie als epilepsie lijken gecorreleerd met hersennetwerken. Wat is er nu duidelijk 
geworden in deze dissertatie? 

 

Cognitie 

In sectie II is een aantal studies naar cognitie beschreven. Hersentumorpatiënten vertonen 
dikwijls globale cognitieve stoornissen,16,17,21,22 hetgeen verrassend is gezien het feit dat 
een tumor een circumscripte laesie is. Echter, met het netwerkperspectief verkennen we 
een andere verklaring voor deze problemen: veranderingen in de netwerktopologie van de 
gehele hersenen zijn mogelijk verantwoordelijk voor de algemene cognitieve achteruitgang 
in deze tumorpatiënten. De associatie tussen cognitie en netwerkarchitectuur is eerst 
onderzocht in hoofdstuk 3. In dit hoofdstuk zijn functionele connectiviteit 
(synchronization likelihood, SL) en netwerkstructuur zoals gemeten met 
magneetencefalogragie (MEG) gecorreleerd aan cognitieve prestaties bij gezonde 
proefpersonen. Betere algemene cognitieve vaardigheden zijn gecorreleerd aan 
toegenomen clustering en toegenomen small-world topologie in verschillende 
frequentiebanden. Deze resultaten zijn in lijn met eerdere studies: twee andere 
onderzoeken die gebruik maakten van kernspinresonantie (MRI) lieten ook zien dat 
toegenomen structurele163 en functionele161 small-world topologie geassocieerd is met 
betere cognitieve prestaties.    

Het onderzoek in dit hoofdstuk is een van de eersten die sekseverschillen in resting-state 
netwerktopologie rapporteren. Vrouwen hebben minder clustering en een lagere padlengte 
in de delta band dan mannen, wat suggereert dat vrouwen een efficiënter maar ook meer 
willekeurig hersennetwerk hebben. Eerdere studies laten zien dat sekseverschillen in 
connectiviteit en netwerkarchitectuur ook aanwezig zijn tijdens het uitvoeren van een 
taak.177,179,187,188 Echter, sekseverschillen zijn nog nauwelijks onderzocht tijdens rust. In 
een recente studie werden verschillen tussen mannen en vrouwen gevonden met 
betrekking tot de resting-state anatomische netwerken, waarbij – net als in onze studie – 
een kortere padlengte werd gezien bij vrouwen.164 De oorzaak van deze sekseverschillen is 
nog niet bekend: hormonale verschillen beïnvloeden mogelijk de ontwikkeling van 
netwerkarchitectuur in mannen en vrouwen. All resultaten bijeengenomen, lijkt sekse een 
belangrijke factor om rekening mee te houden bij onderzoek naar connectiviteit en 
netwerken in de hersenen. 



 208 

In hoofdstuk 4 is cognitief functioneren longitudinaal onderzocht in een groep laaggradig 
glioom (LGG) patiënten. Gemiddeld zes jaar na de diagnose hadden deze patiënten 
significant zwakkere cognitieve functies vergeleken met gezonden, maar er waren geen 
verschillen tussen patiënten die radiotherapie (RT) hadden ondergaan en patiënten die dat 
niet hadden.17 Het onderzoek dat beschreven wordt in hoofdstuk 4 vindt weer zes jaar 
later plaats, namelijk ongeveer 12 jaar na diagnose. Patiënten presteren dan nog steeds 
zwakker dan gezonden. Daarbij worden significante verschillen gezien tussen patiënten die 
wel of geen RT hebben ondergaan. De radiotherapiegroep verslechtert significant qua 
cognitie in de zes jaar tussen de twee meetmomenten, terwijl de patiënten zonder RT min 
of meer stabiel blijven wat betreft neuropsychologisch functioneren. Er zijn geen andere 
studies die een dergelijke patiëntengroep zo lang heeft vervolgd na primaire behandeling; 
de meeste onderzoeken die gebruik maken van een kortere follow-up rapporteren 
nauwelijks tot geen cognitieve verschillen tussen de patiënten met en zonder 
radiotherapie.17,22,196,197,204-209 Onze resultaten suggereren dat patiënten die RT ondergaan 
als primaire behandeling inderdaad een groter risico lopen op cognitieve stoornissen op de 
lange termijn. Helaas is er geen neurofysiologisch onderzoek gedaan in deze patiënten, 
waardoor hersennetwerken niet konden worden bestudeerd.  

In het laatste hoofdstuk van deze eerste sectie, hoofdstuk 5, wordt de correlatie tussen 
resting-state functionele connectiviteit op basis van MEG en cognitief functioneren van een 
groep LGG patiënten en gezonde controles onderzocht. De resultaten repliceren eerdere 
bevindingen waarbij patiënten significant slechter presteren op cognitieve tests dan 
gezonden. Bovendien hebben de patiënten verhoogde connectiviteit (SL) in de delta, theta 
en lage gamma band vergeleken met controles, terwijl connectiviteit in de lage alfa band 
juist lager is. Deze resultaten zijn deels in overeenstemming met ander onderzoek, waarin 
ook een toename van connectiviteit in de lage frequentiebanden werd gevonden in 
patiënten met verschillende soorten hersentumoren.113,114 Echter, een 
connectiviteitstoename in hogere frequenties werd ook gevonden in deze studies, wat de 
bevindingen in dit hoofdstuk deels tegenspreekt. 

Andere studies hebben veranderingen in netwerkstructuur gevonden in het al eerder 
genoemde cohort met patiënten met verschillende soorten hersentumoren, namelijk 
afgenomen clustering en afgenomen padlengte (een meer willekeurig netwerk).114 In 
tegenstelling tot deze resultaten, laat netwerkanalyse bij de LGG patiënten uit hoofdstuk 5 
juist het tegenovergestelde zien in de theta band: hier wordt juist toegenomen clustering 
en dus een meer geordende netwerkarchitectuur gevonden.162 Verklaringen voor deze 
verschillen in zowel connectiviteit als netwerktopologie zijn mogelijk de patiëntenpopulatie 
(een homogene groep LGG patiënten of een groep patiënten met verschillende typen 
hersentumoren) of de vergelijking met gezonde controles (direct gematched aan patiënten 
of significant verschillend wat betreft leeftijd). Toekomstige studies moeten het patroon en 
de richting van de verschillen in connectiviteit en netwerken tussen verschillende typen 
hersentumoren en gezonde proefpersonen dieper onderzoeken. 

Hoe dan ook is het duidelijk dat functionele connectiviteit en netwerktopologie zeer 
belangrijk zijn voor cognitief functioneren in gezonde mensen: toegenomen small-world 
architectuur (hoge clustering en lage padlengte) zijn geassocieerd met hoger IQ en betere 
cognitieve prestaties. Zowel het cognitief functioneren als de functionele connectiviteit zijn 
verstoord bij LGG patiënten, terwijl deze twee eigenschappen ook met elkaar gecorreleerd 
zijn. Hersentumorpatiënten laten consistent een toegenomen connectiviteit in met name 
de lagere frequentiebanden (delta, theta) zien, hetgeen gerelateerd is aan zwakker 
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neuropsychologisch presteren. De volgende sectie richt zich op de volgende vraag: hoe 
verhoudt het eveneens vaak voorkomende symptoom van epileptische aanvallen zich tot 
connectiviteit en netwerken bij hersentumorpatiënten? 

Epilepsie 

Wij hebben vijf studies uitgevoerd om deze vraag omtrent het belang van functionele 
connectiviteit en netwerktopologie bij (tumorgerelateerde) epilepsie te onderzoeken. In 
hoofdstuk 6 wordt de voorspellende waarde van functionele connectiviteit (SL op basis van 
het interictale elektroencefalogram, EEG) bij de diagnose epilepsie na een eerste aanval 
onderzocht in een grote groep patiënten. Het wordt duidelijk dat patiënten die later 
inderdaad de diagnose epilepsie krijgen significant hogere theta band SL hebben wanneer 
vergeleken met de patiënten die een andere oorzaak voor de aanval bleken te hebben. 
Toegenomen connectiviteit in de theta band is eerder gerapporteerd in 
epilepsiepatiënten.127,139,257,277 Het is interessant dat alleen connectiviteit in deze 
frequentieband verschilde tussen de patiënten en controles, waar de volgende studies 
mogelijk meer duidelijkheid over zullen scheppen. 

De resultaten uit hoofdstuk 6 wijzen uit dat theta band SL zowel specifiek als sensitief is 
bij het classificeren van patiënten met en zonder epilepsie, zelfs wanneer het eerste 
interictale EEG wordt gebruikt. Tot nu toe is het gebruik van het EEG bij het diagnosticeren 
van epilepsie beperkt gebleven tot visuele inspectie van zogeheten ‘interictale 
epileptiforme afwijkingen’ (IEA). De sensitiviteit van deze methode is echter zeer laag (35 
procent in onze studie). Door theta band SL toe te voegen aan visuele inspectie in het 
statistische model nam de sensitiviteit toe tot 58 procent. In de groep patiënten die geen 
IEA vertoonde was de totale accuratesse van theta SL zelfs 76 procent, terwijl de 
behandelend neuroloog in dit geval vandaag de dag nog met lege handen staat wanneer 
alleen visuele inspectie van het EEG wordt gebruikt. Deze bevindingen laten zien dat 
functionele connectiviteit mogelijk een nuttige toevoeging is bij het differentiëren tussen 
patiënten die inderdaad epilepsie hebben en medicamenteuze behandeling nodig hebben 
en patiënten die geen volgende aanval zullen krijgen en geen epilepsie hebben. De 
klinische waarde van theta band connectiviteit bij het diagnosticeren van epilepsie moet 
worden onderzocht in prospectieve studies, maar deze voorlopige resultaten zijn 
veelbelovend. 

In hoofdstuk 7 worden netwerkveranderingen met EEG beschreven tijdens absence-
aanvallen in kinderen. Eerder onderzoek laat zien dat functionele connectiviteit toeneemt 
tijdens epileptische aanvallen, hoewel deze hypersynchronisatie mogelijk wordt 
voorafgegaan door (lokale) desynchronisatie.137,138,140,143,150,151,390 Onze resultaten laten 
inderdaad zien dat SL toeneemt in alle frequentiebanden tijdens de aanval. Bovendien 
nemen zowel clustering als padlengte toe bij de start van de aanval, wat eveneens eerdere 
studies, die een meer geordend netwerk tijdens de aanval vinden, bevestigt.148-150 Deze 
resultaten zouden betekenen dat de pre-ictale netwertopologie meer willekeurig is dan de 
netwerktopologie tijdens de aanval. Eerder onderzoek suggereert inderdaad dat 
willekeurige netwerken kwetsbaar zijn voor totale hypersynchronisatie.54 Daarnaast is een 
meer willekeurige netwerkarchitectuur eerder gerapporteerd in (dier)modelstudies van 
epilepsie.131,133,149,150 De vraag blijft nu: verschilt de interictale netwerktopologie van 
epilepsiepatiënten van die van gezonde proefpersonen? 

De drie laatste hoofdstukken van deze sectie gaan in op deze vraag en richten zich 
specifiek op de interictale netwerkkarakteristieken van patiënten met (tumorgerelateerde) 
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epilepsie. In hoofdstuk 8 worden functionele connectiviteit en netwerktopologie 
onderzocht in een groep patiënten met localisatiegebonden epilepsie (waarvan de helft 
tumorpatiënten) en vergeleken met gezonde proefpersonen. Er zijn geen verschillen in 
functionele connectiviteit tussen patiënten en controles, maar de epilepsiepatiënten laten 
wel toegenomen clustering zien in de theta en lage alfa band, evenals verhoogde 
padlengte in de theta band. Een toename in clustering en padlengte wordt door ander 
onderzoek bevestigd.257 Deze twee studies samen suggereren dat het interictale 
hersennetwerk van epilepsiepatiënten meer geordend is dan dat van gezonden. Echter, er 
is sprake van tegenstrijdige bevindingen: afgenomen clustering en padlengte zijn ook 
beschreven in MEG-netwerken van hersentumorpatiënten113,114 en in epilepsiepatiënten 
gemeten met fMRI277, wat zou betekenen dat de interictale netwerktopologie juist meer 
willekeurig is. De oorzaak van deze discrepantie is nog niet geheel duidelijk, maar de 
methodologie van netwerkanalyse zou een belangrijke rol kunnen spelen bij de verschillen 
tussen deze studies. Ook vormt het globale karakter van de clustering en padlengte een 
probleem: mogelijkerwijs middelen lokale verschillen in deze maten uit. Deze discrepantie 
wordt verder besproken in de discussie. 

Deze studie toont verder voor het eerst verschillen aan tussen verschillende typen 
hersentumoren. Hooggradig glioom (HGG) patiënten vertonen significant hogere PLI in de 
hoge gamma band dan LGG patiënten of niet-tumorpatiënten. Netwerktopologie verschilt 
ook tussen de groepen, met name in de theta band. HGG patiënten vertonen weinig 
verandering in hun netwerkarchitectuur, terwijl LGG patiënten en niet-tumorpatiënten juist 
een afwijkende netwerktopologie hebben. Langzaam groeiende tumoren en stabiele laesies 
zorgen mogelijk voor meer verandering in hersennetwerken dan snel groeiende tumoren. 
Daarnaast komt epilepsie veel vaker voor in de LGG patiënten en niet-tumorpatiënten, wat 
ook functionele connectiviteit en netwerktopologie zou kunnen beïnvloeden. De details en 
klinische betekenis van deze verschillen moeten in verder onderzoek worden bestudeerd. 

Naast deze verschillen tussen patiëntengroepen, worden er ook correlaties gevonden 
tussen netwerkeigenschappen en kenmerken van de epilepsie binnen deze 
epilepsiepatiënten. Toegenomen padlengte in de theta band is gerelateerd aan een langere 
duur van de epilepsie, hogere frequentie van aanvallen en meerdere anti-epileptica, wat 
suggereert dat een meer geordend netwerk gerelateerd is aan ernstigere epilepsie. Deze 
bevindingen zijn tegenstrijdig met een aantal modelstudies, waarin juist een meer 
willekeurig netwerk geassocieerd is met toegenomen kwetsbaarheid voor epileptische 
aanvallen.131,133,134,136 Het niveau van de metingen en opnieuw de methodologie van 
netwerkanalyses zouden deze verschillen kunnen verklaren. Los van deze 
tegenstrijdigheden laten onze resultaten wel zien dat netwerktopologie van 
epilepsiepatiënten functionele correlaten heeft met de kenmerken van de epilepsie. 
Daarnaast worden wederom binnen de theta band de meeste veranderingen en correlaties 
gevonden bij deze epilepsiepatiënten. 

In hoofdstuk 9 wordt de correlatie tussen de duur van de epilepsie (i.e. de tijd sinds de 
eerste aanval), functionele connectiviteit (phase lag index, PLI) en netwerktopologie binnen 
de temporaalkwab van patiënten met mediale temporale epilepsie (MTLE) onderzocht met 
behulp van acute corticografie (ACoG). In tegenstelling tot hoofdstuk 8 is in deze groep 
patiënten verhoogde connectiviteit, hogere clustering en toegenomen small-world 
topologie (allen in de breedband) geassocieerd met een kortere epilepsieduur. Deze 
resultaten wijzen uit dat netwerktopologie in de temporaalkwab meer willekeurig wordt 
naarmate de epilepsie voortduurt, hetgeen zowel een aantal studies bevestigt (hoofdstuk 7 



Nederlandse samenvatting 

 211

en referenties114,277) als tegenspreekt (hoofdstuk 8 en referentie257). Echter, dit hoofdstuk 
verschilt van de overige studies met betrekking tot het niveau van de metingen: alleen de 
temporaalkwab werd bekeken in dit hoofdstuk, terwijl de hele hersenen in kaart werden 
gebracht in de overige onderzoeken. Lokale verschillen in connectiviteit in 
epilepsiepatiënten, die deze bevindingen zouden kunnen verklaren, zijn eerder 
gerapporteerd.224 

De data die geanalyseerd zijn in hoofdstuk 9 zijn cross-sectioneel verzameld, maar in deze 
dissertatie is ook gekeken naar een longitudinaal gevolgd cohort patiënten. In hoofdstuk 
10 zijn hersentumorpatiënten, die lijden aan epileptische aanvallen, gevolgd tijdens hun 
ziekte en de behandeling hiervan. Patiënten werden geïncludeerd na resectie van de tumor 
en gebruikten allemaal hetzelfde anti-epileptische medicijn (levetiracetam). Deze patiënten 
werden met MEG vervolgd tot een jaar na de operatie. De resultaten laten zien dat 
functionele connectiviteit en netwerktopologie niet veranderen binnen dit jaar. Dit is 
opmerkelijk, aangezien de aanvalsfrequentie wel afneemt en de patiënten verschillende 
typen tumorbehandeling ondergaan (chemotherapie en bestraling). Helaas zijn er geen 
vergelijkbare studies waarmee deze resultaten kunnen worden vergeleken.  

Er zijn in dit cohort weer correlaties gevonden tussen de theta band en 
epilepsiekenmerken: hogere connectiviteit in de theta band is gecorreleerd met een hoger 
totaal aantal aanvallen, zoals we ook zagen in hoofdstuk 6 en 13. Ook is een toenemend 
aantal aanvallen gerelateerd aan hogere padlengte in de theta band, wat betekent dat een 
minder optimaal, meer willekeurig hersennetwerk gecorreleerd is aan ernstigere epilepsie. 

 

Omkeerbare schade 

In eerdere hoofdstukken is duidelijk geworden dat hersentumoren en andere laesies die 
epilepsie veroorzaken vergezeld worden van veranderingen in functionele connectiviteit en 
netwerkarchitectuur. In de volgende twee hoofdstukken worden de effecten van een 
omkeerbare ‘laesie’ op de hersenen onderzocht. Hiervoor worden EEG’s gebruikt die 
opgenomen zijn tijdens de Wada test, of intra-arteriële amobarbital procedure (IAP). In 
hoofdstuk 11 worden veranderingen in functionele connectiviteit na inspuiting van de 
eenzijdige verdoving besproken. Connectiviteit neemt hoe dan ook toe in de ingespoten 
hemisfeer, in alle frequentiebanden. Echter, veranderingen binnen de contralaterale 
hemisfeer en ook de interhemisferale connectiviteit hangen af van de gemeten 
frequentieband. In de lagere frequenties nemen beide typen connectiviteit af, terwijl het 
tegenovergestelde geldt voor de hogere frequenties. Deze resultaten komen overeen met 
de eerdere resultaten in hersentumorpatiënten (hoofdstuk 5) en laten weer zien dat een 
lokale laesie een significante invloed heeft op de gehele hersenen. 

Vervolgens is netwerkarchitectuur tijdens de IAP onderzocht in hoofdstuk 12. Het blijkt 
dat het gehele hersennetwerk in alle frequentiebanden meer willekeurig wordt na 
inspuiting van amobarbital. Bovendien blijkt dat netwerktopologie in de theta band 
geassocieerd is met geheugenprestaties tijdens de unilaterale verdoving: toegenomen 
small-world topologie is gecorreleerd met beter functioneren van het geheugen. Deze 
resultaten bevestigen de cognitieve correlaten van netwerktopologie die eveneens 
besproken zijn in sectie II van deze dissertatie. De bevindingen tonen weer aan dat de 
hersenen als netwerk gezien kunnen worden en dat iedere functionele verandering in een 
deel van het netwerk gepaard gaat met veranderingen in het hele systeem. Maar wat 
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gebeurt er met het hersennetwerk van hersentumorpatiënten na een vaak toegepaste 
behandeling, namelijk tumorresectie? 

 

 

Behandeling 

Hiertoe hebben wij voor en na tumorresectie MEG-onderzoek gedaan bij een groep 
hersentumorpatiënten met verschillende histopathologische diagnoses. Bij sommigen van 
hen werd slechts een biopt genomen, terwijl bij anderen de gehele tumor werd 
weggehaald. Alle patiënten leden aan epileptische aanvallen voor de operatie. In 
hoofdstuk 13 wordt de functionele connectiviteit (PLI) berekend en gerelateerd aan 
postoperatieve status wat betreft de epilepsie. De resultaten laten zien dat interhemisferale 
theta band connectiviteit afneemt na de operatie. Deze bevinding is zeer interessant, 
vooral wanneer deze gecombineerd wordt met de resultaten uit hoofdstuk 5, waarin 
hersentumorpatiënten pathologisch toegenomen theta band connectiviteit hebben. De 
afname in theta band connectiviteit zou mogelijk een ‘normalisatie’ kunnen zijn van de 
pathologisch toegenomen connectiviteit bij hersentumorpatiënten. Dit idee wordt verder 
ondersteund door de klinische correlatie uit hoofdstuk 13: een grotere afname in theta 
band connectiviteit is gerelateerd aan aanvalsvrijheid na de operatie, terwijl patiënten die 
slechts een kleine afname of zelfs een toename in connectiviteit vertonen nog steeds 
epileptische aanvallen hebben na resectie van de tumor. 

In hoofdstuk 14 worden veranderingen in netwerktopologie beschreven in dezelfde groep 
hersentumorpatiënten. Na de operatie wordt het hersennetwerk meer als een small-world 
in de lage alfa band, gekenmerkt door toegenomen clustering en small-world index. Deze 
significante verandering is echter alleen aanwezig in de patiënten die aanvalsvrij waren na 
de resectie, terwijl patiënten die nog steeds aanvallen hebben geen veranderingen 
vertonen in netwerktopologie. Het is nog niet duidelijk waarom de lage alfa band – in 
plaats van de eerder vaak genoemde theta band – de meeste veranderingen laat zien in 
deze studie, maar het is wel duidelijk dat een meer optimale netwerktopologie 
geassocieerd is met functionele status wat betreft epilepsie. 
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Karin, Saskia en Ndedi: dank voor jullie vele inspanningen en flexibiliteit. Ook heb ik veel 
gehad aan de natuurkundige ondersteuning van Arjan, Bob en Jan. Sophie, je hulp bij de 
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Rikkert en alle andere leden van de maandagmiddagclub! Dank ook aan de studenten die 
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