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Patients with a primary brain tumor are most often diagnosed with a diffuse glioma, 

indicating a poor prognosis with an overall survival time varying between several 

months to several years, depending on the malignancy of the tumor (Ho et al., 2014). 

Each year, approximately 1100 new patients are diagnosed in the Netherlands (Siesling 

et al., 2014). Diffuse gliomas can be differentiated into astrocytomas, 

oligodendrogliomas, or a mixture of both cell types (oligoastrocytomas), referring to 

the (possible) origin of the tumor cells, i.e. astrocytes or oligodendrocytes, which are 

generally known as supporting cells of the brain. The malignancy of the glioma is 

categorized in low grade (grade II gliomas), and high grade gliomas (grade III and 

grade IV gliomas), with a higher grade indicating a more aggressive brain tumor. This 

classification is based on histopathological findings according to the World Health 

Organization grading system (Louis et al., 2016, 2007). However, prognostic accuracy 

based on histopathological features only is limited and incorporating molecular markers 

is of added value. In 2016, the WHO updated the classification of diffuse gliomas by 

including information on the isocitrate dehydrogenase (IDH) mutation (Louis et al., 

2016). This mutation is extremely relevant when considering overall survival of 

patients with and without this mutation (Yan et al., 2009). Patients with an IDH 

mutation (IDH-mut) have a better prognosis and in general include patients with a 

grade II or grade III glioma. Patients without this mutation (IDH wild-type (IDH-wt)) 

are mostly patients with a grade IV glioma, the most malignant form of glioma, also 

known as glioblastoma multiforme (GBM). Another relevant prognostic factor for 

survival is the codeletion of the short arm of chromosome 1 (1p), and the long arm 

of chromosome 19 (19q), and is particularly found in patients with an 

oligodendroglioma (Reifenberger et al., 1994). This subtype of glioma responds better 

to chemotherapy than gliomas without this codeletion (Cairncross et al., 1998). 

Diffuse glioma patients with a 1p/19q codeletion and an IDH mutation have the least 

negative prognosis while patients without these genetic abnormalities have the most 

unfavorable prognosis. 
 

Patients with a diffuse glioma can experience a wide variety of symptoms, including 

epileptic seizures, which is a common presenting symptom (Lote et al., 1998; Lynam 

et al., 2007; Rosati et al., 2009). Patients can also experience sensory or motor 

deficits, headaches, aphasia, behavioral changes and cognitive difficulties. A systematic 

review showed that 62.6% of patients experience deficits on cognitive functioning prior 
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to tumor treatment (van Kessel et al., 2017). Furthermore, patients with IDH-wt 

glioma are more affected than patients with IDH-mut (Wefel et al., 2016). However, 

it is unknown what the underlying neuronal correlates are of the difference in cognitive 

functioning between patients with an IDH-wt and IDH-mut glioma. Cognitive 

difficulties are present in all cognitive domains but are mostly seen in memory, 

attention and executive functioning (van Kessel et al., 2017).  

 

The above mentioned symptoms can arise when the tumor is disturbing brain 

functioning on a local level, which can be the case when patients experience localized 

sensory or motor deficits. However, this localized view does not explain epilepsy and 

cognitive dysfunctioning as they emerge from complex interactions between several 

brain areas. These complex interactions can be studied by investigating the brain 

network; connections (edges) between brain areas (nodes) are mapped and a variety 

of features of the brain network can be described. 

 

In general, the brain network can be investigated with several methods. For instance, 

with diffusion weighted magnetic resonance imaging (MRI) the white matter fiber 

bundles connecting different brain regions are displayed. The brain network can also 

be investigated on a functional level, in this type of network the connections between 

different brain regions are based on the synchrony of the activation pattern between 

different brain areas. The more similar the activity pattern, the stronger the functional 

connection between these brain areas. Functional connectivity is thought to reflect 

the strength of communication between several brain areas and plays a crucial role in 

human behavior and cognition (Aertsen et al., 1989; Varela et al., 2001). Functional 

connections and the emerging functional networks of the brain can be measured with 

different modalities. In glioma, functional MRI (fMRI) and magnetoencephalography 

(MEG) are used most often. With fMRI, the blood oxygenation level dependent 

(BOLD) signal is measured, picking up on the brain’s hemodynamic response; when 

neurons are active, the need for oxygen delivered by the blood to that certain region, 

is increasing. Thus, the BOLD signal is an indirect measure of neuronal activity. The 

advantage of fMRI is the high spatial resolution (in the range of a few millimeters). 

However, the sampling rate is generally low (2-3 seconds) compared to other 

modalities that can directly measure neuronal activity. In contrast to fMRI, MEG 

measures the magnetic field outside of the skull, generated by thousands of neurons 
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active at the same time. This technique has a high temporal resolution (with a 

sampling frequency of 1250 Hz), however, correctly estimating the source of the 

magnetic field is spatially less accurate than fMRI. Functional networks of glioma 

patients are typically derived from timeseries during a resting state recording, a no-

task but alert condition thought to reflect basic functioning of the brain networks 

(Stam, 2005).  

 

Especially the functional network has been vastly investigated in glioma patients. The 

first studies described how functional connections were altered not only at the site of 

the glioma but spanned the entire cortex (F Bartolomei et al., 2006; Fabrice 

Bartolomei et al., 2006). Follow up studies showed how functional connectivity and 

alterations in the functional network were related to cognitive deficits and epilepsy in 

this patient population (Bosma et al., 2008, 2009b; Douw et al., 2010; van Dellen et 

al., 2012) (an extensive overview is given in chapter 2 (Derks et al., 2014)). Important 

findings include differences in network properties relating to the integration and 

segregation of the functional network between healthy controls and patients with a 

primary brain tumor during resting state recordings. Patients with a less integrated 

network, as measured by the average path length of the network, showed poorer 

cognitive performance (Bosma et al., 2009a; Xu et al., 2013). This network measure 

describes the average lowest number of steps between all nodes in the network (figure 

1). The longer the path length the less integrated a network is. Healthy brain network 

functioning also relies on the extent to which the network is segregated (local 

specialization) and can be investigated by measuring the interconnectedness of nodes 

with its neighboring nodes (figure 1) and is referred to as the clustering coefficient 

(Achard et al., 2006; Bassett et al., 2006; Douw et al., 2011; Eguíluz et al., 2005; 

Stam, 2014, 2004). Glioma patients have a higher average network clustering 

coefficient which relates to worse cognitive performance (Bosma et al., 2009a; van 

Dellen et al., 2012). Interestingly, in the healthy population, a higher average 

clustering coefficient is associated with better cognitive performance (Douw et al., 

2011; Langer et al., 2013, 2012). These studies give us the insight that alterations in 

brain functioning induced by the tumor are not confined by the tumor area alone and 

underlie cognitive deficits and epileptic seizures in glioma patients. 
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Figure 1. Important network characteristics. Dots represent nodes (vertices), while lines indicate 
connections (edges). The checkered nodes and the associated unevenly dashed connections 
illustrate the clustering coefficient of node A, which is calculated by dividing the number of 
connections between neighbors of A (i.e. three) by the total number of possible connections 
between neighbors of A (i.e. three), yielding a coefficient of one. The evenly dashed lines in the 
left part of the figure represent the shortest path between nodes B and C, with a length of 
three. Finally, this network contains two different network modules (module 1 and 2), which 
are connected to each other through a connector hub (node D). Within module 2, node E has 
high within-module connectivity and is a provincial hub. 

 

Another important characteristic of the brain network is the presence of hubs 

(Buckner et al., 2009; Crossley et al., 2013; Power et al., 2013). Hubs are brain areas 

characterized by high information throughput, in the brain reflected by high 

connectivity or centrality of a node. Hubs are implicated in many neurological and 

psychiatric disorders (Aerts et al., 2016; Crossley et al., 2014). The overload, and 

eventually failure of these hubs is proposed as a final common pathway in neurological 

disease (Stam, 2014). In the initial phase, when (localized) neurological disease occurs, 

communication between the compromised region and other nodes in the network is 

altered due to disconnection or altered activity patterns. Other nodes higher up in the 

hierarchy take over the information flow of the lesioned nodes, resulting in increased 

traffic flow of these nodes, which causes these nodes to be overloaded. This results in 

a cascade of overloaded nodes, continued up to the highest hubs in the network. If 

this overload is sustained, these hubs will eventually fail in their functioning, leading 
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to a global network failure. This theory has not been investigated yet in glioma 

patients, however, computational modelling (de Haan et al., 2012) and resting state 

fMRI experiments (Jones et al., 2016), have provided evidence for such a cascadic 

network failure in Alzheimer’s disease.  

 

As is clear from above, the impact of glioma on brain functioning is being explored, 

providing evidence for a global impact on brain functioning. However the inverse is 

true as well; brain functioning can impact glioma growth. A seminal study reported on 

the causal relationship between neuronal activity and glioma growth (Venkatesh et 

al., 2015). A series of in vitro and in vivo experiments showed that when a neuron is 

active, the protein neuroligin-3 (NLGN3) is released from the postsynaptic membrane, 

switching on the PI3K-mTOR pathway in glioma cells, leading to cell proliferation. 

Moreover, inhibition of neuroligin-3 resulted in diminished tumor growth (Venkatesh 

et al., 2017). However, the interplay between neuronal activity, NLGN3 expression, 

and tumor progression is not yet investigated in a patient population.  
 

The studies discussed in this introduction section reveal the complex interactions 

between neuronal functioning and glioma and underline a shift towards a more 

neurocentric perspective on glioma pathology and treatment (Cuddapah et al., 2014), 

while traditionally the disease was viewed from a glioma focused perspective. This 

neurocentric perspective gives more insight in glioma pathology and possible 

treatments. To unlock clinical use of these fundamental insights, validation of the 

interaction between neuronal activity and glioma growth in glioma patients is needed. 

 

Aims and outline of this thesis 
The general objective of this thesis is twofold: 

1. Describing the impact of glioma on brain functioning by investigating local 

and global network clustering, hub functioning and functional connectivity in 

relation to cognition and molecular subtypes of glioma. 

2. Investigate the impact of brain functioning on glioma by researching the 

association between oscillatory brain activity, glioma progression and protein 

expression. 
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In chapter 2, an in depth overview of brain network alterations in glioma patients is 

given. This review points out the alterations in network clustering in this patient 

population. Chapter 3 builds forward on these findings by specifically focusing on 

patients that show deviant network clustering, and investigates local network 

clustering of the tumor and non-tumor brain areas. Chapter 4 presents differences 

between healthy controls and glioma patients in hub functioning. In chapter 5, the 

relation between cognitive functioning and functional connectivity is investigated and 

differences between patients with and without an IDH mutation are presented. 

Chapter 6 describes the association between protein expression and neuronal activity, 

and how neuronal activity predicts glioma progression. In chapter 7 and 8 a summary 

and in depth discussion is presented.  
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Abstract 
Purpose of review 

Brain tumor patients suffer from cognitive deficits, regardless of tumor grade or 

location. Deficits have a general character, falling in the domains of attention, working 

memory, information processing speed, and executive functioning. This review explores 

a new, brain network-based view of these deficits in brain tumor patients. 

 

Recent findings 
Network theory has evolved within the fields of mathematics and sociology and has 

resulted in its application to many complex systems, such as social networks, traffic 

flow networks, and biological protein networks. In the brain, a network can be 

constructed by assessing either functional or anatomical connections between brain 

areas, and subsequently extracting their overarching network patterns. Important brain 

network features are local specialization, operationalized by local clustering, and global 

integration or path length. Widespread disturbances in network topology are found in 

brain tumor patients, which relate to their cognitive problems. Furthermore, changes 

in network topology in response to oncological interventions, particularly tumor 

resection, go hand in hand with cognitive outcome. 

 

Summary  

Cognitive deficits in brain tumor patients are reflected in whole-brain network 

disturbances. Possible future clinical use of these findings mostly concerns prognostics 

and tailoring treatment strategies. 
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Introduction 
Primary brain tumors are accompanied by a dismal prognosis and limited treatment 

options. In addition, patients show burdensome impairments in multiple cognitive 

domains, such as memory, attention, information processing, and executive 

functioning. Many cognitive problems cannot be explained by localization alone (Klein 

et al., 2002; Taphoorn and Klein, 2004). Moreover, although low-grade glioma (LGG), 

high-grade glioma (HGG), and meningioma have distinct prognoses, cognitive deficits 

are present across tumor types (Klein et al., 2003, 2001; Miotto et al., 2011; Tucha 

et al., 2000; van Nieuwenhuizen et al., 2013). A purely localizationist view of cognition 

has therefore not lead to complete understanding of patients’ problems. Recently, a 

new neuroscientific framework has yielded important insights into the whole-brain 

correlates of cognition. We discuss this network-based view of brain functioning and 

its relation to cognition in brain tumor patients (see table 1 for a literature overview 

(Bartolomei et al., 2006a, 2006b; Bosma et al., 2009, 2008; Douw et al., 2008; 

Esposito et al., 2012; Guggisberg et al., 2008; van Dellen et al., 2013, 2012; Wang 

et al., 2010; Xu et al., 2013)). 

 

Constructing a brain network 
In order to understand whether cognitive deficits in brain tumor patients are indeed a 

‘network’ problem, some background knowledge on network theory is required. We 

must first construct the brain network by determining the nodes or vertices, and 

connections or edges between them (chapter 1, figure 1). The nodes are usually brain 

regions, with specifics depending on the modality with which the network is 

investigated. Connections can be anatomical or functional; analogous to anatomical 

connectivity are the roads between different cities, while functional connections are 

like cars actually traveling these roads. Different imaging modalities are used: 

anatomical connectivity can be measured with diffusion tensor imaging (DTI). This 

type of magnetic resonance imaging (MRI) visualizes white matter fibers running 

between brain areas, by measuring the directional diffusion of water molecules 

(Hagmann et al., 2006).  

 

Conversely, functional network topology can be assessed with 

magnetoencephalography (MEG) recordings, the method most often used in neuro-

oncological research. MEG measures the magnetic fields generated by simultaneously 
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firing of groups of cortical neurons from outside the skull, hereby directly measuring 

neuronal activity. The changing magnitude of the magnetic field over time yields an 

oscillation or time series. If oscillations measured from different brain areas are 

statistically correlated, i.e. regions become active and inactive at the same time, they 

Table 1. Overview of literature studies on neural networks in brain tumor patients and the 

association with cognition 

Study Patient population Modality 

Connectivity and 

network 

disturbances 

Associations with 

cognitive functioning 

Bartolomei et al. 2006a 2 MEN, 5 LGG, MEG ↓ beta & gamma FC   
  10 HGG, 15 HC   ↑ delta & theta FC   
  

    
↓ theta & beta path 
length   

Bartolomei et al. 2006b 2 MEN, 5 LGG,  MEG ↓ broadband FC   
  10 HGG, 15 HC   ↓ gamma FC   
Guggisberg et al. 2008 15 FBL, 14 HC MEG ↓ alpha FC   
Bosma et al. 2008 17 LGG, 17 HC  MEG ↓ alpha FC -r: gamma FC and ips 
  

 
  ↑ delta & theta FC -r: delta, theta & gamma FC and att. 

        -r: delta FC and working memory  
Esposito et al. 2012 10 LGG, 14 HGG  

14 HC 

rs-fMRI ↓ FC in the DMN   

Bosma et al. 2009 17 LGG, 17 HC  MEG ↑ theta FC 

↑ theta clustering 

-r: delta path length and att. & exe. 
funct. 

      ↓ beta clustering -r: alpha path length and verbal memory 
 

    
 

-r: delta clustering and verbal memory 
Van Dellen et al. 2012 13 LGG, 12 HGG,  MEG LGG ↑ theta clustering  LGG -r: theta clustering and exe. funct. 
  10 NGL, 36 HC   LGG ↓ theta between 

module FC 
LGG +r: modularity and verbal memory 
HGG +r:  between module FC and att. 

Xu et al. 2013 21 LGG, 20 HC rs-fMRI ↑ path length +r: global efficiency and IQ 
      ↓ hub right insula   
Douw et al. 2008 2 MEN, 7 HGG,  

6 LGG 

MEG ↓ theta FC after 
resection 

  

Wang et al. 2010 2 MEN, 7 HGG,  

6 LGG 

MEG ↑ beta clustering after 
resection 

  

Van Dellen et al. 2013 10 LGG MEG ↑ alpha FC in DMN & 

FPN  after resection 

+r: DMN alpha ↑ and verbal memory  

+r: FPN alpa ↑ and att., working memory 
and exe. funct. 

Overview of literature studies on neural networks in brain tumor patients and the association 

with cognition. LGG, low grade glioma; HGG, high grade glioma; MEN, meningioma; FBL, 

focal brain lesion; NGL, non-glial lesion; HC, healthy controls; MEG, magnetoencephalography; 

rs-fMRI, resting-state functional magnetic resonance imaging; ↓, decrease;↑, increase; FC, 

functional connectivity; DMN, default mode network; FPN, fronto-parietal network; -r, 

negative correlation; +r, positive correlation; ips, information processing speed; att., attention; 

exe. funct., executive functioning; IQ, intelligence quotient. 
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are thought to be communicating and thus functionally connected (Aertsen et al., 

1989). Because of MEG’s high temporal resolution, connectivity can be measured in 

frequency bands ranging from about 0.5 to 80 Hz, with each band relating to distinct 

components of brain functioning. MEG recordings are typically performed during the 

resting-state: a no-task but alert condition, thought to reflect basic functioning of the 

brain network (van Straaten and Stam, 2013).  

 

Functional networks can also be investigated with resting-state functional magnetic 

resonance imaging (rs-fMRI). Neuronal activity in different brain regions is indirectly 

measured by the blood-oxygenation level-dependent (BOLD) signal. BOLD reflects 

fluctuations in oxygen flow to different brain areas, with active areas consuming more 

oxygen than non-active areas. BOLD time series from different regions are correlated 

to assess connectivity only at very low (<0.1 Hz) frequencies, with poor temporal but 

high spatial resolution compared with MEG. 

 

Several rs-fMRI subnetworks are distinguished with independent component analysis 

(ICA) (Beckmann et al., 2005). This method separates the spatial components of 

BOLD signals and is based on statistics rather than network theory. Two often 

investigated subnetworks are the default mode network (DMN) and the fronto-parietal 

network (FPN), although up to 15 are often defined (Damoiseaux et al., 2006). The 

DMN is associated with unstructured mind wandering and (episodic) memory, whereas 

the FPN relates to attention (Rosazza and Minati, 2011). These originally rs-fMRI 

based ICA subnetworks have recently also been measured with MEG, particularly in 

the alpha (8-13 Hz) frequency (Brookes et al., 2011). 

 

The healthy brain network 
After connectivity between nodes is established, large-scale network topology can be 

explored. In contrast to the abovementioned ICA approach, the application of network 

theory allows for theory-driven assessment of global network functioning, as well as 

focusing on the network role of particular brain regions. One feature of complex 

networks is the ‘small-world’ architecture, which was the first network theoretical 

principle to be applied to the nervous system, albeit in the worm C. Elegans (Watts 

and Strogatz, 1998). This topology combines high global integration with local 

specialization (Sporns, 2013; van Straaten and Stam, 2013): the path length describes 
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the average minimum number of steps between each pair of nodes in the network 

(chapter 1, figure 1), assessing the efficiency of information flow. The clustering 

coefficient is the average likelihood that neighbors of a node are also connected into 

cliques. By combining different values of these two network measures, a continuum 

of network topologies can be described (figure 2). The extremes have either low 

clustering and short path length (random network), or high local clustering and long 

path length (regular network). The intermediate small-world topology is obtained by 

randomly rewiring some connections in the regular network, where after it retains high 

local clustering but has radically decreased path length. The small-world topology 

relates to cognitive functioning in healthy subjects: shorter anatomical and rs-fMRI 

path length are associated with higher IQ (Li et al., 2009; van den Heuvel et al., 

2009). In MEG networks, increased small-world topology by having higher clustering 

is also associated with better cognitive functioning (Douw et al., 2011).  

 

Modularity is another possibly relevant correlate of cognitive functioning; it quantifies 

to what extent a network can be optimally divided in internally correlated subnetworks 

or modules, yielding roughly similar results to ICA. Furthermore, hubs are nodes crucial 

for information flow throughout the network. They can be defined in several ways, 

the simplest being determining nodes with the highest number of connections. 

Conversely, the number of shortest paths passing a specific node reflects betweenness 

centrality as a measure of hubness (Freeman, 1977). From a modularity viewpoint, 

connector hubs link different modules together, while provincial hubs only have high 

connectivity to nodes within their own module (chapter 1, figure 1). 

 

Functional connectivity in brain tumor patients 
Functional connectivity patterns in brain tumor patients were first explored by 

Bartolomei and colleagues using MEG (Bartolomei et al., 2006b, 2006a). In patients 

with LGG, HGG and meningioma, broad band (0.5-60 Hz) functional connections were 

lost when compared to healthy controls. Importantly, this loss was not restricted to 

the tumor area itself, but was even seen within the contralateral hemisphere. Losses 

were more severe in patients with left-sided tumors, corroborating the extent of 

cognitive disturbances based on tumor lateralization (Hahn et al., 2003; Klein et al., 

2012, 2001; Scheibel et al., 1996; Taphoorn et al., 1992). This decrease in 

connectivity occurred mainly in the higher frequencies: alpha (9-12 Hz) (Bosma et al., 
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2008; Guggisberg et al., 2008), beta (13-25 Hz) (Bartolomei et al., 2006b), and 

gamma (26-60 Hz) (Bartolomei et al., 2006b, 2006a). These results indicate a loss 

of high-frequency functional communication throughout the brain, also at a distance 

from the tumor. Decreased rs-fMRI connectivity was also found in LGG and HGG 

patients, particularly in the DMN (Esposito et al., 2012). 

 

 

 

 
 
Figure 2. The small-world network. These three networks with an equal number of nodes and 
connections form a continuum, depending on the values of the clustering coefficient and average 
path length. In (A), nodes are connected to their nearest neighbors, which are also connected 
to each other, creating high clustering. However, average path length is also quite high, making 
this a regular network. In (C), connections are randomly placed between nodes, which renders 
the clustering coefficient very low and the average path length short: a random network. When 
rewiring only few connections in a regular network, the small-world network (B) arises. The 
clustering coefficient remains very high in this topology, while path length is dramatically 
shortened compared to a regular network. The latter network architecture is thought to be 
optimal for information processing. 

 

Conversely, increased functional connectivity has been reported in the delta (0.5-4 Hz) 

and theta (4-8 Hz) frequencies in a heterogeneous LGG, HGG, and meningioma cohort 

(Bartolomei et al., 2006b) and in LGG cohorts (Bosma et al., 2009, 2008). This 

perhaps counterintuitive increase seems particularly associated with epileptic seizure 

vulnerability: higher theta band connectivity was correlated with higher number of 

epileptic seizures in LGG and HGG patients (Douw et al., 2010b), while increased 

theta connectivity was able to differentiate between epilepsy patients and controls 
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after a first seizure (Douw et al., 2010a). Moreover, low tumor grade seemed 

associated with higher theta band connectivity than high tumor grade (van Dellen et 

al., 2012), which may be attributable to several factors in addition to the obvious 

histopathological differences between LGG and HGG. Amongst others, epilepsy occurs 

more frequently in LGG than in HGG. Also, the slow-growing nature of LGG usually 

results in longer disease duration and probably more extensive plastic effects before 

diagnosis (Desmurget et al., 2007). From a cognition viewpoint, compensation is often 

hypothesized: increased connectivity might be necessary to reach adequate cognitive 

performance despite having a brain tumor, whereas healthy people do not need this 

extra connectivity effort. We will come back to possible interpretations of these results 

later. 

 

Brain tumor patients have suboptimal brain networks 
These tumor grade and frequency band specific disturbances are also found when 

investigating functional network architecture. LGG patients showed increased 

clustering compared to both healthy controls and HGG patients in the low frequencies 

(Bosma et al., 2009; van Dellen et al., 2012), but decreased high frequency clustering 

when compared to controls (Bosma et al., 2009). Furthermore, HGG patients did not 

have significantly altered network topology compared to healthy subjects in this small 

sample (van Dellen et al., 2012). A heterogeneous group of LGG, HGG, and 

meningioma patients showed decreased low frequency clustering but also shorter path 

length (Bartolomei et al., 2006b) than healthy controls, although these results were 

obtained using a significantly younger control group. With rs-fMRI, longer path length 

was found in LGG patients (Xu et al., 2013). In conclusion, particularly LGG patients 

show increased low frequency clustering, while HGG patients seem to have less 

extensive network disturbances. 

 

Hubs are also disturbed in LGG patients: an rs-fMRI study found hubs in the posterior 

medial part of the brain network in both healthy controls and patients (Xu et al., 

2013), corroborating previous results (Buckner et al., 2009). However, patients also 

lost and gained hubs in regions not overlapping with their tumor location, indicating 

that LGGs lead to changes in distant functional hubs.  
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From connectivity to cognition in brain tumor patients 
Of course, our main question is whether network alterations underlie cognitive 

impairments. Indeed, the previously described increase in low frequency MEG 

connectivity correlated with worse attention and working memory performance in LGG 

patients (Bosma et al., 2008). Interestingly, there were no associations between 

connectivity losses and cognitive performance. These results suggest that increased 

low frequency connectivity may be considered a pathological process, instead of being 

a compensatory mechanism.  

 

Loss of small-world network topology correlates with poorer cognitive functioning 

Small-world network properties also correlate with cognitive performance in brain 

tumor patients, although the specific network measure and frequency band implied 

are not necessarily those disturbed. In LGG patients, longer low frequency path length 

accompanied poorer attention, executive functioning, and verbal memory (Bosma et 

al., 2009), while rs-fMRI based path length was also negatively related to intelligence 

(Xu et al., 2013). These findings corroborate the previously described positive 

correlation between path length and cognitive functioning in healthy controls (Douw 

et al., 2011; van den Heuvel et al., 2009). 

 

A different network topological measure, modularity, also shows a similar pattern of 

correlation with cognition in patients when compared to healthy subjects: the latter 

had associations between higher modularity with better cognitive functioning (Crossley 

et al., 2013). In LGG patients, lower theta band modularity correlated with poorer 

verbal memory (van Dellen et al., 2012). In HGG patients, increased connectivity 

between modules was associated with better attention scores in HGG patients 

(Crossley et al., 2013; van Dellen et al., 2012).  

 

Conversely, findings with respect to clustering coefficient deviate from the healthy 

network correlates of cognition, where increased clustering is associated with better 

performance (Douw et al., 2011). In LGG patients, higher delta band clustering 

corresponded to lower verbal memory scores (Bosma et al., 2009), while higher theta 

band clustering was associated with poorer executive functioning (van Dellen et al., 

2012). This discrepancy can be characterized by different behavioral significance of 

local and global connectivity: increased local connectivity and clustering in the low 
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frequencies likely reflect distinct network disturbances in particularly LGG patients, 

relating to higher vulnerability to epileptic seizures and poorer cognitive functioning 

(figure 3). Global integration or path length in MEG seems less impacted in brain 

tumor patients, but does relate to cognitive functioning in a manner comparable to 

healthy controls. 

 

Tumor resection affects network topology and cognition  
Of course, network disturbances and cognitive deficits are not static, but may 

dynamically change during the course of the disease. Longitudinal studies are rare, 

with the effects of oncological treatment being largely unknown, except for tumor 

resection. In a cohort of LGG, HGG, and meningioma patients, theta band MEG 

connectivity decreased after neurosurgery (Douw et al., 2008), suggesting 

normalization of the previously described pathological connectivity increase. Moreover, 

the decrease was largest in patients who were seizure-free after surgery. Normalization 

of the network may also occur in the beta band, where increased clustering coefficients 

were found after surgery in a heterogeneous brain tumor cohort (Wang et al., 2010). 

 

Using slightly different MEG analysis methods, changes in functional connectivity 

within two resting-state networks (DMN and FPN) were explored before and after 

resection in LGG patients, and related to changes in cognitive functioning (van Dellen 

et al., 2013). Alpha band connectivity (which was globally lower in brain tumor 

patients according to (Bosma et al., 2008; Guggisberg et al., 2008)) increased within 

the DMN and FPN after surgery. More importantly, these increases were related to 

better postoperative cognitive functioning in the domains usually associated with the 

DMN and FPN (Brookes et al., 2011; Rosazza and Minati, 2011). Thus, tumor 

resection might normalize functional brain networks and improve patients’ clinical 

outcome with respect to cognition and epilepsy. 

 

Future perspectives: predicting cognitive deterioration and optimizing treatment  
Brain network topology may become of clinical value, particularly for prognostic 

purposes: prediction of cognitive deterioration over time is currently difficult in brain 

tumor patients (Klein et al., 2003). However, the prognostic value of network topology 

for cognitive change has already been shown in Parkinson’s disease (Olde Dubbelink 

et al., 2014), where a five minute resting-state MEG recording at diagnosis accurately 
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predicts whether patients will develop dementia. Also, tumor resection effects on 

cognition may in the future be predicted from network topology, as network changes 

and cognitive alterations seem to go hand in hand after tumor resection (Douw et al., 

2008; van Dellen et al., 2013). 

 
Figure 3. Network effects of brain tumors 
and their impact on cognition and epilepsy. 
In (A), a small-world network with high local 
clustering and global integration is 
schematically depicted upon a 
representation of the brain. This network is 
optimal for information processing, with the 
white line representing the shortest path 
(length is five) between two illustrative 
nodes. In (B), the hypothesized association 
between changing network topology and 
epilepsy is displayed, with pathologically 
increased low frequency local clustering 
increasing seizure vulnerability. In (C), the 
cognitive correlates of network disturbances 
are depicted. Increased local clustering and 
longer path length (now ten between the 
two illustrative nodes) underline the loss of 
network structure and are associated with 
poorer cognitive functioning.  
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In terms of treatment optimization, high functional connectivity of peritumoral areas 

was associated with neurological deficits when resected and with intra-operative 

electrical stimulation results during surgery (Guggisberg et al., 2008; Martino et al., 

2011; Tarapore et al., 2012). Future longitudinal studies may be able to further specify 

local network signatures that consistently lead to deteriorated or improved cognitive 

outcome when resected. 

 

Interestingly, it is possible to target cognitive deficits using the brain network with 

methods such as transcranial magnetic stimulation (TMS) or transcranial direct 

current stimulation (tDCS). These techniques alter functional network connectivity 

(Keeser et al., 2011; Peña-Gómez et al., 2012), while also improving cognitive 

performance (Ferrucci et al., 2008; Flöel et al., 2012). 

 

Of course, more basic research into the network effects of brain tumors is necessary 

before clinical applications can be developed. More effort needs to be aimed at fully 

understanding specific network topologies in different tumor types. Also interesting 

but unknown at this point are the influences of disease duration and time of 

measurement on network topology. In a similar vein, tumor size and location have not 

been extensively investigated in network studies. Finally, further attention should be 

directed at the discrepancy between network correlates of cognition that are relatively 

preserved in brain tumor patients (i.e. short path length) on the one hand, and the 

pathological network signatures associated with cognition entirely differently in brain 

tumor patients compared to healthy controls (i.e. increased low frequency local 

connectivity and clustering) on the other. 

 

Conclusion 
The widespread cognitive deficits that brain tumor patients experience are reflected 

in alterations in global and local network topology, which depend both on tumor grade 

and neurophysiological frequency. Global integration seems largely preserved in all 

patients, with higher integration being related to better cognitive functioning. In 

contrast, low frequency clustering increases throughout the brain, particularly in LGG 

patients. This network signature relates to poorer cognitive performance and epileptic 

seizures (figure 3). Mapping the functional brain network may in the future be used 

for both prognostics and tailored treatment of cognitive deficits in brain tumor 
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patients: network topology may normalize after tumor resection if cognitive 

improvement occurs, while neural stimulation techniques are able to target cognitive 

deficits through the alteration of connectivity patterns. 
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Abstract 
Glioma patients show increased global brain network clustering relating to poorer 

cognition and epilepsy. However, it is unclear whether this increase is spatially 

widespread, is localized in the (peri)tumor region only, or decreases with distance from 

the tumor. Therefore, weighted global and local clustering was determined in 71 

glioma patients and 53 controls using magnetoencephalography. Tumor clustering was 

determined by averaging local clustering of regions overlapping with the tumor, and 

vice versa for non-tumor regions. Euclidean distance was determined from the tumor 

centroid to the centroids of other regions. Results showed higher global clustering in 

patients compared to controls; clustering of tumor and non-tumor regions did not 

differ; local clustering was not associated with distance from the tumor. Post-hoc 

analyses revealed that in the patient group, tumors were located more often in regions 

with higher clustering in controls, but it seemed that tumors of patients with high 

global clustering specifically were located in regions with lower clustering in controls. 

In conclusion, some glioma patients show truly global network disturbances. These 

patients’ tumors may have a preferred localization, namely regions with lower 

clustering in controls, suggesting that tumor localization relates to extent of network 

disruption. 
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Introduction 
Gliomas are the most frequently diagnosed primary brain tumors and are characterized 

by poor prognosis. Overall survival ranges from months to several years depending on 

tumor subtype (Ho et al., 2014). Patients may experience a wide range of neurological 

and cognitive deficits and valuable insights in these tumor-related sequelae have been 

obtained through graph theoretical analyses (Aerts et al., 2016; Derks et al., 2014). 
Widespread deviations from the healthy brain network have been demonstrated in 

studies using magnetoencephalography (MEG) to establish the functional brain 

network in glioma patients, particularly showing higher global network clustering 

(Bosma et al., 2009; Derks et al., 2014; Fox and King, 2018; van Dellen et al., 2012; 

Wang et al., 2010). These differences are associated with poorer cognitive functioning 

and greater frequency or longer duration of epilepsy (van Dellen et al., 2012; Wang 

and Meng, 2016). Global network clustering is often calculated as the average of all 

local clustering coefficients and labels the extent to which neighboring brain regions 

are also connected in terms of number or weight of connections (Watts and Strogatz, 

1998). The ‘pathological’ clustering in glioma patients is mostly seen in the theta (4-

8 Hz) frequency band (Bosma et al., 2009; van Dellen et al., 2012). 

 

However, previous studies did not distinguish between global versus local increases in 

functional network clustering. Hypothetically, increased average network clustering 

could either reflect (1) a ‘truly’ global and widespread increase in clustering, (2) a 

specific increase in clustering in only the tumor region (e.g. local clustering) that raises 

the average clustering, or (3) a more gradual distribution of high clustering around 

the tumor that decays  at further distance from the tumor. Greater understanding of 

the properties of pathological clustering may aid in improved prognostication of 

cognitive decline in these patients and may help delineate potential future treatment 

options for these patients. 

 

In this study, brain networks derived from MEG recordings of glioma patients were 

analyzed. Global clustering was compared between patients and matched healthy 

controls (HCs), and local clustering of tumor regions and regions without tumor were 

computed. The Euclidean distance between the tumor area and all other brain regions 

was used to investigate the relationship between distance from the tumor and local 

clustering.   
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Methods 
Patients 

Patients with suspected diffuse glioma who visited the Amsterdam University Medical 

Center between 2010 and 2017, and age and sex-matched HCs were included in this 

study. Part of the glioma patients and HCs have been described previously (Belgers 

et al., 2020; Carbo et al., 2017; Derks et al., 2019, 2018, 2017; Hillebrand et al., 

2016; P Tewarie et al., 2014; Prejaas Tewarie et al., 2014; Tewarie et al., 2015; van 

Dellen et al., 2012, 2014). Inclusion criteria consisted of age of 18 years or older, and 

the ability to take part in MEG recording and neuropsychological testing (cognitive 

data were not used in the current study). Exclusion criteria included previous 

craniotomies and neurological/psychiatric comorbidities. All patients were diagnosed 

with World Health Organization (WHO) grade II, III or IV glioma according to the 

WHO 2007 classification (Louis et al., 2007) and isocitrate dehydrogenase (IDH) 

mutation status was assessed in most cases (for details see (Derks et al., 2018)). 

Additionally, epilepsy status and Karnofsky performance status (KPS) (Karnofsky et 

al., 1948) were collected. Preoperative MRI images, contrast-enhanced T1-weighted 

and FLAIR/T2-weighted images before and after injection of gadolinium, were used 

to manually draw the tumors slice by slice [LD]. The 78 cortical regions of the 

automated anatomical labelling atlas (AAL) (Tzourio-Mazoyer et al., 2002) were co-

registered to patients’ individual scans, and voxels within the atlas regions containing 

tumor were identified. This study was approved by the ethical review board of the VU 

University Medical Center and all subjects gave written informed consent before 

participation. 

 

Magnetoencephalography 

Before neurosurgical intervention, patients underwent an MEG recording. Details of 

the MEG recording have been described previously (Carbo et al., 2017; van Dellen et 

al., 2014). In brief, an eyes-closed resting-state recording of 3-5 minutes was 

performed in a magnetically shielded room (Vacuum Schmelze GmbH, Hanau, 

Germany) with a 306 channel MEG system (Elekta Neuromag Oy, Helsinki, Finland) 

and a sampling frequency of 1250 Hz. Two filters were applied online, a 410 Hz 

antialiasing filter and a 0.1 Hz high pass filter. After cross-validation Signal Space 

Separation (SSS) (van Klink et al., 2017), a maximum of 12 malfunctioning channels 

were visually identified [JD, SK, TN, LD] per participant. Data were filtered offline 
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using the temporal extension of SSS (tSSS) in MaxFilter (Elekta Neuromag, Oy, 

version 3.0.10) (Taulu and Hari, 2009; Taulu and Simola, 2006). Four or five head 

localization coils and the scalp shape were digitized (~500 points) with a 3D digitizer 

(Fastrak, Polhelmus, Colchester, VT, USA), allowing for co-registration of each 

participant’s scalp to their anatomical MRI. Co-registration was performed using a 

surface-matching procedure with an estimated accuracy of 4 mm (Whalen et al., 

2008). Next, the co-registered MRI was spatially normalized to a template MRI and 

subject data were transformed from signal to source space with an atlas-based 

beamforming approach (Elekta Neuromag Oy, version 2.1.28) (Hillebrand et al., 

2012). The centroid voxels (Hillebrand et al., 2016) of the 78 cortical regions of the 

AAL atlas were selected. For each glioma patient, 60 consecutive epochs of 4096 

samples (3.27 seconds) were available for analyses (Derks et al., 2019); for each HC, 

52 consecutive epochs of identical length. To obtain theta band time series, a digital 

filter between 4-8 Hz was applied to all epochs using a Fast Fourier Transform 

(Matlab, version R2012.a, Mathworks, Natick, MA, USA), after which all bins outside 

the passbands were set to zero, and an inverse Fourier transform was performed. 

Relative theta power (relative to broadband power (0.5-48 Hz)) was calculated and 

averaged over all 78 regions, and all epochs per subject. 

 

Functional connectivity 
Because previous results regarding global clustering in glioma patients were found in 

the theta band, theta functional connectivity was calculated between reconstructed 

time series of each pair of regions with the phase lag index (PLI) (Stam et al., 2007), 

resulting in an adjacency matrix. The PLI is a well-validated measure of asymmetrical 

distribution of phase differences between time series, which is minimally affected by 

volume conduction and field spread because it only takes non-zero phase lag between 

two time series into account. For each subject, regional functional connectivity was 

calculated by averaging the PLI between a region and all other regions over all epochs; 

global functional connectivity was calculated by averaging the regional functional 

connectivity over all regions.  

To explore the robustness of the main results, analyses were repeated with another 

measure of functional connectivity, namely the corrected amplitude envelope 

correlation (AECc). Time series were orthogonalized in the time domain with a 

pairwise leakage correction to remove zero-lag correlations. Subsequently the Hilbert 
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transform was calculated, time series were absolutized, the Pearson correlation 

coefficient was calculated between each pair of connections (Brookes et al., 2011; Lai 

et al., 2018) and the values were rescaled according to  𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴+1
2

 in order to avoid 

negative values in the matrices. 

 

Global clustering 

Clustering describes the tendency of a network to display local connectedness by 

measuring the extent to which neighbors of brain regions are also connected (Watts 

and Strogatz, 1998). Global clustering is calculated by averaging these clustering 

values over all brain regions. Global clustering (Brain Connectivity Toolbox (BCT), 

version 2017-15-01, Matlab) was calculated on the functional connectivity matrices 

of all epochs, taking the weights of the connections between brain regions into account 

(Onnela et al., 2005; Rubinov and Sporns, 2010). Normalization of global clustering 

was applied to limit the influence of connection strength on the clustering coefficient. 

The adjacency matrix was randomly shuffled 100 times for each subject and epoch 

and global clustering was calculated for each shuffled matrix (van Dellen et al., 2012). 

The normalized global clustering coefficient (gamma) was calculated by dividing the 

original global clustering by the average clustering of the 100 randomly shuffled 

matrices. Normalized global clustering was then averaged over all epochs per subject. 

Subsequently, normalized global clustering was compared between patients and HCs 

(figure 1.1). 

 

Because possible differences in theta global clustering between patients and HCs could 

be confounded by differences in relative theta power and/or theta functional 

connectivity, both measures were also compared between groups.  

 

Local clustering 

To test whether increased global clustering reflected only higher local clustering of the 

(peri)tumor regions, local clustering was compared between tumor and non-tumor 

regions within patients. In order to be maximally sensitive to inter-individual regional 

differences at the group level, all adjacency matrices were first rescaled to the range 

of [0,1]. Note that this rescaling was redundant for global clustering, as it was 

normalized using randomized networks. Local clustering for each region was then 

averaged over all epochs per subject.  
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Local tumor clustering was defined as the average clustering value of the weighted 

proportion of each region containing tumor tissue:  

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑐𝑐𝑇𝑇𝑇𝑇�
𝑐𝑐𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑣𝑣𝑇𝑇𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑐𝑐𝑇𝑇𝑇𝑇�𝑐𝑐𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑣𝑣𝑇𝑇𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�
∗ 𝑎𝑎𝑣𝑣𝑐𝑐𝑇𝑇𝑎𝑎𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟� 

where 𝑐𝑐𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑣𝑣𝑇𝑇𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 is the number of voxels containing tumor tissue per region 

(only including regions with ≥1 tumor voxels; figure 1.2) and 

𝑎𝑎𝑣𝑣𝑐𝑐𝑇𝑇𝑎𝑎𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 is the average clustering per region per subject. Non-tumor 

clustering was calculated by averaging the clustering values of all regions without 

tumor (0 tumor voxels). 

 

Healthy regional variation  

Local clustering values vary between regions in the healthy brain network. In order to 

account for these natural variations, local clustering of every region in patients’ brain 

networks was transformed to a z-score, based on the mean and standard deviation of 

the clustering of that same region in HCs. Subsequently, tumor and non-tumor 

clustering were computed as described above (section 2.5), taking ‘healthy local 

clustering’ into account (figure 1.3). 

 

A post-hoc analysis tested the hypothesis that gliomas were more frequently located 

in regions with high clustering in HCs. To do so, all tumor masks were linearly 

transformed (FLIRT, FSL (Jenkinson et al., 2002)) to the Montreal Neurological 

Institute’s template (standard space). Subsequently, all masks were concatenated into 

one glioma probability map describing the occurrence of tumor per voxel summed over 

all glioma patients (i.e. intensity range 0-71). Next, tumor occurrence per region was 

defined as the average occurrence across all voxels within a region. 

 

Euclidean distance from the tumor 
To investigate whether pathological local clustering normalized at further distance 

from the tumor, the Euclidean distances between the centroid voxel of the tumor and 

the centroid voxels of all other regions were calculated for each patient in standard 

space (figure 1.4). 
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Figure 1. Overview of the methods 
applied in the main analyses. 1) 
Normalized global clustering was 
compared between patients and HCs. 
2) Local clustering: tumor clustering 
was defined as the weighted 
clustering values of all regions 
containing tumor tissue. The 
numbers in the tumors exemplify a 
weight that is given to that region to 
calculate tumor clustering. Non-
tumor clustering was defined as the 
average local clustering of all non-
tumor regions. Within patients, 
tumor clustering was compared to 
non-tumor clustering. 3) Tumor 
regions of the patients were ‘copied’ 
onto the average HC matrix, using 
the local clustering values of the HCs 
to calculate healthy clustering at 
tumor locations. Healthy clustering 
at non-tumor locations was again the 
average clustering of all other, non-
tumor, regions. Subsequently, the 
clustering at tumor locations was 
compared to that at non-tumor 
locations. 4) The Euclidean distance 
from the centroids of all non-tumor 
regions to the tumor centroid was 
calculated for each patient and 
correlated to local clustering values 
(z-scores). 

 
Patients with high global clustering 

To more specifically investigate pathological global clustering, as post-hoc analyses, 

the patient group was split into high (top 25%, N=18) and normal global clustering 

(other 75%, N=53). The groups were compared regarding demographic (age, sex) 
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and clinical (KPS, tumor histology, WHO tumor grade, tumor volume, IDH mutation 

status, presence of epilepsy, tumor lateralization) characteristics and regarding local 

clustering values of tumor and non-tumor regions. Furthermore, the relation between 

local clustering and Euclidean distance from the tumor and differences in relative theta 

power and theta functional connectivity were investigated within these subgroups. 

Finally, we compared healthy clustering of the tumor locations between the high and 

normal global clustering groups. Healthy clustering of the tumor location was defined 

as: 
ℎ𝑐𝑐𝑎𝑎𝑐𝑐𝑐𝑐ℎ𝑦𝑦 𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐
𝑇𝑇𝑜𝑜 𝑐𝑐𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑐𝑐𝑇𝑇𝑐𝑐𝑎𝑎𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐 = 𝑐𝑐𝑇𝑇𝑇𝑇 � 𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟 𝑣𝑣𝑟𝑟𝑣𝑣𝑟𝑟𝑣𝑣𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑠𝑠𝑡𝑡𝑡𝑡�𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟 𝑣𝑣𝑟𝑟𝑣𝑣𝑟𝑟𝑣𝑣𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�
∗ 𝑎𝑎𝑣𝑣𝑐𝑐𝑇𝑇𝑎𝑎𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐 𝐻𝐻𝐻𝐻𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�. 

 

Statistical analyses  

Statistical analyses were performed with the use of customized scripts (Matlab, IBM 

SPSS Statistics for Windows, IBM Corp., Armonk, NY, USA, version 22.0.0.0). Group 

differences between patients and HCs in age, global theta clustering, mean theta 

functional connectivity and relative theta power were investigated with Mann-Whitney 

U tests, and sex differences with a chi-square test. Local clustering differences between 

tumor and non-tumor regions (original clustering values and z-scores) within patients 

were tested with Wilcoxon signed rank tests. Post-hoc tumor occurrence in relation 

to healthy local clustering was tested with Spearman’s rho. A possible association 

between local clustering (z-scores) and Euclidean distance from the tumor was tested 

with a linear mixed model, to account for interdependence between regions within 

patients. Comparisons between patients with high global clustering and normal global 

clustering were performed with Mann-Whitney U tests or chi-square tests where 

appropriate. A p-value lower than 0.05 (two-tailed) was considered statistically 

significant. 

 

Results 
Patient characteristics 
In total, 71 glioma patients (25 females, mean age 43.96 years, standard deviation 

(SD) 15.31 years) and 53 HCs (mean age 45.19, SD 8.43) were included. Thirty-four 

patients were diagnosed with WHO grade II glioma, 15 patients with grade III glioma, 

and 22 patients with grade IV glioma (table 1).  
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Table 1. Patient characteristics 

Patient characteristics 

Healthy controls 

(N=53) Glioma (N=71) 

High global 

clustering 

(N=18) 

Normal global 

clustering 

(N=53) 

High versus 

normal 

global 

clustering 

p-value 

Age (mean/SD) 45.19/8.43 (p=0.135)† 43.96 / 15.31 37.33 / 12.31 46.21 / 15.68 p=0.027 

Sex (female/male) 27/26 (p=0.079)† 25 / 46 7 / 11 18 / 35 p=0.705 

KPS (≤80/≥90/NA) NA 17 / 51 / 3 5 / 13 / 0 12 / 38 / 3 p=0.751 

WHO grade (II/III/IV) NA 34 / 15 / 22 8 / 6 / 4 26 / 9 /18 p=0.735‡  

Tumor histology (A/O/OA) NA 50 / 12 / 9  12 / 3 / 3 38 / 9 / 6 p=0.839 

IDH mutation (yes/no/NA) NA 32 / 22 / 17 9 / 4 / 5  23 / 18 / 12 p=0.401 

Tumor hemisphere (left/right/both) NA 42 / 25 / 4 9 / 7 / 2 33 / 18 / 2 p=0.542§ 

Epilepsy (yes/no) NA 56 / 15 15 / 3 41 / 12 p=0.592 

Anti-epileptic drug use (yes/no/NA) NA 53 / 15 / 3 12 / 5 / 1 41 / 10 /2 NA 

Dexamethasone use (yes/no/NA) NA 10 / 57 / 4  1 / 17 / 0 9 / 40 / 4 NA 

Tumor volume cm3 (mean/SD) NA 41.50 / 37.42 55.43 / 52.76 36.77 / 29.74 p=0.191 

† Glioma (N=71) versus healthy controls, ‡ grade II versus grade III/IV, § excluding bilateral 
tumors. KPS, Karnofsky Performance Status; NA, not available;  WHO, World Health 
Organization; IDH, isocitrate dehydrogenase; A, astrocytoma; O, oligondendroglioma; OA, 
oligoastrocytoma. 

 

Global clustering is higher in glioma patients 
Glioma patients showed higher global clustering in the theta band compared to HCs 

(U=5040, p=0.002) (figure 2, table 2(a)). This result was replicated with the AECc 

(U=2353, p<0.001, table 2(a)) and did not relate to underlying differences in relative 

power: patients showed a trend towards higher global theta power than HCs (U=2952, 

p=0.069, table 2(b)), although a post-hoc analysis showed no correlation between 

theta power and global clustering in patients (r(69)=-0.043, p=0.725). Global theta 

functional connectivity did not differ between patients and HCs (PLI: U=3296, 

p=0.936, table 2(c)) nor was it related to global clustering in patients in a post-hoc 

analysis (PLI: r(69)=0.081, p=0.499). 

 
Local clustering differences between tumor and non-tumor regions are explained by 

healthy regional variation  
Local clustering in tumor regions (regions containing tumor per patient: mean=13.409, 

SD=6.701), was significantly higher than local clustering in non-tumor regions (PLI: 

W=1632, p=0.043; AECc: W=1464, p=0.287; table 2(d)). However, when taking 

healthy clustering into account using z-scores, no difference between local clustering 
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in tumor and non-tumor regions remained (PLI: W=1554, p=0.114; AECc: W=1554, 

p=0.114; table 2(e)), indicating that local clustering did not differ between tumor and 

non-tumor regions beyond the normal healthy regional variation. Moreover, this result 

could indicate that gliomas are located more often in regions with high local clustering 

in HCs. Indeed, a post-hoc analysis showed a significant positive relation between 

glioma occurrence and healthy local clustering (figure 3, PLI:  r(76)=0.349, p=0.002). 

 
Figure 2. Global clustering in healthy 
controls (HC) and glioma patients. 
Patients had higher global clustering 
compared to HCs (U=5040, 
p=0.002). 
 

 

 

 

 
 
 
 
 
 
 
 
Figure 3. Correlation between 
average local clustering in the 
healthy network and overlap with 
tumors. Gliomas were located more 
frequently in regions with higher 
local clustering in the healthy 
controls (r(76)=0.349, p=0.002). 
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Local clustering does not relate to distance from the tumor 

No association between local clustering and Euclidean distance from the tumor was 

found (figure 4A, PLI: beta=0.315, 95% CI [-0.370-1.000], p=0.361, AECc: beta=-

0.511, 95% CI [-1.279-0.256], p=0.191). 

Figure 4. Scatterplot of local clustering and the Euclidean distance between the tumor and all 
brain regions. A: Entire cohort. B: Patients with high global clustering. No association between 
local clustering and Euclidean distance from the tumor was found for the entire cohort 
(beta=0.315, 95% CI [-0.370-1.000], p=0.361) nor for the high clustering group (beta=0.334, 
95% CI [-1.053-1.721, p=0.636]). 

 
Patients with high global clustering have a distinct profile 

When analyzing the subgroups of patients with high (N=18) versus normal (N=53) 

global clustering, patients with high global clustering were younger (U=310, p=0.027; 

table 1). There were no group differences in terms of sex (χ2(1, N=71) = 0.143, 

p=0.705), KPS (≤ 80 versus ≥ 90, χ2(1, N=68) = 0.101, p=0.751), tumor histology 

(astrocytoma, oligodendroglioma or oligoastrocytoma, χ2(2, N=71) = 0.352, 

p=0.839), tumor grade (grade II versus grade III/IV, χ2(1, N=71)=0.115, p=0.735), 

tumor volume (U=378, p=0.191), IDH mutation status (χ2(1, N=54)=0.705, 

p=0.401) and presence of epilepsy (χ2(1, N=71)=0.288, p=0.592; table 1). 

 

Furthermore, patients with high global clustering showed higher tumor (PLI: U=1667, 

p=0.001; table 2(f)) as well as non-tumor (PLI: U=1599, p<0.001; table 2(g)) local 

clustering compared to the rest of the cohort, taking healthy regional variance into 

account by using z-scores (figure 5). 
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Figure 5. Tumor and non-tumor local clustering expressed as z-scores (based on the healthy 
control cohort) for patients with highest global clustering (top 25%) and the rest of the glioma 
patients. Patients with high global clustering had higher tumor (U=1667, p=0.001) and non-
tumor (U=1599, p<0.001) clustering compared to the rest of the cohort. 

 

Within the high global clustering group, no association between local clustering and 

Euclidean distance from the tumor was found (figure 4B, PLI: beta=0.334, 95% CI [-

1.053-1.721], p=0.636, AECc: beta=0.152, 95% CI [-1.174-1.479], p=0.822). The 

high global clustering group did not differ from the rest of the cohort in terms of 

relative power (tumor: U=656, p=0.921, table 2(h); non-tumor: U=704, p=0.463, 

table 2(i)) or functional connectivity (PLI tumor: U=755, p=0.159, table 2(j); PLI 

non-tumor: U=582, p=0.387; table 2(k)). However, tumors in patients from the high 

global clustering group tended to occur more often in less locally clustered regions in 

the healthy brain network, as compared to tumors in patients from the normal 

clustering group, although this result was trend level significant (PLI: U=504, p=0.058, 

figure 6, table 2(l)). 
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Figure 6. Healthy local clustering at the tumor locations of patients with high global clustering 
and the rest of the cohort. Tumors of patients with high global clustering were located in 
regions that have lower clustering in HCs as compared to tumors of patients with normal global 
clustering (U=504, p=0.058). 
 

Discussion 
In this large cohort of glioma patients, higher theta band global clustering was 

observed compared to HCs, replicating previous research (Bosma et al., 2009; van 

Dellen et al., 2012). Locally, tumor regions did not show higher local clustering than 

non-tumor regions when taking normal regional variation in clustering into account. 

Furthermore, no association between local clustering and distance from the tumor was 

found. Interestingly, post-hoc analysis suggests that gliomas generally are located 

more often in brain regions characterized by higher clustering in the healthy brain 

network. In contrast, it seemed that the tumor location of patients with pathologically 

increased global clustering (top 25%) predominantly occurred in regions that were less 

clustered in the healthy brain network. These patients were also younger than those 

with normal global clustering. 
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Table 2. Median and IQR values of all group comparisons 
 PLI  AECc  
 Median IQR Median IQR 
Patients      
Global clustering (a) 1.0060 (1.0054-1.0069) 1.0013  (1.0011-1.0014) 
Relative theta power (b) 0.1475  (0.1378-0.1636)   
Functional connectivity (c) 0.1937  (0.1950-0.1971)   
Local clustering – tumor (d) 0.1919 (0.1905-0.1944) 0.5639  (0.5608-0.5694) 
Local clustering – non-tumor (d) 0.1918  (0.1901-0.1931) 0.5634  (0.5600-0.5677) 
Local clustering (z-scores) – tumor (e) 0.1427 (-0.2713-0.8840) -0.1830 (-0.8391-0.8754) 
Local clustering (z-scores) – non-tumor 
(e) 

0.1395  (-0.3753-0.5259) -0.3519  (-1.0030-0.4683) 

 
HCs 

    

Global clustering (a) 1.0055 (1.0051-1.0059) 1.0010  (1.0009-1.0012) 
Relative theta power (b) 0.1457  (0.1449-0.1464)   
Functional connectivity (c) 0.1951  

 
(0.1940-0.1962)   

High global clustering group     
Local clustering – tumor (f) 0.9360  (0.3092-1.3766)   
Local clustering – non-tumor (g) 1.0612  (0.3084-1.3965)   
Power – tumor (h) 0.1505 (0.1384-0.1683)   
Power – non-tumor (i) 0.1479 (0.1380-0.1773)   
Average connectivity – tumor (j) 0.1961  (0.1947-0.1977)   
Average connectivity – non-tumor (k) 0.1946 (0.1937-0.1966)   
Healthy local clustering – tumor (l) 
 

0.1914 (0.1912-0.1915)    

Normal global clustering group     
Local clustering – tumor (f) 0.0119 (-0.2815-0.4535)   
Local clustering – non-tumor (g) -0.0053  (-0.4942-0.2918)   
Power – tumor (h) 0.1509 (0.1344-0.1731)   
Power – non-tumor (i) 0.1455  (0.1360-0.1603)   
Average connectivity – tumor (j) 0.1951 (0.1926-0.1974)   
Average connectivity – non-tumor (k) 0.1948  (0.1938-0.1973)   
Healthy local clustering – tumor (l) 0.1915  (0.1914-0.1917)   
     

PLI: phase lag index. AECc: corrected amplitude envelope correlation. IQR: interquartile range. 
(x) corresponds to ‘table 2(x)’ in the results section 
 

No evidence was found for the hypotheses that the increase in global clustering in 

glioma patients is due to increased local clustering of the tumor region or a distance-

dependent increase in clustering that decays further from the tumor. Instead, we 

report widespread increases in local clustering in a subset of patients with high global 

clustering, suggesting that the entire functional brain network is diffusely altered in 
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these patients. Propagation of functional alterations through the network could be 

due to cascading network failure caused by local brain lesions, eventually leading to 

global network dysfunction (Stam, 2014). Although signs of such propagation were 

not observed due to the cross-sectional nature of the patient cohort, it is still plausible 

that increases in clustering start locally and eventually affect the whole network in 

glioma patients. Particularly in low-grade glioma, connectivity changes may have been 

ongoing for a longer period, since these tumors may be present years before the onset 

of symptoms and subsequent diagnosis. 

 

Explorative post-hoc results showed that gliomas occur more often in regions that 

have higher local clustering in the healthy functional brain network. The link between 

the location of focal pathology and local network characteristics has also been 

established in other neurological diseases. In Alzheimer’s disease, amyloid-beta 

deposition is highest in cortical hubs in the healthy brain network, i.e. regions that 

play a central role in the network (Buckner et al., 2009). Moreover, a meta-analysis 

of different brain disorders characterized by lesions concluded that lesions were more 

likely to be located in regions that are marked as hubs in healthy subjects (Crossley 

et al., 2014). Our results support the idea that regional preferences of pathology may 

relate to local network topology. The pathophysiology underlying these findings in 

glioma remains unknown, warranting future studies to look at cellular and metabolic 

processes in these regions in more detail. 

 

Interestingly, it seemed that tumors in patients with high global clustering were more 

often located in regions with lower clustering in the healthy brain network. Since this 

finding contrasts the group-level positive relationship between tumor occurrence and 

healthy local clustering, it may thus indicate that tumors that occur in normally less 

clustered regions disrupt global network functioning more than tumors that occur in 

normally more clustered regions. Or inversely, when the damaged region is part of a 

local cluster of highly interconnected nodes, these regions may be able to provide 

protection against global propagation of damage. This idea is supported by a modelling 

study in which typical brain activity of patients with gliomas was simulated: gliomas 

in regions with low local clustering resulted in larger disruption of global functional 

connectivity, compared to lesions occurring in highly clustered regions (van Dellen et 

al., 2013). Perhaps regions with high clustering are able to ‘buffer’ more than low 
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clustered regions, thereby reducing the effect of damage. Future (modelling) studies 

should address how the interplay between premorbid local clustering and a growing 

tumor impacts global network alterations.  

 

Patients in the high global clustering group were significantly younger than patients 

with normal global clustering. In general, younger brains are thought to encompass 

more plasticity (Lu et al., 2004), which could indicate that these brains might be more 

prone to network changes when pathology occurs. However, these network alterations 

may not be beneficial in this patient population, since higher global clustering has been 

associated with poorer cognitive performance in glioma patients (van Dellen et al., 

2012). Moreover, despite the lack of differences in tumor type or grade between our 

subgroups, younger patients generally have lower grade gliomas and more often have 

IDH-mutated gliomas than older patients. We therefore cannot disentangle the true 

effects of age versus glioma subtype, particularly as different glioma subtypes also 

tend to occur in spatially distinct regions (Darlix et al., 2017). The current results 

spark the question whether there is a complex interplay between tumor localization 

and subtype, the premorbid functional brain network, and the subsequent functional 

network alterations that relate to cognitive decline and epilepsy. 

 

A limitation of this study is that pathological brain tissue, e.g. brain tumors, may 

influence the MEG signal. An increase in MEG power around brain tumors is usually 

observed in the delta frequency band (de Jongh et al., 2003), which was therefore not 

investigated in this study. Nonetheless, we concluded that our results were not due to 

power differences after investigating the relationship between global clustering and 

theta power, as well as differences in theta power between the subgroups. 

 

Conclusion 
Brain networks of a subset of glioma patients are disturbed on a global level: no 

location- or distance-dependence of altered clustering could be determined in these 

patients. Gliomas tend to occur in regions that have high clustering in healthy brain 

networks. Nonetheless, it also seems that gliomas located in regions with low healthy 

clustering have a more detrimental effect on the whole-brain network. 
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Abstract 
Gliomas are primary brain tumors, originating from the glial cells in the brain. In 

contrast to the more traditional view of glioma as a localized disease, it is becoming 

clear that global brain functioning is impacted, even with respect to functional 

communication between brain regions remote from the tumor itself. However, a 

thorough investigation of glioma-related functional connectomic profiles is lacking. 

Therefore, we constructed functional brain networks using functional MR scans of 71 

glioma patients and 19 matched healthy controls using the automated anatomical 

labelling (AAL) atlas and interregional Pearson correlation coefficients. The frequency 

distributions across connectivity values were calculated to depict overall connectomic 

profiles and quantitative features of these distributions (full-width half maximum 

(FWHM), peak position, peak height) were calculated. Next, we investigated the 

spatial distribution of the connectomic profile. We defined hub locations based on the 

literature and determined connectivity (1) between hubs, (2) between hubs and non-

hubs, and (3) between non-hubs. Results show that patients had broader and flatter 

connectivity distributions compared to controls. Spatially, glioma patients particularly 

showed increased connectivity between non-hubs and hubs. Furthermore, connectivity 

distributions and hub-non-hub connectivity differed within the patient group according 

to tumor grade, while relating to Karnofsky performance status and progression-free 

survival. In conclusion, newly diagnosed glioma patients have globally altered functional 

connectomic profiles, which mainly affect hub connectivity and relate to clinical 

phenotypes. These findings underscore the promise of using connectomics as a future 

biomarker in this patient population. 
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Introduction 
Gliomas are the most frequently occurring type of primary brain tumors, originating 

from the glial cells supporting neurons. They can be subdivided according to molecular 

features, in addition to the commonly used histopathological techniques according to 

the World Health Organization (WHO) grading system, which classifies them into 

grades I to IV (Kleihues et al., 2002, Louis et al., 2016). The median overall survival 

(OS) ranges from seven years in grade II glioma to only fourteen months in grade IV 

glioma, also termed glioblastoma multiforme (GBM) (Olson et al., 2000, Pignatti et 

al., 2002, Stupp et al., 2005). Furthermore, OS and progression-free survival (PFS) 

also depend on age and performance status (Buckner, 2003, Lote et al., 1997). 

  

Glioma has traditionally been viewed as a focal disease. However, it has become 

increasingly clear that gliomas lead to widespread alterations in functional connectivity, 

i.e. synchronized activity between brain regions (Aertsen et al., 1989). In glioma 

patients, a number of studies have used magnetoencephalography (MEG) to 

investigate whole-brain connectivity patterns. Patients show widespread alterations in 

functional connectivity; compared to healthy controls, they display higher local 

connectivity in the lower frequency range and the opposite in the higher frequency 

range. Global integration is also altered in glioma patients, depending on frequency 

range and tumor grade (Bartolomei et al., 2006a, Bartolomei et al., 2006b, Bosma et 

al., 2009, Bosma et al., 2008a, Douw et al., 2010, van Dellen et al., 2012). Moreover, 

these general network disturbances relate to the symptoms that most patients 

experience, such as cognitive deficits and epileptic seizures (Derks et al., 2014). Yet, 

our understanding of the spatial properties of these network disturbances is limited. 

 

Furthermore, the association between connectomic profiles and clinical phenotypes is 

largely unknown. Connectivity disturbance relate to cognitive functioning (Derks et 

al., 2014), but the direction of association and specificity of connectomic features is 

still ambiguous. There is also some evidence that low-grade (i.e. grade II) and high-

grade (i.e. grade III and IV) glioma patients show distinct connectivity disturbances 

(Harris et al., 2014, van Dellen et al., 2012, Zhang et al., 2016), but these 

investigations concern small cohorts and/or limited investigation of connectomic 

profiles. 
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An important next step in research on the interaction between glioma and the 

functional connectome is the rigorous investigation of so-called hub nodes. Functional 

brain pathology may occur and spread through the brain according to network-related 

mechanisms, particularly making use of ‘hubs’ (Aerts et al., 2016, Crossley et al., 

2014). Hubs are generally characterized by high information throughput, reflected in 

the brain by high connectivity or centrality of the region. They are therefore crucial 

for brain functioning and are intensely used in the healthy brain (Buckner et al., 2009, 

Crossley et al., 2013, Power et al., 2013). Hypothetically, when (localized) 

neurological disease occurs, such as glioma, hub regions will eventually be implicated, 

because all (shortest) routes of communication lead through these areas. In 

Alzheimer's disease, hub-mediated network failure and its phases has been investigated 

nicely with computational modeling (de Haan et al., 2012) and in experiments using 

resting-state functional MRI (fMRI) (Jones et al., 2015) showing a prominent role for 

hubs in network degeneration. We have previously computationally modeled 

neurophysiological effects of glioma (van Dellen et al., 2013b), suggesting that hubs 

indeed have a special role in disease processes, but experimental evidence is lacking. 

 

There is some relevant literature guiding our in-depth analysis of connectomic (hub) 

profiles in glioma. Several studies using (resting-state) fMRI have specifically focused 

on subnetworks of the brain, particularly the default mode network (DMN). The 

DMN, which encompasses the posterior cingulate cortex (PCC), precuneus, medial 

prefrontal and lateral parietal regions is most active and connected during rest, but 

also plays a major role in distribution of information processing during active tasks 

(Anticevic et al., 2012, Buckner and Vincent, 2007, Raichle et al., 2001). In glioma, 

the DMN seems to show either reduced or increased connectivity strength depending 

on the specific study, which may or may not correlate with clinical status and/or 

tumor grade (Esposito et al., 2012, Ghumman et al., 2016, Harris et al., 2014, 

Tuovinen et al., 2016, Xu et al., 2013, Zhang et al., 2016). However, these studies 

did not assess the fundamental alterations in patients' full connectomic profiles at 

diagnosis. Moreover, hub functioning within the context of whole brain connectivity 

has not been explored yet. 

 

We therefore investigated whole-brain functional connectomic profiles as well as the 

spatial distribution by investigating hub versus non-hub related connectivity in glioma 
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patients. We expected to find overall shifts in connectomic profiles. Spatially, we 

expected hub-mediated connectivity alterations in patients. Furthermore, we 

hypothesized that these disturbances relate to distinct clinical phenotypes. 

 

Materials and methods 
Participants 
All newly diagnosed glioma patients undergoing preoperative language fMRI at the 

VUmc CCA Brain Tumor Center Amsterdam between 2006 and July 2015 were 

eligible for participation. Inclusion criteria were (1) histologically confirmed glioma 

WHO grade II-IV (grade I was excluded, since these represent mostly non-growing, 

indolent types of glioma), (2) language fMRI, and (3) structural 3D MRI necessary 

for co-registration. Exclusion criteria were (1) previous craniotomy, (2) previous 

chemo- or radiotherapy, and (3) neurological or psychiatric comorbidity, such as 

cerebrovascular accidents. Karnofsky Performance Status (KPS) is a widely used 

clinical measure of daily functional impairment in brain tumor patients, ranging from 

100 (no symptoms) to 0 (death) (Karnofsky et al., 1948). KPS is measured in steps 

of 10 units, e.g. the second best score is 90 and not 99. In this study, KPS was 

summarized categorically as either 90–100 or 70–80 (none of the patients had a KPS 

lower than 70), with the latter indicating a poorer clinical phenotype. Overall survival 

(OS) was defined as the number of months between the date of diagnosis and date 

of death, while progression-free survival (PFS) related to the number of months 

between date of diagnosis and date of clinical and/or radiological progression as 

determined by the multidisciplinary tumor board of the VUmc CCA Brain Tumor 

Center Amsterdam. Patients who had not died at analysis in August 2016 were 

censored as of the last contact date with their treating neuro-oncologist. Furthermore, 

age and gender matched healthy controls were used for comparison (Hulst et al., 

2012). The VUmc Medical Ethics Committee approved the study and all subjects 

provided written informed consent. 

 

MRI acquisition 

Imaging was performed on a 1.5T MR scanner (Siemens Sonata), including an 

anatomical 3D T1-weighted MPRAGE scan (sequence parameters: TR = 2700 ms, 

TE = 5.2 ms, TI = 950 ms, 1 mm isotropic resolution, 176 slices). Furthermore, a 

3D fluid-attenuated inversion recovery (FLAIR) scan was performed in glioma patients 
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to facilitate tumor masking (TR = 6500 ms, TE = 384 ms, TI = 2200 ms, 1.3 mm 

isotropic resolution, 160 slices).  

 

In patients, fMRI was performed using a standard echo-planar imaging (EPI) sequence 

(TR = 2850 ms, TE = 60 ms, 144 volumes, 3.3 mm isotropic resolution, 2 runs of 7 

min). The fMRI scan consisted of a language task in which 9 volumes word generation 

were alternated with 9 volumes rest (imagery of a landscape). No task participation 

data was available, however, results of this fMRI scan held valuable clinical information 

and patient were therefore very willing to cooperate. 

 

In controls, EPI was performed during an episodic memory encoding task (Hulst et 

al., 2012, Van Der Werf et al., 2009), while scanning parameters were comparable to 

the fMRI collected in patients (TR = 2220 ms, TE = 60 ms, 204 volumes, 3.3 mm 

isotropic resolution, ~ 7.7 min acquisition). Since this task was different from patients, 

we also analysed resting-state fMRI data of the same healthy controls, with identical 

scanning parameters to the patient data (TR = 2850 ms, TE = 60 ms, 190 volumes, 

3.3 mm isotropic resolution, ~ 9 min acquisition) (Hulst et al., 2015). It would have 

been preferable to use the same task in patients and controls, or use resting-state 

fMRI in both, but these data were not available due to the retrospective nature of the 

fMRI analyses in the glioma patients. However, previous studies have shown that 

functional connectivity patterns highly correlate across task states (correlation 

coefficient between 0.7 and 0.8), supporting the use of these data (Krienen et al., 

2014). 

 

MRI analysis 
The imaging processing steps were performed using FSL 5 (FMRIB's software library, 

http://www.fmrib.ox.ac.uk/fsl). First, non-brain tissue was removed from the 3D T1-

weighted images using the Brain Extraction Tool (Smith, 2002), and grey and white 

matter segmentation was performed using FAST (Zhang et al., 2001). To construct 

each individual's functional brain network, the Automated Anatomical Labeling (AAL) 

atlas was used to define 78 cortical regions in each subject (Tzourio-Mazoyer et al., 

2002). This atlas was warped from standard space to native space, and masked with 

each subject's native grey matter mask. In addition to the AAL atlas, 264 regions 

were defined and the data was analysed in parallel (Power et al., 2011). Furthermore, 



Connectomic profile and clinical phenotype 

 - 71 - 

tumor masks were created manually for each patient, by drawing the tumor on 3D 

anatomical images slice by slice [LD]. Both contrast enhanced T1-weighted (mainly 

for high-grade glioma) and FLAIR (mainly for low-grade glioma) images were used to 

determine which voxels contained tumor. Consequently, AAL regions were excluded 

on a subject level if fully covered by the tumor mask, since tumor tissue may 

theoretically alter the BOLD response locally, thereby confounding our network 

analysis. We therefore excluded these regions from our analysis and used the number 

of regions overlapping the tumor as a covariate in our analyses. Furthermore, to 

control for the extent to which the tumor influenced the hub regions, we calculated 

the number of hub regions that contained tumor and controlled for this variable in our 

analyses of hub connectivity. In order to exclude partial voluming effects, we calculated 

this overlap in two ways: (1) by defining overlap as any overlap between the tumor 

and the AAL hub areas, and (2) by defining overlap if the tumor spread across > 50% 

of all voxels within the AAL hub area. 

 

fMRI analysis 

Preprocessing of the fMRI data was performed using standard FSL procedures (Smith 

et al., 2004) included in Melodic (Beckmann et al., 2005), which included discarding 

the first 5 volumes, motion correction, spatial smoothing (6 mm full width at half 

maximum Gaussian kernel), and high-pass filtering (100 s cut-off). Following these 

steps, the functional images were co-registered to the anatomical scans using linear 

and non-linear co-registration methods (Jenkinson et al., 2002). 

 

Subsequently, only regions with at least 30% of the voxels remaining after registration 

were included in the analyses using a custom-made fMRI mask based on healthy 

controls. This custom-made mask was created in order to remove any residual non-

brain tissue and to reduce the effect of EPI-distortions, by excluding voxels with signal 

intensities in the lowest quartile of the robust range. Based on these criteria, ten 

regions with low signal-to-noise ratios were excluded, mainly in the bilateral 

orbitofrontal areas. The final atlas therefore segmented the fMRI sequence into 68 

grey matter regions for which mean time-series were obtained. 

 

To ascertain that our connectivity results would not be due to motion during fMRI 

(Van Dijk et al., 2010), we applied strict exclusion criteria for motion: (1) average 
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relative motion ≥ 4 mm, and (2) more than five frame-to-frame movements ≥ 5 mm. 

Furthermore, average relative motion was calculated per subject to test group 

differences therein. In order to exclude a confounding effect of frame-to-frame 

movement on our connectivity analyses we also analysed our patient data after 

scrubbing time points with > 0.5 mm frame-to-frame displacements. We replicated 

our main significant results with this method. All connectivity and hub analyses were 

performed using in-house scripts and the Brain Connectivity Toolbox (Rubinov and 

Sporns, 2010) in Matlab R2012a (Mathworks, Natick, MA, US). A 68 × 68 

connectivity matrix per subject was first created by calculating Pearson correlation 

coefficients between time series from all 68 regions. The absolute values were then 

used as a weighted indication of connectivity between all region pairs. 

 

Connectomic profiles 
In order to visualize differences in connectomic profiles, we first created two vectors. 

Each contained every connectivity value from all matrices in all subjects per group, 

yielding a patient vector and a control vector of connectivity. Differences between 

these group-level distributions were tested using Kolmogorov-Smirnov tests for two 

samples. 

 

Next, we created distribution functions per subject, using the kernel smoothing density 

function in Matlab. This algorithm does not assume any distribution, but creates 

equally spaced bins (n = 100) and smoothed frequencies of occurrence according to 

subjects' individual connectivity values. The advantage of this approach is that no 

assumption is made regarding to distribution of the values, while being maximally 

sensitive to between-subject differences in the shape of the underlying distribution, 

but not the absolute connectivity values. 

 

To further characterize these individual distributions we calculated several measures. 

First, we calculated full-width half maximum (FWHM), which is the width of the curve 

measured between those counts that are half the maximum. In other words, FWHM 

measures the width of the distribution relative to its peak. Higher FWHM indicates a 

flatter distribution, meaning less variance in the connectivity values on whole brain 

level. Furthermore, the peak height (i.e. maximum of connectivity occurrences) and 

peak position (i.e. connectivity value occurring most frequently) were calculated. 
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Spatial distribution of the connectomic profile 
To investigate the spatial distribution of the connectomic profile we focused on the 

connectivity between hub regions and non-hub regions. To avoid possible distortion of 

hubs and/or their locations due to the presence of the tumor in our patient population, 

we chose to adhere to previously published definitions of hub areas in the brain. The 

DMN has been amply shown to mainly contain hub areas, using for instance measures 

of (degree and betweenness) centrality (Buckner et al., 2009, van den Heuvel and 

Hulshoff Pol, 2010). Other recent studies have also indicated the frontoparietal 

network (FPN) regions to be hubs, based on their extent of connectivity with other 

subnetworks in the brain (Cole et al., 2013, Power et al., 2013). Therefore, hubs were 

defined as regions belonging to the DMN or FPN with selection of these regions from 

the AAL atlas based on previous work (Tewarie et al., 2013, van Dellen et al., 2013a). 

 

Then, in order to specifically test our hypothesis concerning the spatial distribution of 

the connectomic profile, we calculated connectivity between hubs, between hubs and 

non-hubs, and between non-hubs (Fig. 1). All measures were individually normalized 

for mean intra-individual functional connectivity, since previous work has shown 

globally altered connectivity in these patients (Bartolomei et al., 2006b, Bosma et al., 

2008a, Bosma et al., 2008b), and we were specifically interested in the altered 

topology of hub connectivity. However, this normalization approach may induce 

overestimation of differences in hub-hub connectivity, since a larger number of regions 

is a non-hub. We therefore also tested non-normalized values of hub connectivity. 

 

Second cohort 
To attempt to scope the generalizability of our results, a second cohort of glioma 

patients and healthy controls obtained from a different medical center were used. Data 

were kindly provided by Dr. M. Raemaekers, Dept. Neurology and Neurosurgery, Brain 

Center Rudolf Magnus, University Medical Center Utrecht. All images were obtained 

with a whole body 3.0 Tesla (3T) Philips Achieva MRI scanner (Philips Medical 

Systems, Best, The Netherlands). The participant's head was held in place with 

padding. Heartbeat was recorded using a pulse-oximeter placed on the left index finger. 

Respiration was measured with a pneumatic belt positioned at the level of the 

abdomen (Birn et al., 2006). 
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Fig. 1. Visualization of the analysis pipeline. (A) depicts an exemplar patient MR image in the 
top row (coronal, axial and sagittal views), with the second row containing the lesion mask and 
the third row indicating the automated anatomical labelling (AAL) atlas regions in native space. 
In (B), the hub regions, i.e. those areas belonging to the default mode network (DMN, blue) 
and the frontoparietal network (FPN, red), are displayed on a surface plot. Grey areas are non-
hub regions. (C) depicts our first main outcome parameter, namely frequency distribution. This 
is a smoothed curve depicting connection strength distribution for a single subject, based on 
the binning of each element in the adjacency matrix. In (D), the second set of outcome 
parameters is indicated. The connections between hubs (red), between hubs and non-hubs 
(blue), and between non-hubs (green) were used to obtain three averages in each subject. Hubs 
are displayed as larger circles while non-hub regions are represented by the smaller circles. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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First, a T1-weighted structural image of the whole brain in sagittal orientation was 

acquired for anatomical reference (3D FFE pulse sequence; acquisition parameters: 

TR 8.4 ms, TE 3.8 ms; FOV 288 × 288 × 175 mm; voxel size 1 mm isotropic; SENSE 

p-reduction/s-reduction 2/1.3; flip-angle 8°; 175 slices; scan duration 265.8 s). For 

functional scans, 3D-PRESTO (Neggers et al., 2008) was used covering the whole 

brain with the following parameters: TR 22.5 ms; effective TE 32.4 ms; FOV 256 × 

224 × 160 mm, voxel size 4 mm isotropic; matrix 64 × 56 × 40; SENSE p-reduction/s-

reduction, 1.8/2; flip-angle 10°; scan duration 0.6075 s (for the whole volume). 400 

functional images were acquired in sagittal orientation with a foot-head frequency 

encoding direction. Finally, a PRESTO scan with the same field of view and scan 

parameters, but with a flip-angle of 27° (called FA27), was acquired in 0.72 s and 

used in the image coregistration routine (see Section 2.7). 

 

The functional images of the second cohort were first realigned and resliced to the 

Fa27 of the first scanning session using SPM5 (http://www.fil.ion.ucl.ac.uk/spm/). 

Then, custom Matlab scripts were used (Aztec, http://www.ni-

utrecht.nl/downloads/aztec) for correction of cardio-respiratory artefacts. The 

correction method used has been described in detail previously (van Buuren et al., 

2009). After these corrections, the functional images were high-pass filtered 

(Gaussian-weighted least squares straight-line fitting, with sigma = 50 s) in FSL, 

version 5.92 (http://www.fmrib.ox.ac.uk/fsl/) (Smith et al., 2004). Finally, the 

functional images were skull stripped (Smith, 2002) and normalized by a single scaling 

factor (grand mean scaling) in FSL. No spatial smoothing was performed on these 

functional images. 

 

Statistical analysis 
For the statistical analysis, customized scripts in Matlab R2012a (Mathworks, Natick, 

MA, US) and SPSS 22.0 (IBM Corp, Armonk, NY, US) were employed. Basic 

differences between patients and healthy controls were investigated using Student's t-

tests for independent samples in variables showing a normal distribution (age, average 

motion), Mann-Whitney U tests for variables not following a normal distribution 

(number of frame-to-frame movements ≥ 5 mm), and an exact chi-square test for the 

categorical variable gender. The same tests were used to investigate differences 

regarding these characteristics between patients based on WHO grade of their glioma, 
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in addition to additional Mann-Whitney U tests for patient-specific non-normally 

distributed variables (tumor volume, overlap of tumor with hub regions) and chi-square 

tests for categorical variables (presence of epilepsy, KPS, histopathological type of 

glioma, and dexamethasone use). To further explore characteristics of our patient 

cohort, Cox proportional hazards regression analyses were used to investigate OS and 

PFS in relation to tumor grade, while controlling for KPS, age, and tumor volume. 

 

Connectivity profiles of glioma patients versus healthy controls were first compared 

using two-sample Kolmogorov-Smirnov tests, which tests the null hypothesis that the 

summed connectivity profile per group follow the same distribution. We then 

proceeded to test group differences in the individual quantitative connectivity profile 

measures (i.e. FWHM, peak position, peak height, hub connectivity, hub-non-hub 

connectivity, non-hub connectivity) using ANOVAs with age and gender as covariates. 

Bonferroni correction for multiple comparisons was used on these six tests. Tests of 

normality showed that three of these measures (FWHM, peak height, and hub-hub 

connectivity) were not normally distributed (Kolmogorov-Smirnof test for normality p 

< 0.05). However, ANOVAs are relatively robust to violations of normality in larger 

datasets (Lumley et al., 2002), while non-parametric tests do not allow for the 

important corrections for covariates we performed. However, we replicated all main 

findings using non-parametric tests, to ascertain the validity of our results. To confirm 

that abovementioned group differences between patients and controls would not be 

due to the assumption of normality, Mann-Whitney U tests were employed in case of 

significant ANOVA results. 

 

In order to investigate differences between patients in connectivity profiles depending 

on tumor grade, general linear modeling took place, using each connectivity measure 

as the dependent variable, tumor grade as the categorical predictor, and age, tumor 

volume, KPS, tumor lateralization, and presence of epilepsy as covariates. For the 

analyses of FWHM and peak characteristics, we controlled for the number of missing 

regions due to tumor location, while we corrected for tumor overlap with hubs in the 

hub connectivity analyses. In case of significance, post-hoc testing took place (with 

Bonferroni correction for multiple comparisons). Again, non-parametric U tests were 

used to confirm our main findings. 
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Cox regression analyses were again employed to investigate the relevance of 

connectivity profiles for OS and PFS. Unfortunately, no non-parametric tests are 

available for this type of analysis. 

 

A p-value lower than 0.05 (two-tailed) after correction for multiple tests was 

considered statistically significant. For all main analyses, relevant estimators of effect 

size are reported. 

 

Results 
Subject characteristics 

In total, 120 glioma patients were screened for inclusion, but 8 patients were excluded 

because of neurological comorbidities. Another 41 patients had to be excluded because 

of poor quality fMRI (n = 30) or extensive motion during functional scans (n = 11). 

Patient characteristics of the final sample (n = 71) can be found in Table 1. 

 

In addition, 19 healthy control subjects were included (see Table 1), after exclusion 

of 3 subjects with extensive motion during functional scans. Healthy controls did not 

differ from patients in terms of age (t(88) = 0.584, p = 0.561), gender (χ2 = 3.213, 

p = 0.112), average motion (t(88) = − 0.801, p = 0.425), or the number of frame-

to-frame movements ≥ 5 mm (Mann-Whitney U = 716.5, p = 0.517). 

 
When comparing patients with different WHO tumor grades, there were no differences 

regarding age (F(2,70) = 2.142, p = 0.124), average motion (F(2,70) = 2.314, p = 

0.107), number of movements ≥ 5 mm (Kruskal-Wallis = 3.230, p = 0.199), gender 

(χ2 = 3.848, p = 0.132), number of missing regions due to tumor overlap (χ2 = 

8.061, p = 0.061), or tumor lateralization (χ2 = 0.224, p = 0.947). There was a 

significant difference in KPS based on grade (χ2 = 7.877, p = 0.015), with all but 

one GBM patient having KPS 70–80, whereas approximately half of grade II and III 

patients had KPS 90–100. 

 
Tumor volume was significantly different between grades (F(2,70) = 3.797, p = 

0.027), although post-hoc tests comparing two patient groups with different grades, 

did not specifically show any significance. 
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Table 1. Subject characteristics 

Variable Controls 
(n = 19) 

All patients 
(n = 71) 

WHO grade II 
patients 
(n = 41) 

WHO grade III 
patients 
(n = 17) 

WHO grade IV 
patients 
(n = 13) 

Age in years (SD) 43.7 (8.7) 43.8 (11.2) 42.5 (9.5) 42.6 (12.6) 49.5 (13.4) 

Number of males (females) 8 (11) 46 (25) 23 (18) 12 (5) 11 (2) 

Number of patients with 
KPS 90–100 (KPS 70–80)* 

NA 30 (41) 21 (20) 8 (9) 1 (12) 

Mean motion (SD) 0.081 (0.039) 0.089 (0.039) 0.082 (0.037) 0.092 (0.029) 0.110 (0.052) 

Median number of movements > 5 mm 
(range) 

0 (0–3) 0 (0–5) 0 (0–5) 0 (0–5) 1 (0–5) 

Number of patients with 0/1/>2 missing 
regions 

NA 44/18/9 30/8/3 10/4/3 4/6/3 

Median hub overlap strict/proportional 
(range)* 

NA 3/2 (0–9/0–6) 2/2 (0–8/0–6) 4/3 (0–9/0–6) 2/2 (0–5/0–5) 

Mean tumor volume in cm3 (SD) NA 685 (545) 542 (488) 860 (536) 909 (574) 

Number of patients with A/O/OA/GBM NA 26/21/11/13 19/13/9/0 7/8/2/0 0/0/0/13 
Number of patients with 
LOH/no LOH/unknown 

NA 14/4/53 4/1/36 10/3/4 0/0/13 

Number of patients with left (right) 
tumor lateralization 

NA 40 (31) 23 (18) 9 (8) 8 (5) 

Median OS in months 
(number of censored patients) 

NA 30 (50) 48 (33) 38 (14) 16 (3) 

Median PFS in months 
(number of censored patients) 

NA 19.5 (25) 23 (14) 51 (10) 7.5 (1) 

Number of patients with epilepsy 
(without) 

NA 53 (18) 31 (10) 12 (5) 10 (3) 

Number of patients on 
DEX/not on DEX/unknown 

NA 6/63/2 0/39/2 1/16/0 5/8/0 

* indicates p < 0.05 difference between tumor grades. WHO = World Health Organization; SD 
= standard deviation; KPS = Karnofsky performance status; NA = not applicable; A = 
astrocytoma; O = oligodendroglioma; OA = oligoastrocytoma; GBM = glioblastoma multiforme; 
LOH = loss of heterozygosity; OS = overall survival; PFS progression free survival; DEX = 
dexamethasone. 

 

Tumor overlap with the hub regions was present in 91% of patients when using the 

strictest definition, and in 79% of patients when using the proportional measure of 

hub overlap. For both measures, the overlap of the glioma with hub regions was 

significantly different between tumor grades (strict definition: Kruskal-Wallis = 8.287, 

p = 0.016; proportional definition: Kruskal-Wallis = 7.799, p = 0.020), with grade III 

tumors showing greater overlap of the tumor with the hub regions than the other two 

groups. In all following analyses, the proportional measure of hub overlap was used as 

a covariate. 
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In terms of survival, our cohort showed a significantly shorter OS for GBMs than the 

two other tumor grades (χ2 = 23.916, p = 0.005, see Fig. 2A), while KPS, age, and 

tumor volume were non-significant covariates (p = 0.101, p = 0.936 and p = 0.858, 

resp.). Unexpectedly, the Kaplan-Meier curve showed that grade III tumors had longer 

PFS than grade II patients in our dataset (χ2 = 14.705, p = 0.006, Fig. 2B), 

independent of KPS (p = 0.333), age (p = 0.262), and tumor volume (p = 0.996). 

Upon further investigation, the prognostic beneficial loss of heterozygosity (LOH) at 

1p/19q was present in 10 out of 17 grade III glioma, versus 4 of the 41 grade II glioma. 

Unfortunately, LOH status was not known in most patients, while isocitrate 

dehydrogenase (IDH) mutation status was unknown in all patients, precluding more 

in-depth exploration of these important factors in relation to connectomic profiles. 

 

 
 
Fig. 2. Kaplan-Meier survival plots of glioma patients depending on WHO tumor grade. In (A), 
overall survival is plotted as a function of WHO tumor grade (II, III or IV (GBM), p= 0.004, 
corrected for Karnofsky performance status (KPS) and tumor volume). (B) Shows progression-
free survival per tumor grade (p = 0.007, corrected for KP Sand tumor volume). 
 

The second cohort included 23 glioma patients (16 grade II, 5 grade III, and 1 grade 

IV glioma) and 17 age and gender matched healthy controls. 
 

Glioma patients show altered connectivity profiles 
We compared the frequency distribution (FD) of all connectivity values in patients 

versus controls controls. Patients had significantly different FD compared to controls, 

both when using the AAL atlas (D = 0.59, p < 0.001) and the 264 region Power atlas  



Chapter 4 

 - 80 - 

 
Fig. 3. Smoothed connectivity profiles 
for glioma patients and healthy 
controls. In all panels, smoothed 
frequencies of occurrence according to 
subjects' individual connectivity values 
(y-axes) were determined for 100 
equally spaced bins (x-axes), and 
depicted in black. Averaged 
distributions over the entire group are 
shown in red. (A) Depicts the 
frequency distribution (FD) of 
functional connectivity for glioma 
patients during task-state fMRI (n = 
71). In (B), the FD of the healthy 
controls using task-state fMRI is 
shown. In (C), the FD of the resting-
state data of the same healthy 
controls is depicted. (For 
interpretation of the references to 
color in this figure legend, the reader 
is referred to the web version of this 
article.) 
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(D = 0.08, p < 0.001). Fig. 3 depicts the individually created kernel smoothed density 

functions of patient and healthy controls. 

 

To ascertain that differences were robust and not due to the different fMRI tasks, we 

also compared patients' average FD to that of the same HC group, but in this case 

using the resting-state data of the controls. Again, there was a significant difference 

in FD (D = 0.44, p < 0.001). Furthermore, the second, independent cohort showed a 

comparable difference in FD (D = 0.1165, p < 0.001). 

 

In order to further investigate this shift in connectivity, group differences in full-width 

half maximum (FWHM), peak position, and peak height of each subjects' kernel 

smoothed density function were tested using ANOVAs with age and gender as 

covariates. Patients had significantly higher FWHM and peak position, but lower peak 

height, than controls (see Table 2 and Fig. 4A), which was confirmed using non-

parametric tests (FWHM: Mann-Whitney U = 1057, p < 0.001; peak position U = 

1052, p < 0.001, peak height U = 238, p < 0.001). When comparing with the resting-

state HC data, results were identical. We therefore proceed only using the task-state 

data in both populations. After parcellation with the Power atlas, peak height 

remained significantly different between groups (p = 0.025). In the second cohort, 

these measures were not significantly different (FWHM p = 0.999, peak position p = 

0.350, peak height p = 0.706, all corrected for age and sex). 

 
Table 2. Group differences in connectivity profiles between patients and controls 

Measure Mean HC (SD) Mean PT (SD) F-statistic (df) ƞ2 p 

FWHM 0.539 (0.149) 0.725 (0.191) 15.752 (1,89) 0.152 <0.001** 

Peak position 0.303 (0.180) 0.527 (0.227) 15.306 (1,89) 0.151 0.001** 

Peak height 1.952 (0.370) 1.528 (0.406) 17.607 (1,89) 0.169 <0.001** 

Hub connectivity 1.180 (0.208) 1.040 (0.126) 11.270 (1,89) 0.114 0.001** 

Hub-non-hub connectivity 0.931 (0.071) 0.974 (0.040) 12.351 (1,89) 0.129 0.001** 

Non-hub connectivity 1.028 (0.439) 1.013 (0.034) 2.833 (1,89) 0.033 0.096 

ANOVAs were corrected for sex, age, and motion, which were not significant in any model. As 
a measure of effect size, eta squared is reported. ** denotes p < 0.01 (after correction for 
multiple comparisons). Values in italic represent identical significance when using the 264 region 
atlas instead of the AAL atlas. HC = healthy controls (n=19); SD = standard deviation; PT = 
glioma patients (n=71); FWHM = full-width half maximum. 
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Glioma patients show altered spatial distributions of the connectomic profile 

Overall, patients had higher connectivity over all links in their connectome (p < 0.001, 

corrected for age, gender, and motion). Alterations in hub and non-hub connectivity 

were subsequently investigated. While normalized connectivity between non-hub 

regions was not statistically different between groups (p = 0.096, see Table 2), glioma 

patients had higher hub-non-hub connectivity (p = 0.001) and lower hub connectivity 

(p = 0.001) than healthy controls (see Fig. 4B). However, non-normalized values of 

hub-hub connectivity were not significantly different (p = 0.659), suggesting that the 

spatial connectivity shift was particularly present in connections of non-hubs. Indeed, 

hub-non-hub connectivity remained significantly increased in patients (p = 0.001), 

even after correcting for their globally increased level of connectivity. The same 

patterns of difference were seen when applying the Power atlas to these data 

(normalized hub-hub connectivity p < 0.001, non-normalized hub-hub connectivity p 

= 0.637, normalized hub-non-hub connectivity p = 0.056). The result with respect to 

non-normalized hub-hub connectivity reached near significance in the smaller second 

cohort (p = 0.073), but hub-non-hub connectivity was not significantly different (p = 

0.156). 

 

 
 
Fig. 4. Connectivity profiles per subgroup. This figure depicts boxplots for all connectivity 
profiles of healthy controls (HC), as well as glioma patients specified according to WHO tumor 
grade (II, III, and IV). In the top row, the whole-brain measures based on the frequency 
distribution ((A) full-width half maximum (FWHM), (B) peak position and (C) peak height) 
are indicated. In the bottom row, average normalized connectivity (D) between hubs, (E) 
between hubs and non-hubs, and (F) between non-hubs is shown. 
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Connectomic profiles distinctly relate to tumor grade 

We sought to further investigate hub connectivity profiles within the main cohort of 

glioma patients for all measures differing between patients and controls (see Table 3). 

Grade II glioma patients showed significantly higher peak position than both grade III 

and IV patients (see also Fig. 4A). Results were also significant when using non-

parametric Kruskal-Wallis testing (test statistic = 6.5, p = 0.039). When looking at 

the difference in peak position of grade II glioma patients with high (90–100) or low 

(70–80) KPS, patients with lower KPS tended to have higher, i.e. more disturbed, 

peak position than patients with higher KPS (t(39) = 1.931, p = 0.061). 

 

Upon visual inspection of Fig. 4B, we see that grade III glioma patients overall show 

the most distinct pattern compared to the grade II and grade IV glioma patients, while 

the latter two groups have largely comparable hub connectivity patterns. However, 

none of these differences were objectified statistically. 

 

Connectomic profiles relate to progression-free survival in GBM patients 

For each tumor grade separately, we performed Cox regression analysis on both PFS 

and OS. In grade II and III glioma, connectivity profile measures were not significantly 

related to survival. However, higher FWHM was a significant predictor of shorter PFS 

in GBM patients (beta = 1536, 95% confidence interval [1.294 1824193], p = 0.042), 

while using age (p = 0.134), KPS (p = 0.086), and tumor volume (p = 0.175) as 

covariates (see Fig. 5 for the Kaplan-Meier curve based on the median split FWHM). 
 

Table 3. Group differences in connectivity profiles between tumor grades. 

  
 

   a priori statistics 
 

 
   post-hoc statistics 

Measure F-statistic (df) ƞ2 p  Grade Cohen’s d p 

FWHM 0.322 (2,60) 0.010 0.726 
 

NA NA NA 

Peak position 5.147 (2,60) 0.137 0.009** 
 

II vs III 0.707 0.026* 

  
 

  
II vs IV 0.592 0.048* 

Peak height 0.393 (2,60) 0.012 0.676 
 

NA NA NA 

Hub connectivity 2.990 (2,62) 0.076 0.058 
 

NA NA NA 

Hub-non-hub connectivity 3.513 (2,62) 0.097 0.036*   III vs IV 1.404 0.037* 

ANOVAs were corrected for several covariates (see statistical analysis section), which were not 
significant in any model. As measures of effect size, eta squared and Cohen’s d are reported. 
Post-hoc statistics are Bonferroni corrected for multiple comparisons. * denotes p < 0.05, ** 
denotes p < 0.01. FWHM = full-width half maximum; NA = not applicable. 
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Fig. 5. Progression-free survival relates to connectivity profile in grade IV glioma. Full-width 
half maximum (FWHM), based on the frequency distribution, was dichotomized using a median 
split in order to draw this Kaplan-Meier plot of progression-free survival (PFS) in grade IV 
glioma patients (p = 0.042, while correcting for Karnofsky performance status and tumor 
volume). 

 

Discussion 
The brain network of newly diagnosed glioma patients is characterized by shifts in 

functional connectomic profiles compared to healthy controls, as is shown across 

cohorts and methods of analysis. The connectomic profile of glioma patients is 

characterized by a broader and flatter frequency distribution showing less variance in 

connectivity. On the spatial level, our results confirm that most significant changes 

occur in connectivity between hub and non-hub regions: patients have increased 

connectivity between non-hubs and hubs across normalized and non-normalized 

connectivity values and atlases. However, connectivity between non-hubs is not 

significantly different. 

 
Hubs are implicated in a variety of neurological diseases including glioma (Aerts et al., 

2016, Crossley et al., 2014). A theoretical explanation for the particular redistribution 

of connectivity in glioma patients relates to cascadic network failure (Stam, 2014). In 

line with all (interdependent) complex networks (Buldyrev et al., 2010), a final 

common pathological pathway across neurological diseases may be the global spread 
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of brain network failure. This cascade is hypothetically due to the altered role and 

eventual loss of hub regions (Crossley et al., 2014, Stam, 2014): when (localized) 

neurological disease occurs, such as glioma, the inflicted region may develop 

diminished communication with other brain regions due to disconnection or altered 

activity patterns. This network dysfunction then spreads to other regions in the 

vicinity, as they take over functioning from the lesioned region. Next, more and more 

information is relayed to these regions as well as to hubs higher up in the network 

hierarchy. In this initial phase of hub overload, connectivity likely increases between 

non-hub and hub regions, as the latter aggregate more and more information. This 

increase in hub enlistment may initially support functioning, after which hub-hub 

connectivity should decrease as hubs start failing due to their increased usage. In 

Alzheimer's disease, cascadic brain network failure and its phases has been investigated 

nicely with computational modeling (de Haan et al., 2012) and in experiments using 

resting-state fMRI (Jones et al., 2015). Furthermore, the abovementioned recent 

review on the impact of lesions on the brain network also concludes that the damaging 

effects of for instance glioma may propagate throughout the brain network via hubs, 

thereby inducing clinical deterioration (Aerts et al., 2016). Our current results 

corroborate this idea, showing particularly increased connectivity between non-hub 

and hubs. Longitudinal or computational studies are necessary to further scope 

network failure over time in glioma patients. 
 
Although glioma patients with different tumor grades all showed the same type of 

connectivity disturbances compared to healthy controls, our study additionally 

highlights distinct connectomic profiles relating to clinical phenotype. Peak position 

was particularly disturbed in low-grade glioma patients, in whom the connectivity value 

of the peak occurrence was significantly higher than in high-grade glioma patients. In 

other words, grade II glioma patients most often had connectivity indices higher than 

the other tumor grades, which was spatially unspecific, as it was not reflected in the 

hub-related connectivity measures. This increase tended to relate to lower Karnofsky 

performance status, suggesting a pathological mechanism. Since low-grade glioma 

grow slowly and in an infiltrative manner, it is possible that these tumors cause even 

greater connectivity pathology than the high-grade glioma, as has been shown with 

MEG before (van Dellen et al., 2012). 
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Interestingly, the grade III gliomas formed a special subgroup in our cohort. First, 

progression-free survival of our grade III patients was better than expected and even 

exceeded that of grade II patients. Upon further investigation, loss of heterozygosity 

at 1p/19q, which is a favorable prognostic factor (Cairncross et al., 1998), was often 

present in the grade III tumors, suggesting that these patients were representative 

only of a subgroup of all anaplastic gliomas with relatively favorable prognosis. In 

terms of connectivity profiles, grade III patients tended to show less disturbances than 

both grade II and IV glioma patients. This was particularly true with respect to hub-

non-hub connectivity, which was within the normal range. Interestingly grade III glioma 

patients did have the strongest decrease in hub-hub connectivity of all patient 

subgroups. However, in grade III glioma patients the tumor was more frequently 

localized in the hub areas, which will certainly have influenced connectivity between 

hub nodes specifically. The small sample of grade III patients (n = 17) limits our 

options to further investigate the mechanism underlying connectivity profile shifts in 

these patients. Future studies will have to elucidate whether the combination of 

preserved hub-non-hub connectivity but decreased hub connectivity is representative 

of grade III glioma as a whole, or relates to the favorable aspects of this particular 

cohort (i.e. 1p/19q LOH, long progression-free survival). 
 

All patients in our cohort were newly diagnosed with glioma. However, one must keep 

in mind that it is near impossible to determine the exact disease duration in these 

patients, which could influence connectivity profiles as well as clinical status. A glioma 

may be present for years, before the patient experiences symptoms and a diagnosis is 

reached. Our findings, particularly with respect to the differences between tumor 

grades, were corrected for covariates possibly reflecting differences in disease duration 

and/or clinical phenotype, such as tumor volume and presence of epilepsy. Therefore, 

only longitudinal studies taking growth speed into account may delve into the 

mechanisms of change according to clinical phenotypes. A foreseeable problem in this 

respect is the tumor treatment (e.g. resection, chemotherapy, radiotherapy) that most 

if not all glioma patients undergo, possibly confounding the natural course of 

connectivity shifts. 
 

Some limitations of the current study should be kept in mind. Firstly, fMRI tasks 

differed between patients and controls in our main analyses. Moreover, areas of the 
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DMN and FPN networks have been found to be hubs consistently across brain states, 

with differences in connectivity between states being small (James et al., 2015, 

Krienen et al., 2014). In addition, pre-operative language fMRI has been used in 

previous work investigating connectivity in brain tumor patients (Esposito et al., 

2012). Furthermore, our findings regarding the differences between patient groups are 

completely independent of the healthy control cohort. However, we attempted to 

scope the generalizability of our results by including a smaller second cohort of glioma 

patients. This database was much smaller and did not contain clinical information, but 

patients (n = 23) and controls (n = 17) did undergo identical resting state fMRI. We 

observed altered FD in these groups as well, corroborating our main analyses. 

Furthermore, there were trend-level differences between healthy controls and glioma 

patients regarding hub connectivity. In addition to the smaller size, this sample was 

characterized by a different distribution of tumor grades compared to the original 

cohort, which in addition to limited statistical power may explain some of the non-

significant findings. Second, the boundaries of gliomas are challenging to define, due 

to infiltration of tumor into the healthy tissue at a microscopic scale and the lack of 

specificity of imaging. Therefore, the study design could neither guarantee exclusion 

of all regions of the AAL atlas covered by tumor on a subject level, nor complete 

accuracy of the measurement of overlap between tumor and hubs. Third, due to tumor 

masking and subsequent exclusion of regions on an individual level, the number of 

regions taken into account for calculation of connectivity differed between subjects, 

which may have impacted our results, even though tumor volume, individual tumor 

overlap with the hubs, and number of regions excluded did not reach any statistical 

significance. Fourth, glioma patients selected to undergo preoperative language 

mapping may not be representative of glioma patients in general, as patients with a 

priori disrupted language or highly aggressive tumors are unlikely to undergo such a 

work-up. Thus, this sample may be biased towards relatively high functioning patients 

and/or less acute disease, which is corroborated by patient characteristics, particularly 

for the grade III glioma. 

 
To conclude, our current results reveal distinct connectomic profiles as compared to 

healthy subjects. Glioma patients seem to lose structure in their connectivity profile, 

which is spatially reflected by increased connectivity between periphery and hubs. 

Furthermore, even in this relatively small sample, we are able to report distinct 



Chapter 4 

 - 88 - 

connectomic profiles for different clinical phenotypes, relating to performance status 

and survival. This study firstly provides a conceptual framework for connectomic 

dysfunction in glioma patients, and secondly underlines the promise of using 

connectomics as a biomarker in this patient population. 
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Abstract 
Introduction 

Cognitive deficits occur frequently in diffuse glioma patients, but are limitedly 

understood. An important marker for survival in these patients is isocitrate 

dehydrogenase (IDH) mutation (IDH-mut). Patients with IDH-mut glioma have a 

better prognosis but more often suffer from epilepsy than patients with IDH-wildtype 

(IDH-wt) glioma, who are generally older and more often have cognitive deficits. We 

investigated whether global brain functional connectivity differs between patients with 

IDH-mut and IDH-wt glioma, and whether this measure reflects variations in cognitive 

functioning in these subpopulations beyond the associated differences in age and 

presence of epilepsy. 

 

Methods 
We recorded magnetoencephalography and tested cognitive functioning in 54 diffuse 

glioma patients (31 IDH-mut, 23 IDH-wt). Global functional connectivity between 78 

atlas regions spanning the entire cortex was calculated in two frequency bands (theta 

and alpha). Group differences in global functional connectivity were tested, as was 

their association with cognitive functioning, controlling for age, education and 

presence of epilepsy. 

 

Results 
Patients with IDH-wt glioma had lower functional connectivity in the alpha band than 

patients with IDH-mut glioma (p = 0.040, corrected for age and presence of epilepsy). 

Lower alpha band functional connectivity was associated with poorer cognitive 

performance (p < 0.034), corrected for age, education and presence of epilepsy. 

 

Conclusion 
Global functional connectivity is lower in patients with IDH-wt diffuse glioma 

compared to patients with IDH-mut diffuse glioma. Moreover, having lower functional 

alpha connectivity relates to poorer cognitive performance in patients with diffuse 

glioma, regardless of age, education and presence of epilepsy. 
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Introduction 
Diffuse gliomas are characterized by poor survival and cognitive deficits (Taphoorn 

and Klein, 2004). An important marker for survival in patient with diffuse glioma is 

isocitrate dehydrogenase (IDH) mutation (IDH-mut), which is associated with better 

prognosis but higher epilepsy prevalence (Chen et al., 2017; Yan et al., 2009). Patients 

with wildtype glioma (IDH-wt) are generally older and more often have cognitive 

deficits (Wefel et al., 2016), even though they less often have epileptic seizures that 

are generally linked to poorer cognitive functioning (Chen et al., 2017; Klein et al., 

2003a). Although the relevance of IDH status for survival is relatively straightforward 

(Yan et al., 2009), the higher occurrence of cognitive deficits at diagnosis in patients 

with IDH-wt glioma as compared to patients with IDH-mut glioma is incompletely 

understood. This is in part because of the mentioned group differences in age and 

prevalence of epilepsy. IDH-wt related cognitive deficits have been linked to 

deterioration in cortical thickness networks (Kesler et al., 2017). However, cortical 

thickness is highly age-dependent (Thambisetty et al., 2010), indicating that age 

differences between IDH-mut and IDH-wt patients may obfuscate how much variance 

in this brain correlate of cognition is explained by the mutation itself. 

 

Regardless of IDH-mutation status, cognitive deficits in glioma patients are associated 

with altered brain functional connectivity. Functional connections are statistical 

correlations between regional activity as for instance measured with 

magnetoencephalography (MEG) (Bartolomei et al., 2006; Bosma et al., 2009, 2008; 

Carbo et al., 2017; Derks et al., 2014; Douw et al., 2010b, 2010a, 2008; Guggisberg 

et al., 2008; Tarapore et al., 2012; van Dellen et al., 2014, 2013, 2012). Cognitive 

variation, and presence and frequency of epilepsy in glioma patients, has been related 

to altered theta (4-8 Hz) (Bosma et al., 2008; Douw et al., 2010a; van Dellen et al., 

2012) and alpha (8-13 Hz) (Bosma et al., 2009; Carbo et al., 2017; van Dellen et al., 

2013) band functional connectivity. 

 

We performed MEG and cognitive testing in a cohort of de novo glioma patients and 

investigated whether theta and alpha global brain functional connectivity differed 

according to IDH-mutation status, and whether this measure reflects cognitive 

functioning in these subpopulations beyond differences in age and presence of epilepsy. 

We expected lower functional connectivity to relate to poorer cognitive functioning 
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(when correcting for age and presence of epilepsy), and thus functional connectivity 

to be lower in IDH-wt patients as compared to IDH-mut patients. 

 

Methods 
Patients 

Patients visiting the VUmc CCA Brain Tumor Center Amsterdam between 2010 and 

2017 with suspected diffuse glioma were eligible to participate. Part of this patient 

cohort has been reported on before (Carbo et al., 2017; Derks et al., 2018; van Dellen 

et al., 2014, 2012). Inclusion criteria were (1) age over 17 years, and (2) ability to 

participate in neuropsychological testing. After testing and MEG recording, all patients 

were diagnosed with World Health Organization (WHO) grade II, III or IV diffuse 

glioma according to the WHO 2007 classification (Louis et al., 2007). Patients with 

previous craniotomies or neurological/psychiatric comorbidities were not able to 

participate in this study. Information on the presence of epilepsy, use of anti-epileptic 

drugs, use of dexamethasone, and Karnofsky performance status (KPS) were collected 

(Karnofsky et al., 1948). Level of education was gathered based on a commonly used 

Dutch scale for highest obtained educational degree, which ranges from level 1 (not 

completed primary education) to level 7 (academic degree) (Verhage, 1964). Tumors 

were manually drawn on 3D anatomical magnetic resonance imaging (MRI) images, 

slice by slice (LD), using both contrast-enhanced T1-weighted and FLAIR images. 

Tumor volume was assessed by calculating the volume of the voxels containing tumor. 

The ethical review board of the VU University Medical Center approved this study and 

all patients gave written informed consent before participation.  

 

IDH-mutation status 

IDH-mutation status was assessed with immunohistochemistry on formalin-fixed 

paraffin-embedded tissue according to IDH-mutation diagnostic routine, identifying 

90% of all IDH-mutant diffuse gliomas (Ichimura et al., 2015). Diagnostic routine 

included detection of IDH1 by IDH1R132H antibody (mouse monoclonal, clone H09; 

Dianova GmbH, Hamburg, Germany) using a Ventana Benchmark ULTRA (Roche 

Diagnostics, Mannheimm, Germany). Pretreatment was done with Cell Conditioner 1 

for 24 minutes followed by primary antibody incubation diluted (1:1250) in background 

reducing antibody diluent (DAKO, Glostrup, Denmark) for 32 minutes. 

Immunostainings were visualized with Optiview DAB detection and Optiview 
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amplification (Roche/Ventana Medical Systems, Tucson, AZ, US). Tissue was 

counterstained with haematoxylin.  

 

Cognitive functioning 

Cognitive functioning was extensively measured preoperatively (Douw et al., 2009; 

Klein et al., 2003b, 2002; Taphoorn and Klein, 2004). As measures of cognitive 

performance we included the sum score of the 5 trials, and the delayed recall score of 

the Rey Auditory Verbal Learning Test (RAVLT) (Rey, 1958) (verbal memory), the 

time measured on part C of the Concept Shifting Test (van der Elst et al., 2006a) 

(executive functioning and psychomotor speed), the duration of the last and most 

difficult assessment of the Memory Comparison Test (Brand and Jolles, 1987) 

(working memory), the score on the verbal version of the Letter Digit Substitution 

Test (van der Elst et al., 2006b) (information processing speed and psychomotor 

speed), the time of the color–word card of the Stroop Color Word Test (Stroop, 

1935) (attentional functioning), and by the number of words generated during the 

Categorical Word Fluency test (Luteijn and van der Ploeg, 1983) (executive 

functioning).  

 

Magnetoencephalography 

Participants underwent MEG recording before neurosurgical intervention, and/or start 

of any radio- or chemotherapy (as described previously (Carbo et al., 2017; van Dellen 

et al., 2014, 2013)). In brief, an eyes-closed resting state recording of 5 minutes in a 

magnetically shielded room (Vacuum Schmelze GmbH, Hanua, Germany) with a 306 

channel MEG system (Elekta Neuromag Oy, Helsinki, Finland) was acquired. Data 

were sampled at 1250 Hz and a high pass filter (0.1 Hz) and anti-aliasing filter (410 

Hz) were employed online. Malfunctioning channels were excluded after visual 

inspection (JD, SK, TN, LD) of the neurophysiological signals after applying the 

extended Signal Space Separation method (xSSS) (van Klink et al., 2017). The 

removal of artefacts was done offline with the temporal extension of SSS in MaxFilter 

software (Elekta Neuromag Oy, version 2.2.15) (Taulu and Hari, 2009; Taulu and 

Simola, 2006), and then visually inspected for quality. For co-registration of MEG 

with participants’ MRI, the outline of the scalp and 4 or 5 head localization coils were 

digitized using a 3D digitizer (3Space Fastrak, Polhemus, Colchester, VT, USA), and 

matched to the MRI scalp surface. The co-registered MRI was then spatially 
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normalized to a template MRI, and, using the Automated Anatomical Labeling (AAL) 

atlas (Tzourio-Mazoyer et al., 2002), the centroid voxels (Hillebrand et al., 2016) in 

the 78 cortical regions (Gong et al., 2009) were selected for further analyses after 

inverse transformation to the patient’s co-registered MRI. A scalar beamformer 

implementation (Elekta Neuromag Oy, version 2.1.28) was used to reconstruct broad-

band (0.5-48Hz) time series of neuronal activity for these centroids (Hillebrand et al., 

2012). For each patient, 60 consecutive epochs of 3.27 seconds (4096 samples) were 

used to extract theta and alpha time series. These were obtained by digitally filtering 

the selected epochs using a fast Fourier transform, after which all bins outside the 

passbands were made zero, and an inverse Fourier transform was performed. Theta 

and alpha power were calculated, relative to the power in the broad-band signal. 

 

Global functional connectivity 
Frequency-band specific functional connectivity between reconstructed time series of 

each pair of atlas regions was assessed with the phase lag index (PLI) implemented in 

Matlab (version R2012.a, Mathworks, Natick, MA, USA). The PLI measures 

synchronization by using the asymmetry of the distribution of phase differences (∆φ) 

between two time series (Stam et al., 2007): PLI = | < sign[sin�∆φ(tk)�] > |. The phase 

difference is defined in the interval [-π,π], <> denotes the mean value, tk is the sample 

index and || indicates the absolute value. The PLI ranges between 0 and 1, with values 

closer to 0 indicating lower synchrony between two regions and values closer to 1 

indicating higher synchrony. The PLI is minimally affected by volume conduction and 

field spread because the PLI only takes non-zero phase lag between two time series 

into account. The PLI was estimated between all pairs of regions for each epoch, 

forming a 78x78 matrix of functional connections. The 78x78 functional connectivity 

matrix was then averaged over epochs to yield a single measure of global functional 

connectivity per subject and per frequency band. A Box-Cox transformation (lambda 

= -5) (Box and Cox, 1964) was performed on global functional connectivity measures 

to ensure normality of the data, the transformed data was used in all statistical 

analyses. 

 

Statistical analyses 

Statistical analyses were performed using IBM SPSS Statistics for Windows (version 

22.0.0.0 IBM Corp., Armonk, NY, USA). Group differences between patients with 



Cognition and the relevance of IDH-mutation and connectivity 

 - 101 - 

IDH-mut and IDH-wt glioma were investigated with Student’s t-tests for independent 

samples (age), Mann-Whitney U tests (tumor volume and education) and exact chi-

square tests (sex, WHO grade, tumor lateralization (excluding bilateral tumors), 

frontal versus non-frontal tumor localization, presence of epilepsy, anti-epileptic drug 

use, use of dexamethasone, and KPS dichotomized into ≤ 80 and 90-100 (Derks et 

al., 2017)). Group differences in cognitive functioning were established with (seven) 

linear regression models for each cognitive test described above, corrected for age, 

level of education and presence of epilepsy. A log transformation was performed on 

the raw test scores of the Concept Shifting Test, the Memory Comparison Test and 

of the Stroop Color Word Test to adhere to the assumption of normally distributed 

standardized residuals in linear regression analyses. The transformed data was used in 

all following statistical tests. 

 

Group differences in theta and alpha functional connectivity (dependent variable) 

between IDH subgroups (independent variable) were computed with linear regression 

models to account for confounding variables (age and presence of epilepsy). In case 

of significant results, group differences in frequency specific relative power were 

investigated with linear regression as well, to ascertain that connectivity differences 

were not driven by differences in relative power. 

 

In case of significant differences in functional connectivity between the subgroups, 

associations between functional connectivity and cognitive functioning were assessed. 

Linear regression models were computed for each cognitive test, with (log 

transformed) test score as the dependent variable and functional connectivity, age, 

presence of epilepsy and level of education as independent variables. In addition, tumor 

volume was also added to these models, since tumor volume is possibly associated 

with cognitive functioning, particularly in patients with IDH-wt glioma (Kesler et al., 

2017). 

 

Post-hoc analyses included testing for the possible confounding effect of 

dexamethasone use, which may affect cognition (Kostaras et al., 2014). First, 

differences in cognitive performance according to dexamethasone use were tested with 

seven linear regression models corrected for age, presence of epilepsy and education. 

Next, a Student’s t-test was performed to test for differences in alpha functional 
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connectivity according to dexamethasone use. Furthermore, histological WHO grade 

may confound functional connectivity changes beyond IDH-mutation status. 

Therefore, we tested for differences in alpha functional connectivity between grade 

II/III and grade IV IDH-wt patients with linear regression controlling for age and 

presence of epilepsy, as this subgroup had enough variation in WHO grade to do 

statistical testing. 

 

All linear regression analyses met the criteria of normally distributed standardized 

residuals and homoscedasticity by visual inspection. A p-value lower than 0.05 was 

considered significant. 

 

Results 
Patient characteristics 
In total, 54 patients (seventeen females) participated, with a mean age of 45.17 (SD 

15.22) years. Twenty-three patients had IDH-wt glioma, while 31 patients had IDH-

mut glioma (Table 1). As expected, age and the distribution of WHO grade 

significantly differed between the two groups, with IDH-wt patients being older (t(52) 

= 3.592, p = 0.001), more often having WHO grade IV glioma (χ2 (2, n = 54) = 

16.517, p < 0.001) and more often using dexamethasone (χ2 (1, n = 50) = 6.603, p 

= 0.010). Patients with IDH-mut glioma more often had epilepsy (χ2 (1, n = 54) = 

8.693, p = 0.003) and more often used AEDs (χ2 (1, n = 52) = 6.831, p = 0.009). 

There were no group differences in terms of level of education (U = 335, p = 0.912), 

sex (χ2 (1, n = 54) = 0.151, p = 0.697), KPS (χ2 (1, n = 51) = 0.053, p = 0.818), 

tumor lateralization (χ2 (1, n = 52) = 0.171, p = 0.680), (non)frontal localization 

(χ2 (1, n = 54) = 0.833, p = 0.361) or tumor volume (U = 256, p = 0.079). 

 

Cognitive functioning 
Patients with IDH-wt glioma performed significantly poorer on verbal memory (sum 

score RAVLT, B = 7.47, confidence interval (CI) = 1.39-13.56, p = 0.017; recall 

RAVLT, B = 3.23, CI = 1.46 - 5.01, p = 0.001; Table 2) compared to patients with 

IDH-mut glioma, corrected for age, presence of epilepsy and education. Patients with 

IDH-wt glioma did not significantly differ from patients with IDH-mut glioma on the 

other tests, but on average performed poorer an all tests (Table 2). Dexamethasone 
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use was associated with performance on the Stroop Color Word Test (B = 0.171, CI 

= 0.005-0.337, p = 0.043), corrected for age, presence of epilepsy and education. 

 
Table 1. Patient characteristics 

Patient characteristics described for patients with IDH-wt and patients with IDH-mut glioma. 
IDH-wt, IDH-wildtype, IDH-mut, IDH-mutation; Sd, standard deviation; KPS, Karnofsky 
Performance Status; WHO, World Health Organization; NA, not available. * p < 0.05, ** p < 
0.01. 
 

Functional connectivity differs according to IDH status 
Patients with IDH-wt glioma had significantly lower alpha functional connectivity 

compared to patients with IDH-mut glioma while controlling for age and presence of 

epilepsy (B = 138.209, CI = 6.575-269.842, p = 0.040, Figure 1). We did not control 

for tumor volume in this analysis because tumor volume was not significantly different 

between groups. These findings were specific to functional connectivity, as relative 

alpha power did not differ between groups (B = 0.005, CI = -0.006-0.016, p = 0.346), 

nor did alpha functional connectivity differ according to dexamethasone use (t(48) = 

1.101, p = 0.276). Theta functional connectivity did not differ between groups (B = 

-14.925, CI = -49.732-19.883, p = 0.393). 

 

As shown in Table 1, WHO grade varied in the IDH-wt diffuse glioma cohort, which 

may relate  to functional connectivity  beyond mutation  status. We therefore  tested  

Patient characteristics 

Glioma  

(n = 54) 

IDH-wt  

(n = 23) 

IDH-mut  

(n = 31) p-value Test statistic 

Age (mean/sd) 45.17/15.22 52.97/17.23 39.38/10.48 0.001** t(52) = 3.592 

Sex (female/male) 18/36 7/16 11/20 0.697 χ2 = 0.151 

Education level (median/range) 6/2-7 6/2-7 6/2-7 0.912 U = 335 

KPS (NA/<70/70-80/90-100) 3/1/12/39 2/1/4/16 1/0/8/22 0.818 χ2 = 0.053 

WHO grade (II/III/IV) 28/11/15 7/3/13 21/8/2 <0.001** χ2 = 16.517 

Tumor hemisphere(left/right/bilateral) 30/22/2 14/9/0 16/13/2 0.680 χ2 = 0.171 

Tumor location 

(frontal/frontotemporal/temporal/ 

parietotemporal/parietal/frontoparietal/

occipital) 

 

20/11/10/ 

4/6/1/ 

2 

 

7/4/4/ 

4/2/1/ 

1 

 

13/7/6 

/0/4/0/ 

1 

NA NA 

Epilepsy (yes/no) 43/11 14/9 29/2 0.010* χ2 = 6.627 

Anti-epileptic drug use (NA/yes/no) 2/30/12 1/13/9 1/27/3 0.009** χ2 = 6.831 

Dexamethasone use (NA/yes/no) 4/8/42 0/7/16 4/1/26 0.010* χ2 = 6.603 

Tumor volume cm3 (mean/sd) 57.70/42.96 48.06/38.37 64.85/45.35 0.079 U = 256 
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Figure 1. Violin plots showing alpha functional connectivity (before normalization) for IDH-mut 
and IDH-wt patients, the crosses within the plots indicate mean per group. 
 

Table 2. Linear regression models for IDH status and cognition 

Cognitive test 

IDH-wt test 
score,  
mean (sd) 

IDH-mut test 
score,  
mean (sd) 

IDH 
status  
p-value 

Age  
p-value 

Education  
p-value 

Presence 
of 
epilepsy 
p-value B-value (CI) 

Rey Auditory 
Verbal 
Learning Test 
(N=49) 

40.5 (13.69) 49.93 (10.02) 0.017* 0.007** < 0.001** 0.301 7.472 (1.387 - 13.556) 

Rey Auditory 
Verbal 
Learning Test 
recall (N=49) 

7.60 (3.58) 11.17 (2.65) 0.001**† 0.032* 0.007* 0.242 3.233 (1.458 – 5.009) 

Concept 
Shifting Test 
(N=47) 

38.91 (25.13) 30.82 (10.09) 0.792 <0.001** 0.002** 0.919 0.12 (-0.080 – 0.104) 

Memory 
Comparison 
Test (N=46) 

74.90 (31.31) 62.63 (20.50) 0.197 0.849 0.040* 0.568 -0.068 (-0.172 - 0.037) 

Categorical 
Word Fluency 
(N=48) 

21.42 (9.31) 24.45 (6.12) 0.123 0.885 0.001** 0.493 3.630 (-1.028 - 8.294) 

Letter Digit 
Substitution 
Test (N=45) 

53.82 (14.51) 57.11 (9.49) 0.574 0.094 0.006** 0.613 2.098 (-5.374 – 9.570) 

Stroop Color 
Word Test 
(N=47) 

120.23  (72.96) 97.17 (46.75) 0.755 0.001* 0.011* 0.490 -0.015 (-0.112 – 0.082) 

Linear regression models showing the difference in cognitive performance depending on IDH  
status, corrected for age and education. Mean raw cognitive test scores are given for the IDH-
wt en IDH-mut group. B-values and 95% confidence intervals are displayed for IDH status. 
IDH-wt, IDH-wildtype; IDH-mut, IDH-mutation; Sd, standard deviation; CI, 95% confidence 
interval. * p < 0.05, ** p < 0.01, † significant after false discovery rate correction. 
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whether alpha functional connectivity differed between grade II/III and grade IV IDH-

wt patients with linear regression, while controlling for age and presence of epilepsy, 

which was not the case (B = -17.087, CI = -243.159-208.985, p = 0.876). These 

findings suggest that despite the presence of some level of malignant heterogeneity 

within patients with IDH-wt glioma, WHO grade did not relate to alpha functional 

connectivity.   

 

Functional connectivity explains cognitive variance across groups 

In the entire cohort of patients, there were significant associations between alpha 

functional connectivity and cognitive test scores (after false discovery rate correction): 

Letter Digit Substitution Test (B = 0.020, CI = 0.007-0.033, p = 0.003), Stroop 

Color Word Test (B = -2.26e-4, CI = -4.07e-4 - -0.46e-4 p = 0.015), RAVLT (recall, 

B = 0.005, CI = 0.001 – 0.01, p = 0.020), Concept Shifting Test (B = -1.92e-4, CI 

= -3.66e-4 - -0.18e-4, p = 0.031), and the Categorical Word Fluency Test (B = 0.10, 

CI = 0.001 - 0.019, p = 0.034) while controlling for age, education and presence of 

epilepsy (Figure 2, Table 3). All regression models indicate that lower functional 

connectivity in the alpha band is associated with poorer cognitive performance. 
 
Table 3. Linear regression models for alpha functional connectivity and cognition 

Regression models were corrected for age and education. B-values and 95% confidence intervals 

are displayed for alpha functional connectivity. CI, 95% confidence interval. * p < 0.05, ** p < 

0.01, † significant after false discovery rate correction. 

        Cognitive test 

Alpha 
functional 

connectivity P-
value 

Age  
P-value 

Education 
P-value 

Presence 
of 

epilepsy 
P-value B-value (CI) 

Rey Auditory Verbal 
Learning Test (N=49) 

0.062 0.002** 0.001** 0.902 0.012 (-0.001 – 0.025) 

Rey Auditory Verbal 
Learning Test Recall 

(N=49) 
0.020*† 0.007** 0.050 0.888 0.005 (0.001 – 0.009) 

Concept Shifting Test  
(n = 47) 

0.031*† <0.001** 0.002** 0.784 -1.92e-4 (-3.66e-4 – -0.18e-4) 

Memory Comparison Test 
(n = 46) 

0.067 0.739 0.062 0.994 -1.89e-4 (-3.92e-4 – 0.14e-4) 

Categorical Word Fluency  
(n = 48) 

0.034*† 0.984 0.002** 0.986 0.100 (0.001 – 0.019) 

Letter Digit Substitution 
Test  (n = 45) 

0.003**† 0.103 0.008* 0.983 0.020 (0.007 – 0.033) 

Stroop Color Word Test  
(n = 47) 

0.015*† 0.001* 0.010* 0.587 -2.26e-4 (-4.07e-4 – -0.46e-4) 
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Addition of tumor volume to the model did not substantially modify these associations: 

Letter Digit Substitution Test score, (B = 0.019, CI = 0.006 - 0.032, p = 0.007), 

Stroop Color Word Test score (B = -2.08e-4, CI = -3.92e-4 - -0.24e-4, p = 0.028), 

RAVLT (recall, B = 0.04, CI = -0.09e-4 – 0.008, p = 0.50), Concept Shifting Test 

score (B = -1.62e-4, CI = -3.38e-4 - -0.14e-4 , p = 0.070), and Categorical Word 

Fluency Test (B = 0.010, CI = 3.23e-4 – 0.019 , p = 0.043). 

 
As noted above, the use of dexamethasone was significantly related to performance 

on the Stroop Color Word Test (B = 0.171, CI = 0.005 – 0.337, p = 0.043). 

Therefore, we repeated the linear regression for the Stroop Color Word Test and 

alpha functional connectivity including dexamethasone use. Both alpha functional 

connectivity (B = -2.23e-4 CI = -4.09e-4 - -0.37e-4, p = 0.020) and dexamethasone 

use (B = 0.164, CI = 0.008 – 0.321, p = 0.040) were independent predictors of Stroop 

Color Word Test performance. 

 

 
Figure 2. Associations between alpha functional connectivity and cognitive performance. Alpha 
functional connectivity (after normalization) is plotted on the x-axis. The y-axis reflects 
cognitive performance: RAVLT recall score (number of recalled words after delay), Concept 
Shifting Test (log transformed time to complete the interference condition), Categorical Word 
Fluency (number of animals listed in one minute), Letter Digit Substitution Test Score (number 
of letters completed after 90 seconds), Stroop Color Word Test (log transformed time to 
complete the interference condition). Black circles represent patients with IDH-wt glioma, while 
grey squares represent patients with IDH-mut glioma. 
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Discussion 

Patients with IDH-wt glioma have lower functional connectivity in the alpha band 

compared to patients with IDH-mut glioma, even when controlling for age and 

presence of epilepsy. Moreover, lower functional connectivity is associated with poorer 

cognitive performance in the entire cohort. 

 

Previous studies in glioma patients have amply shown whole brain alterations in 

functional connectivity compared to healthy controls (Derks et al., 2014), which are 

specifically relevant for cognition in theta (Bosma et al., 2008; Douw et al., 2010a; 

van Dellen et al., 2012) and alpha (Bosma et al., 2009; Carbo et al., 2017; van Dellen 

et al., 2013) frequencies. The association between alpha band functional connectivity 

and cognition has been evidenced longitudinally as well (Carbo et al., 2017), showing 

increases in alpha band connectivity corresponding to improved cognitive functioning 

(van Dellen et al., 2013). Our current results build upon these studies, showing a 

positive correlation between alpha band functional connectivity and cognitive 

functioning, regardless of IDH-mutation status. 

 

These previous studies mainly reported on connectivity differences in glioma patients 

diagnosed according to the 2007 WHO classification, based on histopathology only 

(Derks et al., 2014; Louis et al., 2007). As the neuro-oncology field has moved towards 

incorporating molecular markers like IDH-mutation status (Louis et al., 2016), it is 

worth investigating the implications of this change for our understanding of cognition 

and its hypothetical neural correlates of connectivity and network topology. Although 

previous work has reported on connectivity differences between WHO grades (van 

Dellen et al., 2012), we did not find differences in functional connectivity between 

WHO grade II/III and grade IV patients within IDH-wt patients. However, it is now 

well-known that many WHO grade II and grade III IDH-wt diffuse gliomas not only 

have molecular characteristics of, but also show clinical behavior of glioblastoma 

(WHO grade IV) (Cancer Genome Atlas Research Network et al., 2015). Our results 

suggest that molecular status, not WHO grade, drives cognitively relevant connectivity 

differences between diffuse glioma patients, although we were not able to statistically 

assess whether the same grade-independence holds within the IDH-mut patients. 
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Larger cohorts are necessary to fully understand the apex of histopathological grade 

and molecular status in terms of functional connectivity. 

 

Wefel and colleagues were the first to describe worse cognitive performance in patients 

with IDH-wt glioma compared to patients with IDH-mut glioma (Wefel et al., 2016). 

The same group investigated cortical thickness covariation as a neural correlate of 

this difference, showing that thickness covariation patterns indeed differ between 

subgroups and associate with cognition (Kesler et al., 2017). This provides a first 

insight into possible mechanisms underlying IDH-mutation-related cognitive 

differences and also suggests that tumor growth rate might contribute to cognitive 

problems (Klein, 2016; Wefel et al., 2016). However, the observed group differences 

in covarying cortical thickness were not corrected for age or presence of epilepsy. 

Since the cortex thins over time, regardless of the presence of glioma, as cognition 

also deteriorates, the reported results may have partly been due to normal aging 

(Thambisetty et al., 2010). Our results show alpha functional connectivity group 

differences irrespective of age and presence of epilepsy. Associations between alpha 

functional connectivity and cognitive functioning remained significant after controlling 

for these confounders. Our findings suggest that lower functional connectivity has a 

particular contribution to cognitive deterioration in IDH-wt patients. 

 

The fact that functional connectivity differed between IDH subgroups may reflect the 

impact of variable tumor growth rate on global connectivity (Klein, 2016; Wefel et 

al., 2016), while molecular mechanisms related to functional connectivity may also be 

at play. The overexpression of D-2-hydroxyglutarate in IDH-mut glioma is of particular 

interest, as a preclinical study reported that this protein activates NMDA receptors 

specifically, thereby mimicking glutamatergic neuronal activation (Chen et al., 2017). 

The related increase in neuronal spiking could be the mechanism responsible for the 

higher incidence of epilepsy in patients with IDH-mut glioma compared to patients 

with IDH-wt glioma (Chen et al., 2017). Speculatively, the mimicry of glutamatergic 

neuronal signalling by D-2-hyrdroxyglutarate might also underlie alpha functional 

connectivity differences found in the current study, as glutamate plays an important 

role in the synchronization of neuronal oscillations (Angulo et al., 2004; Fellin et al., 

2004). 
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A limitation of this study is that we only tested gliomas for the R132 variant of IDH1, 

detecting approximately 90% of the IDH-mutated gliomas (Ichimura et al., 2015). 

Hence, a few patients classified as having IDH-wt glioma might actually have IDH-

mut glioma, meaning that we may have underestimated the group difference in global 

functional connectivity. 

 

Conclusion 
Alpha functional connectivity is lower in patients with IDH-wt glioma as compared to 

patients with IDH-mut glioma, regardless of age and presence of epilepsy. Moreover, 

alpha functional connectivity is positively associated with cognitive performance, 

irrespective of IDH status. These findings contribute to our understanding of cognitive 

functioning in patients with diffuse glioma in general, and cognitive deficits in patients 

with IDH-wt glioma specifically. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 5 

 - 110 - 

References 
Angulo, M.C., Kozlov, A.S., Charpak, S., Audinat, E., 2004. Glutamate Released from Glial 

Cells Synchronizes Neuronal Activity in the Hippocampus. J. Neurosci. 24, 6920–6927. 

Bartolomei, F., Bosma, I., Klein, M., Baayen, J.C., Reijneveld, J.C., Postma, T.J., Heimans, 

J.J., van Dijk, B.W., de Munck, J.C., de Jongh, A., Cover, K.S., Stam, C.J., 2006. 

Disturbed functional connectivity in brain tumour patients: evaluation by graph analysis 

of synchronization matrices. Clin. Neurophysiol. 117, 2039–49. 

Bosma, I., Douw, L., Bartolomei, F., Heimans, J.J., van Dijk, B.W., Postma, T.J., Stam, C.J., 

Reijneveld, J.C., Klein, M., 2008. Synchronized brain activity and neurocognitive function 

in patients with low-grade glioma: a magnetoencephalography study. Neuro. Oncol. 10, 

734–44. 

Bosma, I., Reijneveld, J.C., Klein, M., Douw, L., van Dijk, B.W., Heimans, J.J., Stam, C.J., 

2009. Disturbed functional brain networks and neurocognitive function in low-grade 

glioma patients: a graph theoretical analysis of resting-state MEG. Nonlinear Biomed. 

Phys. 3, 9. 

Box, G.E.P., Cox, D.R., 1964. An Analysis of Transformations, Journal of the Royal Statistical 

Society. Series B. 

Brand, N., Jolles, J., 1987. Information processing in depression and anxiety. Psychol. Med. 17, 

145–153. 

Cancer Genome Atlas Research Network, Brat, D.J., Verhaak, R.G.W., Aldape, K.D., Yung, 

W.K.A., Salama, S.R., Cooper, L.A.D., 2015. Comprehensive, Integrative Genomic 

Analysis of Diffuse Lower-Grade Gliomas. N. Engl. J. Med. 372, 2481–2498. 

Carbo, E.W.S., Hillebrand, A., van Dellen, E., Tewarie, P., de Witt Hamer, P.C., Baayen, J.C., 

Klein, M., Geurts, J.J.G., Reijneveld, J.C., Stam, C.J., Douw, L., 2017. Dynamic hub 

load predicts cognitive decline after resective neurosurgery. Sci. Rep. 7, 42117. 

Chen, H., Judkins, J., Thomas, C., Wu, M., Khoury, L., Benjamin, C.G., Pacione, D., Golfinos, 

J.G., Kumthekar, P., Ghamsari, F., Chen, L., Lein, P., Chetkovich, D.M., Snuderl, M., 

Horbinski, C., 2017. Mutant IDH1 and seizures in patients with glioma. Neurology 88, 

1805–1813. 

Derks, J., Dirkson, A.R., de Witt Hamer, P.C., van Geest, Q., Hulst, H.E., Barkhof, F., 

Pouwels, P.J.W., Geurts, J.J.G., Reijneveld, J.C., Douw, L., 2017. Connectomic profile 

and clinical phenotype in newly diagnosed glioma patients. NeuroImage Clin. 14, 87–96. 

Derks, J., Reijneveld, J.C., Douw, L., 2014. Neural network alterations underlie cognitive 

deficits in brain tumor patients. Curr. Opin. Oncol. 26, 627–33. 

Derks, J., Wesseling, P., Carbo, E.W.S., Hillebrand, A., van Dellen, E., de Witt Hamer, P.C., 

Klein, M., Schenk, G.J., Geurts, J.J.G., Reijneveld, J.C., Douw, L., 2018. Oscillatory 

brain activity associates with neuroligin-3 expression and predicts progression free survival 

in patients with diffuse glioma. J. Neurooncol. 140, 403-412. 



Cognition and the relevance of IDH-mutation and connectivity 

 - 111 - 

Douw, L., Baayen, H., Bosma, I., Klein, M., Vandertop, P., Heimans, J., Stam, K., de Munck, 

J., Reijneveld, J., 2008. Treatment-related changes in functional connectivity in brain 

tumor patients: a magnetoencephalography study. Exp. Neurol. 212, 285–90. 

Douw, L., Klein, M., Fagel, S.S., van den Heuvel, J., Taphoorn, M.J., Aaronson, N.K., Postma, 

T.J., Vandertop, W.P., Mooij, J.J., Boerman, R.H., Beute, G.N., Sluimer, J.D., Slotman, 

B.J., Reijneveld, J.C., Heimans, J.J., 2009. Cognitive and radiological effects of 

radiotherapy in patients with low-grade glioma: long-term follow-up. Lancet Neurol. 8, 

810–8. 

Douw, L., van Dellen, E., de Groot, M., Heimans, J.J., Klein, M., Stam, C.J., Reijneveld, J.C., 

2010a. Epilepsy is related to theta band brain connectivity and network topology in brain 

tumor patients. BMC Neurosci 11, 103. 

Douw, L., van Dellen, E., de Groot, M., Heimans, J.J., Klein, M., Stam, C.J., Reijneveld, J.C., 

2010b. Epilepsy is related to theta band brain connectivity and network topology in brain 

tumor patients. BMC Neurosci. 11, 103. 

Fellin, T., Pascual, O., Gobbo, S., Pozzan, T., Haydon, P.G., Carmignoto, G., 2004. Neuronal 

Synchrony Mediated by Astrocytic Glutamate through Activation of Extrasynaptic NMDA 

Receptors. Neuron 43, 729–743. 

Gong, G., He, Y., Concha, L., Lebel, C., Gross, D.W., Evans, A.C., Beaulieu, C., 2009. Mapping 

anatomical connectivity patterns of human cerebral cortex using in vivo diffusion tensor 

imaging tractography. Cereb. Cortex 19, 524–536. 

Guggisberg, A.G., Honma, S.M., Findlay, A.M., Dalal, S.S., Kirsch, H.E., Berger, M.S., 

Nagarajan, S.S., 2008. Mapping functional connectivity in patients with brain lesions. 

Ann. Neurol. 63, 193–203. 

Hillebrand, A., Barnes, G.R., Bosboom, J.L., Berendse, H.W., Stam, C.J., 2012. Frequency-

dependent functional connectivity within resting-state networks: an atlas-based MEG 

beamformer solution. Neuroimage 59, 3909–21. 

Hillebrand, A., Tewarie, P., van Dellen, E., Yu, M., Carbo, E.W.S., Douw, L., Gouw, A.A., van 

Straaten, E.C.W., Stam, C.J., 2016. Direction of information flow in large-scale resting-

state networks is frequency-dependent. Proc. Natl. Acad. Sci. U. S. A. 113, 3867–72. 

Ichimura, K., Narita, Y., Hawkins, C.E., 2015. Diffusely infiltrating astrocytomas: pathology, 

molecular mechanisms and markers. Acta Neuropathol. 

Karnofsky, D.A., Abelmann, W.H., Craver, L.F., Burchenal, J.H., 1948. The use of nitrogen 

mustards in the palliative treatment of carcinoma. Cancer 1, 634–656. 

Kesler, S.R., Noll, K., Cahill, D.P., Rao, G., Wefel, J.S., 2017. The effect of IDH1 mutation 

on the structural connectome in malignant astrocytoma. J. Neurooncol. 131, 565–574. 

Klein, M., 2016. Lesion momentum as explanation for preoperative neurocognitive function in 

patients with malignant glioma. Neuro. Oncol. 18, 1595–1596. 

Klein, M., Engelberts, N.H.J., van der Ploeg, H.M., Kasteleijn-Nolst Trenité, D.G.A., Aaronson, 



Chapter 5 

 - 112 - 

N.K., Taphoorn, M.J.B., Baaijen, H., Vandertop, W.P., Muller, M., Postma, T.J., 

Heimans, J.J., 2003a. Epilepsy in low-grade gliomas: the impact on cognitive function 

and quality of life. Ann. Neurol. 54, 514–20. 

Klein, M., Heimans, J.J., Aaronson, N.K., van der Ploeg, H.M., Grit, J., Muller, M., Postma, 

T.J., Mooij, J.J., Boerman, R.H., Beute, G.N., Ossenkoppele, G.J., van Imhoff, G.W., 

Dekker, A.W., Jolles, J., Slotman, B.J., Struikmans, H., Taphoorn, M.J.B., 2002. Effect 

of radiotherapy and other treatment-related factors on mid-term to long-term cognitive 

sequelae in low-grade gliomas: a comparative study. Lancet 360, 1361–8. 

Klein, M., Postma, T.J., Taphoorn, M.J.B., Aaronson, N.K., Vandertop, W.P., Muller, M., van 

der Ploeg, H.M., Heimans, J.J., 2003b. The prognostic value of cognitive functioning in 

the survival of patients with high-grade glioma. Neurology 61, 1796–8. 

Kostaras, X., Cusano, F., Kline, G.A., Roa, W., Easaw, J., 2014. Use of dexamethasone in 

patients with high-grade glioma: a clinical practice guideline. Curr. Oncol. 21, 493. 

Louis, D.N., Ohgaki, H., Wiestler, O.D., Cavenee, W.K., 2016. World Health Organization 

Histological Classification of Tumours of the Central Nervous System. International 

Agency for Research on Cancer, Lyon. 

Louis, D.N., Ohgaki, H., Wiestler, O.D., Cavenee, W.K., 2007. World Health Organization 

Histological Classification of Tumours of the Central Nervous System. International 

Agency for Research on Cancer, Lyon. 

Luteijn, F., van der Ploeg, F., 1983. GIT: Groninger Intelligentie Test. Swets & Zeitlinger, 

Lisse. 

Rey, A., 1958. L’examen clinique en psychologie. France : Presses Universitaires de France, 

Paris. 

Stam, C.J., Nolte, G., Daffertshofer, A., 2007. Phase lag index: assessment of functional 

connectivity from multi channel EEG and MEG with diminished bias from common 

sources. Hum. Brain Mapp. 28, 1178–93. 

Stroop, J.R., 1935. Studies of interference in serial verbal reactions. J. Exp. Psychol. 18, 643–

662. 

Taphoorn, M.J.B., Klein, M., 2004. Cognitive deficits in adult patients with brain tumours. 

Lancet Neurol. 3, 159–168. 

Tarapore, P.E., Martino, J., Guggisberg, A.G., Owen, J., Honma, S.M., Findlay, A., Berger, 

M.S., Kirsch, H.E., Nagarajan, S.S., 2012. Magnetoencephalographic imaging of resting-

state functional connectivity predicts postsurgical neurological outcome in brain gliomas. 

Neurosurgery 71, 1012–22. 

Taulu, S., Hari, R., 2009. Removal of magnetoencephalographic artifacts with temporal signal-

space separation: demonstration with single-trial auditory-evoked responses. Hum. Brain 

Mapp. 30, 1524–34. 

Taulu, S., Simola, J., 2006. Spatiotemporal signal space separation method for rejecting nearby 



Cognition and the relevance of IDH-mutation and connectivity 

 - 113 - 

interference in MEG measurements. Phys. Med. Biol. 51, 1759–68. 

Thambisetty, M., Wan, J., Carass, A., An, Y., Prince, J.L., Resnick, S.M., 2010. Longitudinal 

changes in cortical thickness associated with normal aging. Neuroimage 52, 1215–1223. 

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., 

Mazoyer, B., Joliot, M., 2002. Automated anatomical labeling of activations in SPM 

using a macroscopic anatomical parcellation of the MNI MRI single-subject brain. 

Neuroimage 15, 273–89. 

van Dellen, E., de Witt Hamer, P.C., Douw, L., Klein, M., Heimans, J.J., Stam, C.J., Reijneveld, 

J.C., Hillebrand, A., 2013. Connectivity in MEG resting-state networks increases after 

resective surgery for low-grade glioma and correlates with improved cognitive 

performance. NeuroImage. Clin. 2, 1–7. 

van Dellen, E., Douw, L., Hillebrand, A., de Witt Hamer, P.C., Baayen, J.C., Heimans, J.J., 

Reijneveld, J.C., Stam, C.J., 2014. Epilepsy surgery outcome and functional network 

alterations in longitudinal MEG: a minimum spanning tree analysis. Neuroimage 86, 354–

63. 

van Dellen, E., Douw, L., Hillebrand, A., Ris-Hilgersom, I.H., Schoonheim, M.M., Baayen, J.C., 

De Witt Hamer, P.C., Velis, D.N., Klein, M., Heimans, J.J., Stam, C.J., Reijneveld, J.C., 

2012. MEG Network Differences between Low- and High-Grade Glioma Related to 

Epilepsy and Cognition. PLoS One 7, e50122. 

van der Elst, W., van Boxtel, M.P.J., van Breukelen, G.J.P., Jolles, J., 2006a. The Concept 

Shifting Test: adult normative data. Psychol. Assess. 18, 424–32. 

van der Elst, W., van Boxtel, M.P.J., van Breukelen, G.J.P., Jolles, J., 2006b. The Letter Digit 

Substitution Test: normative data for 1,858 healthy participants aged 24-81 from the 

Maastricht Aging Study (MAAS): influence of age, education, and sex. J. Clin. Exp. 

Neuropsychol. 28, 998–1009. 

van Klink, N., van Rosmalen, F., Nenonen, J., Burnos, S., Helle, L., Taulu, S., Furlong, P.L., 

Zijlmans, M., Hillebrand, A., 2017. Automatic detection and visualisation of MEG ripple 

oscillations in epilepsy. NeuroImage Clin. 15, 689–701. 

Verhage, F., 1964. Intelligentie en leeftijd  onderzoek bij Nederlanders van twaalf tot 

zevenenzeventig jaar. Van Gorcum, Assen. 

Wefel, J.S., Noll, K.R., Rao, G., Cahill, D.P., 2016. Neurocognitive function varies by IDH1 

genetic mutation status in patients with malignant glioma prior to surgical resection. 

Neuro. Oncol. 18, 1656–1663. 

Yan, H., Parsons, D.W., Jin, G., McLendon, R., Rasheed, B.A., Yuan, W., Kos, I., Batinic-

Haberle, I., Jones, S., Riggins, G.J., Friedman, H., Friedman, A., Reardon, D., Herndon, 

J., Kinzler, K.W., Velculescu, V.E., Vogelstein, B., Bigner, D.D., 2009. IDH1 and IDH2 

Mutations in Gliomas. N Engl J Med 360, 765–773

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

SECTION 3 
 
The impact of brain functioning on glioma 
 

 

 

 

 

  
 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Chapter 6 
 
Oscillatory brain activity associates with 

neuroligin-3 expression and predicts 
progression free survival in patients 

with diffuse glioma 
 

Journal of Neuro Oncology (2018), 140(2), 403–412 
 
 
 
Jolanda Derks 

Pieter Wesseling 
Ellen W.S. Carbo 

Arjan Hillebrand 
Edwin van Dellen 
Philip C. de Witt Hamer 
Martin Klein 
Geert J. Schenk 
Jeroen J.G. Geurts 
Jaap C. Reijneveld 
Martin Klein 
Linda Douw



Chapter 6 

 - 118 - 

Abstract 
Introduction 

Diffuse gliomas have local and global effects on neurophysiological brain functioning, 

which are often seen as ‘passive’ consequences of the tumor. However, seminal 

preclinical work has shown a prominent role for neuronal activity in glioma growth: 

mediated by neuroligin-3 (NLGN3), increased neuronal activity causes faster glioma 

growth. It is unclear whether the same holds true in patients. Here, we investigate 

whether lower levels of oscillatory brain activity relate to lower NLGN3 expression and 

predict longer progression free survival (PFS) in diffuse glioma patients. 

 

Methods  
Twenty-four newly diagnosed patients with diffuse glioma underwent 

magnetoencephalography and subsequent tumor resection. Oscillatory brain activity 

was approximated by calculating broadband power (0.5-48 Hz) of the 

magnetoencephalography. NLGN3 expression in glioma tissue was semi-quantitatively 

assessed by immunohistochemistry. Peritumor and global oscillatory brain activity was 

then compared between different levels of NLGN3 expression with Kruskal-Wallis 

tests. Cox proportional hazards analyses were performed to estimate the predictive 

value of oscillatory brain activity for PFS. 

 

Results  
Patients with low expression of NLGN3 had lower levels of global oscillatory brain 

activity than patients with higher NLGN3 expression (P<0.001). Moreover, lower 

peritumor (hazard ratio 2.17, P=0.008) and global oscillatory brain activity (hazard 

ratio 2.10, P=0.008) predicted longer PFS. 

 

Conclusions  
Lower levels of peritumor and global oscillatory brain activity are related to lower 

NLGN3 expression and longer PFS, corroborating preclinical research. This study 

highlights the important interplay between macroscopically measured brain activity 

and glioma progression, and may lead to new therapeutic interventions in diffuse 

glioma patients. 
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Introduction 
Gliomas are primary brain tumors originating from (precursors of) glial cells. Most 

gliomas in adult patients are characterized by diffuse infiltration of tumor cells in the 

surrounding brain parenchyma. These so-called diffuse gliomas have widespread effects 

on neurophysiological functioning as measured with magnetoencephalography (MEG) 

and electroencephalography (EEG): both increased low frequency activity (I. Bosma 

et al., 2008; De Jongh et al., 2003) and altered synchronization of activity (Bartolomei 

et al., 2006a, 2006b; Guggisberg et al., 2008), which is commonly referred to as 

functional connectivity, have been reported. Moreover, particularly altered functional 

connectivity has deleterious correlates: glioma patients with higher delta (0.5-4Hz) 

and/or theta (4-8Hz) band connectivity show poorer cognitive performance (I Bosma 

et al., 2008; Bosma et al., 2009; van Dellen et al., 2012a), and more often suffer 

from epileptic seizures (Derks et al., 2014; Douw et al., 2010).  

 

Emerging evidence shows that the relationship between altered neurophysiological 

functioning and glioma is more reciprocal than previously thought. A series of in vivo 

and in vitro animal experiments show that increased neuronal spiking of neurons 

surrounding the tumor significantly enhances tumor growth. Neuroligin-3 (NLGN3), a 

cell adhesion protein on the postsynaptic membrane that is secreted through neuronal 

activity, is identified as a key contributor to this process (Venkatesh et al., 2015). 

More recently, it is shown that blocking the release of NLGN3 results in diminished 

tumor growth in animal models of high-grade glioma (Venkatesh et al., 2017).  

 

The relation between neuronal activity, NLGN3 expression and tumor progression has 

not been established in a clinical population of patients with diffuse glioma, which 

hampers clinical exploitation of these obtained fundamental insights. Therefore, we 

investigated oscillatory brain activity, operationalized as broadband MEG oscillatory 

power (Manning et al., 2009). MEG measures the activity of large populations of 

neurons oscillating in synchrony and is a non-invasive technique to measure neuronal 

activity (Hamalainen et al., 1993). Moreover, NLGN3 expression was assessed through 

immunohistochemistry of resected glioma tissue. We hypothesized that patients with 

lower peritumor and global levels of oscillatory brain activity have lower NLGN3 

expression and a longer progression free survival (PFS) than patients with higher levels 

of oscillatory brain activity. 
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Methods 
Patients 

Patients visiting the VUmc CCA Brain Tumor Center Amsterdam with suspected de 
novo diffuse glioma between 2010 and 2012 were could participate. Part of this cohort 

has been described previously (Carbo et al., 2017; van Dellen et al., 2012b, 2014). 

Inclusion criteria were (1) age over 17 years old, (2) histopathologically confirmed 

World Health Organization (WHO) 2007 grade II, III or IV diffuse glioma (Louis et 

al., 2007), (3) at least one seizure (ensuring homogeneity of the cohort in terms of 

tumor-related epilepsy), and (4) ability to complete neuropsychological testing (data 

not used in this study). All patients underwent (sub)total tumor resection (as 

investigated by manual segmentation of remnant tumor tissue using anatomical 

imaging [LD]), with all patients having at least 76% of the glioma volume resected. 

Because of low variation in this cohort, extent of resection was not further explored 

as a covariate. Patients with prior neurological and psychiatric diseases or previous 

craniotomies were not eligible for this study. 

 

Tumor progression was based on agreement within the multidisciplinary tumor board 

of the VUmc CCA Brain Tumor Center Amsterdam taking radiological and clinical 

information into account. Time to progression was counted from the date of the 

preoperative MEG in weeks. Patients without progression within the follow-up time 

frame (June 2017) were censored as of their last contact date. 

 

In addition, 24 sex- and age-matched healthy controls were included to normalize 

oscillatory brain activity. This study was approved by the ethical review board of the 

VU University Medical Center, informed consent was obtained from all individual 

participants included in the study. 

 

Magnetoencephalography 

Oscillatory brain activity was measured non-invasively by MEG (Hamalainen et al., 

1993). The average time between MEG recording and surgery was 8.4 weeks. 

Recording and preprocessing methods have been published before (Carbo et al., 2017; 

van Dellen et al., 2014, 2013) and are explained in detail in the supplementary 

material. In short, patients underwent a 5-minute eyes-closed resting state recording 

using a 306-channel MEG system (Elekta Neuromag Oy, Helsinki, Finland). Patients’ 
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anatomical MRIs were co-registered to the MEG and 78 cortical parcels were selected 

for analyses (Gong et al., 2009; Tzourio-Mazoyer et al., 2002). The MEG time-series 

were then reconstructed using a scalar beamformer implementation (Elekta Neuromag 

Oy, version 2.1.28). As a non-invasive measure of neuronal activity, we calculated 

broadband (0.5-48 Hz) oscillatory power (Manning et al., 2009). 

 

 
Fig. 1.  Tumor mask, cortical areas and 
NLGN3 immunohistochemistry. 
Example of tumor mask, peritumor and 
global oscillatory activity regions (a-d): 
(a) indicates an exemplar T1 weighted 
scan (post gadolinium) with low-grade 
glioma in the left frontal region, (b) 
depicts the manually segmented tumor 
mask (dark blue) and peritumor area 
(light blue), (c) displays the 78 cortical 
areas used to calculate global oscillatory 
brain activity in color, and (d) contains 
the atlas regions that fall within the 
tumor and surrounding tumor area used 
to calculate peritumor oscillatory brain 
activity. Examples of tissue expressing 
neuroligin-3 (e-h): (e) hippocampus 
with moderate to strong staining of 
neuronal cell bodies and their processes, 
(f) low NLGN3 expression outside the 
cell nuclei, (g) moderate NLGN3 
expression especially in tumor cell 
cytoplasm, and (h) high NLGN3 
expression with strong staining of tumor 
cells as well as extensive staining of 
neuropil in between. A anterior, I 
inferior, L left, NLGN3 neuroligin-3, P 
posterior, R right, S superior. 
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Peritumor, global, and non-tumor oscillatory activity 

MR images were used to manually draw the tumor (L.D.; Fig. 1a) to create a MRI 

tumor mask (Derks et al., 2017).  Next, the tumor mask was dilated two times with 

the default FSL kernel (Fig. 1b). The 78 atlas regions were projected onto patients’ 

individual scans (Fig. 1c). The average broadband power of regions overlapping with 

the dilated tumor mask formed a ‘peritumor’ oscillatory activity measure per patient 

(Fig. 1d). Global oscillatory activity was calculated by averaging the absolute power 

values of all 78 regions per patient. Non-tumor oscillatory activity was determined by 

averaging the absolute power values of all regions except those within the dilated 

tumor mask. In order to compare these values across patients, individual values for 

peritumor, global and non-tumor oscillatory activity were converted to z-scores using 

the absolute power values of the entire patient cohort. For global oscillatory power 

only, z-scores were also calculated based on the values of the healthy controls, in order 

to allow for comparison of the hazard ratio associated with higher levels of oscillatory 

activity as compared to healthy levels.  
 

Tissue micro array and immunohistochemistry 
Glioma tissue acquired during surgery (inspected by J.D. and P.W.), was processed in 

a tissue micro array (TMA) with 0.6 mm diameter cores and sections were stained 

for NLGN3 by immunohistochemistry (see supplementary material; Fig. 1e-h). In line 

with information of the protein atlas 

(https://www.proteinatlas.org/ENSG00000196338-NLGN3/tissue), examination of 

the NLGN3-stained slides revealed abundant expression in neurons. A section of 

hippocampal tissue was therefore used as positive control (Fig. 1e). Three 

investigators (J.D., J.J.G.G., G.J.S.) semi-quantitatively assessed the NLGN3 

staining. For each patient, the core with representative, viable tumor tissue with the 

highest NLGN3 expression was used for classification of the patients in the low, 

moderate or high NLGN3 expression group. To classify the cores into low, moderate 

or high NLGN3 expression, both the intensity and surface area of DAB positivity in 

the cytoplasm of all cells, as well as DAB in the neuropil were considered (Fig. 1f-h). 

Some aspects of the samples were not taken into account since they might not 

accurately represent glioma tissue or NLGN3 expression. These exclusions concerned 

(1) tissue containing large necrotic areas, (2) tissue without proper quality due to 

mechanical or technical difficulties, (3) tissue with ample preexistent grey matter (as 
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neuronal cell bodies contain high amounts of NLGN3). Furthermore, staining of the 

nuclei was ignored because variable and sometimes strong nuclear staining was present 

in many tumor cores as well as in non-neoplastic tissue samples and may represent 

non-specific staining because NLGN3 protein can be expected to be located outside 

the cell nuclei. 

 

In order to retrospectively assess the isocitrate dehydrogenase (IDH) mutational status 

of the samples used for this study the TMAs were also immunohistochemically stained 

for the IDH1 R132H (dilution 1:1250, mouse monoclonal, clone H09; dianova GmbH, 

Hamburg, Germany) mutant protein (a simple, routinely used immunohistochemical 

tool for detection of about 90% of all IDH-mutant gliomas). 

 
Possible confounders of oscillatory brain activity and progression free survival 
Several factors may influence oscillatory activity and/or PFS and were included as 

confounders. For PFS these possible confounders were WHO 2007 tumor grade (grade 

II or grade III-IV) (Louis et al., 2007; Pignatti et al., 2002; Stupp et al., 2005), 

Karnofsky performance status (KPS) (≤ 80 or ≥ 90) (Chang et al., 2008), and age 

(over or under 40 years) (Pignatti et al., 2002).  Regarding molecular information, 

IDH1 mutation status is an important prognostic factor and was investigated as a 

confounder (Ceccarelli et al., 2016). Moreover, in the case of an IDH-mutant glioma, 

the absence or presence of 1p/19q codeletion holds additional prognostic information 

(Ceccarelli et al., 2016). In a subset of this cohort, 1p/19q codeletion was determined 

using loss-of-heterozygosity analysis for clinical purposes. Of note, according to the 

revised fourth edition of the WHO classification of CNS tumors (published in 2016), 

diffuse gliomas can be classified in three groups: (1) IDH-mutant with 1p/19q 

codeletion (‘canonical’ oligodendrogliomas; most favorable prognosis), (2) IDH-

mutant but 1p/19q-non-codeleted (intermediate prognosis), and (3) IDH-wildtype 

(poorest prognosis, often glioblastomas (GBM)) (Louis et al., 2016; Wesseling and 

Capper, 2018). IDH1-mutant astrocytoma patients without assessment of 1p/19q 

status were retrospectively labeled as 1p/19q-non-codeleted. Other confounders that 

were explored were adjuvant treatment (radiotherapy plus chemotherapy, radiotherapy 

alone, or no adjuvant treatment), tumor histology (oligodendroglioma, 

oligoastrocytoma, astrocytoma), midline crossing of the tumor (i.e. bilateral 

localization) and tumor diameter (diameter ≤6 cm or >6 cm in any direction) (Chang 
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et al., 2008; Pignatti et al., 2002). We also considered localization in eloquent areas, 

i.e. areas that if resected would result in loss of function, as a confounder of PFS 

(Chang et al., 2008). Furthermore, oscillatory brain activity may be influenced by age 

(continuous) (Puligheddu et al., 2005; Vlahou et al., 2014), tumor volume (De Jongh 

et al., 2003) and patients’ head size (based on MRI using SIENA from the FSL 

toolbox), as larger heads are usually closer to the sensors (Hamalainen et al., 1993). 

Finally, sex was also investigated as a confounder. 
 
Statistical analyses 

Statistical analyses were performed using the PASW Statistics package (version 

22.0.0.0, SPSS Inc., Chicago, IL, USA) and Matlab (version R2012.a, Mathworks, 

Natick, MA, USA). Peritumor, global, and non-tumor oscillatory brain activity were 

normally distributed, tested by Kolmogorov-Smirnov tests (P<0.05). A Student’s t-

test was used to test differences in global oscillatory brain activity between patients 

and healthy controls. To test differences in peritumor, global and non-tumor 

broadband oscillatory brain activity levels between the NLGN3 expression groups, 

three Kruskal-Wallis tests were performed, each followed by three post hoc Mann-

Whitney U pairwise comparisons. 
 

Cox proportional hazards models were used to test whether peritumor, global (z-scores 

based on the distribution of the patients as well as on the distribution of the control 

cohort), non-tumor broadband oscillatory brain activity and NLGN3 expression were 

significant predictors of PFS.  
 

Leave-one-out and permutation analyses were performed to validate the results 

regarding global broadband oscillatory activity and PFS. For the leave-one-out 

analyses, 24 Cox proportional hazard models were computed, each time excluding one 

patient from the entire cohort of 24 patients. For the permutation analyses, global 

oscillatory brain activity values were randomly shuffled between patients 1000 times, 

after which P-values for the Cox proportional hazard model were obtained for each 

permutation separately. From these analyses, a cohort-specific distribution of P-values 

was created. The experimental P-value was tested against this distribution with a 0.05 

alpha cut-off.  
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Additionally, eleven multivariate models were created to test the effect of possible 

confounders. Each model included global broadband oscillatory brain activity with one 

covariate, due to the small sample size. 

 

A significance level of .05 (two-tailed) was used.  
 

Results 
Patient characteristics 
Twenty-four glioma patients with a mean age of 39±10.53 (SD) years were included 

(Table 1).  Sixteen patients had a WHO grade II and six patients a WHO grade III 

diffuse glioma, while in two patients the diagnosis was GBM (astrocytoma WHO grade 

IV). In 21 patients, IDH1 mutation status was known and for nine patients 1p/19q 

codeletion information was available. Five patients had an IDH1-mutant astrocytoma 

and were, based on that information, classified as having no 1p/19q codeletion. This 

yielded four patients with an IDH1-mutant, 1p/19q-codeleted tumor, seven patients 

with an IDH1-mutant, 1p/19q-non-codeleted tumor, and six patients with most likely 

an IDH-wildtype tumor (see Table 1). Seventeen patients showed progression within 

the follow-up timeframe, with a median PFS of 87±86 weeks. Global oscillatory brain 

activity did not differ between healthy controls and patients (t(46)=-0.74, P=0.465). 

 

Expression of NLGN3 is associated with oscillatory brain activity 
Expression of NLGN3 could be determined in 21 patients, since tissue of three patients 

was unavailable. Twelve patients were classified as having low expression of NLGN3, 

six patients had moderate expression and three patients had high expression.  
 

Peritumor (H(2)=9.07, P=0.011), non-tumor (H(2)=9.09, P=0.011) and global 

(H(2)=11.13, P=0.004) oscillatory brain activity levels were significantly different 

according to NLGN3 expression (Fig. 2). Together, these results indicate that not 

only activity of the tumor region, but also global activity (with and without the tumor 

included) associates with NLGN3 expression. Post-hoc analyses showed that patients 

with moderate NLGN3 expression had significantly higher levels of peritumor (U=7, 

P=0.005), global (U=2, P<0.001) and non-tumor (U=5, P=0.002) oscillatory brain 

activity than patients with low NLGN3 expression. Levels of peritumor (U=0, 

P=0.025) and global (U=1, P=0.048) oscillatory brain activity between patients with 
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high NLGN3 expression and moderate NLGN3 expression were also significantly 

different: oscillatory activity was lower in the three patients with the highest expression 

levels. 

 

 
Fig 2. Z-scores of global oscillatory activity in the three NLGN3 expression groups. Patients 
with lowest NLGN3 expression showed the lowest global oscillatory activity. NLGN3 neuroligin-
3. 
 

NLGN3 expression (low and moderate only) was not a predictor of PFS (Hazard Ratio 

(HR) 0.54, 95% confidence interval (CI) 0.17–1.7, P=0.300). 

 
Oscillatory brain activity predicts progression free survival 

Univariate Cox proportional hazard models revealed a significant hazard ratio of 

peritumor (HR 2.17, CI 1.23-3.85, P=0.008), global (HR 2.10, CI 1.22-3.63, 

P=0.008) and non-tumor (HR 2.05, CI 1.18-3.58, P=0.011) oscillatory brain activity 

for PFS, indicating that lower levels of oscillatory brain activity were associated with 

longer PFS. The latter result was replicated by the leave-one-out analyses, with P-

values ranging between 0.004-0.036, and remained significant when creating a sample-

specific P-value distribution through permutation analyses. Furthermore, comparable 

results were found using z-scores based on the mean and SD of healthy controls (HR 

1.93, CI 1.19–3.13, P=0.008). To visualize this difference in PFS for different levels 

of global oscillatory brain activity, we applied a median split on the global oscillatory 
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activity values and created Kaplan Meier curves for low and high levels of oscillatory 

brain activity (Fig. 3, Supplementary Table S1). 

 

The high oscillatory brain activity group included the two GBM patients, which may 

have skewed these analyses. We therefore repeated the Cox proportional hazard 

analysis for global oscillatory activity and PFS without the two GBM patients, which 

yielded comparable results (HR 2.12, CI 1.20-3.79, P=0.010). 

 

 
 
Fig. 3 Kaplan Meier survival curves. Patients with low global oscillatory brain activity (N=12, 
black line) had longer progression free survival than patients with high global oscillatory brain 
activity (N=12, grey line), based on a median split of the entire cohort. 

 

Confounding factors do not influence the predictive value of global oscillatory activity 
for PFS 
Global oscillatory activity remained a significant predictor of PFS in all analyses when 

taking several confounders into account (Table 2). Three confounders (almost) 

reached significance in addition to global oscillatory activity: molecular status was a 

trend level predictor of PFS (HR 2.33, CI 0.99–5.51, P=0.054), tumor histology (HR 

2.23, CI 1.03–4.82, P=0.041) and tumor volume was a significant predictor of PFS 

(HR 1.02, CI 1.00–1.04, P=0.019). Of note, only six patients had a tumor located in 

an eloquent area, and radiologically none of the patients had a tumor crossing the 

midline. 
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Table 2 Influence of possible confounders 

Confounders  Global oscillatory activity  Confounder 

   HR CI P-value  HR CI P-value 
Age(≤ 40)  2.40 1.33 - 4.36 0.004**   2.20 0.78 - 3.22 0.138 
Age (years continuous)  2.33 1.31 - 4.13 0.004**   0.97 0.93 - 1.02 0.210 
Gender  2.49 1.35 - 4.61 0.004**   0.44 0.13 - 1.47 0.183 
KPS (≤ 80)  2.04 1.17 - 3.58 0.013*   0.49 0.06 - 3.88 0.497 
WHO grade  2.05 1.17 - 3.59 0.013*   1.23 0.39 - 3.93 0.723 
Histology  2.37 1.32 – 4.25 0.004**  2.23 1.03 – 4.82 0.041* 
IDH1 mutation status (N=18)  2.13 1.14 - 3.97 0.018*   2.10 0.66 - 6.69 0.209 
IDH1 mutation status combined with 
1p/19q codeletion (N=18)  

2.88 1.14 - 7.28 0.025*  2.33 0.99 - 5.51 0.054 

Adjuvant treatment  2.09 1.17 – 3.74 0.013*  1.02 0.52 – 2.00 0.958 
Tumor volume (cmᶾ)  2.29 1.33 - 3.93 0.003**   1.02 1.00 - 1.04 0.019* 
Tumor diameter (> 6 cm)  2.02 1.16 - 3.51 0.013*   0.68 0.26 - 1.82 0.445 
Eloquent area  2.28 1.28 - 4.06 0.005**   0.52 0.17 - 1.60 0.256 
Head size   2.23 1.24 - 4.01 0.007**   1.16 0.69 - 1.93 0.580 

Results of Cox proportional hazard models for the eleven separate multivariate analyses using 
global oscillatory activity combined with each of the confounders. CI 95% confidence interval, 
HR hazard ratio, KPS Karnofsky performance status, WHO World Health Organization. * 
P<0.05, ** P<0.01. 

 

Discussion 
Lower peritumor oscillatory brain activity was associated with lower NLGN3 expression 

and was predictive of longer PFS in a cohort of newly-diagnosed diffuse glioma 

patients. The predictive value of oscillatory brain activity was valid in the peritumor 

region, corroborating previous work performed in an animal model of glioma 

(Venkatesh et al., 2015). Moreover, the same results were obtained for activity across 

the entire brain, extending the current knowledge base on this interesting association 

between activity, NLGN3 and ultimately survival. 
 
Neuroligin-3 is a tumor growth promoting protein and is secreted through neuronal 

activity and induces NLGN3 expression in glioma cells (Venkatesh et al., 2017, 2015). 

NLGN3 is not only secreted through neuronal spiking, but also by activity of 

oligodendrocyte precursor cells (Zhang et al., 2014). However, only NLGN3 secreted 

through neuronal spiking has been shown to promote glioma growth (Venkatesh et 

al., 2017). This emphasizes the specificity of brain activity in relation to NLGN3 

expression, as corroborated by the association between oscillatory brain activity and 

NLGN3 expression in our study. As hypothesized, patients with lower expression levels 

of NLGN3 showed lower levels of oscillatory brain activity than patients with higher 

expression levels of NLGN3. 
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Contrary to our expectations, patients with the highest NLGN3 expression levels did 

not show the highest oscillatory brain activity levels and could be due to sampling 

issues. Conversely, this could be the result of some sort of inverted U-shape in the 

association between global oscillatory activity and NLGN3 expression, or of a 

particular subtype of glioma in this group. Interestingly, two patients with the highest 

NLGN3 expression had a histological diagnosis of WHO grade III oligodendroglioma, 

and one can speculate that in these tumors the NLGN3 expression level is relatively 

high irrespective of the level of NLGN3 that is released by neuronal activity (Kamoun 

et al., 2016). However, the fact that this group with the highest expression only 

contains 3 patients precludes drawing firm conclusions for this particular category.  
 

Our results suggest that broadband oscillatory activity may indeed be used as an 

operationalization of neuronal activity in the context of glioma, for instance to monitor 

tumor growth. One should keep in mind though that MEG does not measure action 

potentials directly, but assesses post-synaptic potentials that are indirectly related to 

neuronal spiking. This means that we cannot be sure that our findings are specific to 

neuronal spiking. Nevertheless, MEG oscillatory activity remains the most direct non-

invasive measure of neuronal activity available at this time (Hamalainen et al., 1993), 

and should be further explored as a tool for prognostic purposes. 

 

In addition, our results suggest that (global) brain activity may be a viable treatment 

target in glioma, possibly in addition to inhibition of NLGN3 secretion (Venkatesh et 

al., 2017). For instance, anti-epileptic drugs diminish neuronal excitability and might 

therefore slow down tumor growth: several studies have shown survival benefits in 

GBM patients on anti-epileptic drugs (Barker et al., 2013; Kerkhof et al., 2013; Kim 

et al., 2015; Weller et al., 2011), although a recent meta-analysis did not confirm this 

association (Happold et al., 2016). Of course, the beneficial effect might be dose 

dependent (Redjal et al., 2016). Additionally, the effect may relate to individual 

differences in the previously unknown and unmeasured levels of neuronal activity, for 

which we here describe a possible biomarker that may be validated as such in future 

work. 

 

Of note, the patient cohort in this study does not fully represent the diffuse glioma 

population in general. This is probably due to the participation bias, patients had to 
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be in a relative good condition in order to be able to undergo MEG and 

neuropsychological testing. Patients included in our study had a generally high KPS, 

more frequently a low grade diffuse gliomas, and were relatively young. Another point 

of discussion is that NLGN3 may well be expressed in a heterogeneous manner in the 

glioma tissue (Patel et al., 2014). Considering the glioma tissue on the TMA, sampling 

a small area of the tumor might result in inaccurate estimates of expression levels.  

In conclusion, lower levels of oscillatory brain activity are associated with lower NLGN3 

expression and predict longer PFS. Our study highlights the relevance of neuronal 

activity for tumor progression in a clinical glioma population, and could be a next step 

towards improved prognosis and additional treatment strategies. 
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The impact of glioma on brain functioning 
Neural network alterations underlie cognitive deficits in brain tumor patients 

In the review in chapter 2 previous research regarding brain connectivity and networks 

in brain tumor patients and its relation to cognitive functioning is elaborately 

discussed. Glioma patients suffer from cognitive deficits, regardless of tumor grade or 

location and have a general character. Brain networks can be extracted from either 

functional or anatomical connections between brain areas and overarching network 

patterns can be investigated. Important brain network features are local specialization, 

operationalized by local clustering, and global integration or path length. Glioma 

patients show network disturbances which relate to their cognitive problems. 

Furthermore, changes in network topology in response to oncological interventions, 

particularly tumor resection, go hand in hand with cognitive outcome. 

 

Understanding global network alterations in glioma patients 
Neurophysiological network changes in glioma patients are characterized by an 

increase in global clustering in the theta frequency band (4-8Hz), indicating that 

neighboring brain regions are stronger connected. However, little is known about local 

network properties. We therefore investigated: 1) global clustering in glioma patients 

and healthy controls (HCs); 2) local clustering of tumor and non-tumor regions in 

patients and comparable regions in HCs; 3) clustering abnormalities in relation to 

distance from the tumor; and 4) characteristics of patients showing high global 

clustering, such as age, IDH mutation status and tumor location. Corroborating 

previous studies, glioma patients showed higher global clustering in comparison to 

HCs. Within glioma patients, tumor regions were more clustered than non-tumor 

regions, but this difference was no longer significant when taking intrinsic regional 

variance in local clustering into account. However, the location of the tumor was 

associated with tumor clustering; tumors occurred more frequently in higher clustered 

regions. Furthermore, local clustering was not associated with Euclidean distance from 

the tumor. Interestingly, despite a more frequent occurrence of glioma in regions 

characterized by higher local clustering, it seemed that tumors of patients with the 

largest increase in global clustering (top 25%) were located in regions with normally 

low clustering. This could indicate that gliomas that do occur in low clustering regions 

may disrupt the global brain network to a larger extent than tumors that occur in 

normally more clustered regions. 
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Connectomic profile and clinical phenotype in newly diagnosed glioma patients 

Gliomas impact brain functioning on a global level. However, an extensive investigation 

of glioma-related functional connectomic profiles is lacking. Therefore, functional brain 

networks were constructed using functional MRI and the frequency distributions of 

functional connectivity values were calculated to determine overall connectomic 

profiles and quantitative features of these distributions. Patients showed flatter and 

broader connectivity distributions compared to healthy controls. On a spatial level 

connectivity was mainly affected in hub regions; glioma patients showed increased 

connectivity between hub regions and non-hub regions compared to healthy controls, 

while connectivity between non-hub regions was similar in patients and healthy 

controls. Connectivity between hub regions and non-hub regions differed according to 

tumor grade, while relating to Karnofsky performance status and glioma progression. 

These results reveal the potential of using connectomics as a possible future biomarker 

in glioma patients, however additional research is required. 

 

Understanding cognitive functioning in glioma patients: The relevance of IDH-

mutation status and functional connectivity 
A prominent marker for survival in glioma patients is isocitrate dehydrogenase (IDH) 

mutation (IDH‐mut). Patients with IDH‐mut glioma are generally younger, have a 

better prognosis and cognition but more often suffer from epilepsy compared to 

patients without an IDH mutation (IDH‐wt). In this study we investigated if functional 

connectivity as measured with MEG differed between patients with and without an 

IDH mutation and how this relates to cognitive functioning in these patients. The 

results showed that global functional connectivity in the alpha band was lower in 

patients with IDH‐wt glioma compared to patients with IDH‐mut glioma. Moreover, 

having lower functional alpha connectivity related to poorer cognitive performance in 

patients, regardless of age, education, and presence of epilepsy. 

 

The impact of brain functioning on glioma 
Oscillatory brain activity associates with neuroligin-3 expression and predicts 

progression free survival in patients with diffuse glioma 
The local and global effects of gliomas on neurophysiological brain functioning are 

often seen as ‘passive’ consequences of the tumor. However, seminal preclinical work 

has shown a prominent role for neuronal activity in glioma growth: mediated by 
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neuroligin-3 (NLGN3), increased neuronal activity causes faster glioma growth. It is 

unclear whether the same holds true in patients. We hypothesized that broadband 

oscillatory power as measures with MEG, a proxy for neuronal activity, could predict 

progression free survival in glioma patients. Our results showed that broadband 

oscillatory power indeed predicted progression free survival, even when correcting for 

essential predictors of progression. Furthermore, we semi-quantitatively assessed 

NLGN3 protein expression in resected tumor tissue and showed that lower oscillatory 

brain activity is associated with lower NLGN3 expression. This study highlights the 

important interplay between macroscopically measured brain activity and glioma 

progression, and may lead to new therapeutic interventions in diffuse glioma patients.
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The general objective of this thesis is twofold: 1) describing the impact of glioma on 

brain functioning by investigating local and global network clustering, hub functioning 

and functional connectivity in relation to cognition and molecular subtypes of glioma, 

and 2) investigating the impact of brain activity on glioma by researching the 

association between oscillatory brain activity, glioma progression and protein 

expression. In this chapter, an in depth discussion on the main objectives will follow.  
 

The impact of glioma on brain functioning 
Glioma patients display altered global network clustering 
The impact of glioma on brain functioning is evident in the increase in global clustering 

in patients compared to healthy controls, as shown in chapter 3. Increased global 

clustering in glioma patients was already presented in the studies reviewed in chapter 

2 (Derks et al., 2014) but has not been validated in a patient cohort this large (N=71). 

Furthermore, this study found no evidence that the increase in global clustering in 

glioma patients is due to increased local clustering of the tumor region, nor were 

tumor distance-dependant abnormalities of local clustering visible. Instead, this study 

reports on widespread increases in local clustering in a subset of patients with high 

global clustering, suggesting that the entire functional brain network is diffusely altered 

in these patients. 

 

It appeared that the average age of patients with increased global clustering was 

younger. In general, younger patients presenting with a glioma are more likely to have 

an oligodendroglioma or an isocitrate dehydrogenase (IDH) mutated astrocytoma. 

Thus, possibly revealing a specific molecular subtype of glioma prone for displaying 

increased global clustering. However, in our study, patients with increased global 

clustering did not more often have an oligodendroglioma or IDH-mutated astrocytoma. 

Further research is necessary to investigate whether patients with a specific molecular 

profile are more likely to display increased global clustering. A younger age in patients 

with increased global clustering might also be associated with plasticity of the brain. 

Plasticity is a term that is widely used but in general implicates the ability of the brain 

to alter neuronal processes after a lesion or other brain abnormalities. This adaptive 

ability of the brain is thought to be larger in younger people (Lu et al., 2004) and 

could hypothetically underlie the findings of a younger age in patients with increased 

global clustering, since they deviate the most from the healthy controls. However, 
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these network alterations may not be beneficial in this particular patient population, 

since higher global clustering has been associated with poorer cognitive performance 

and epilepsy in the glioma population (van Dellen et al., 2012; Wang and Meng, 2016). 

The presence of epilepsy did not significantly differ between the two groups in our 

study, however the frequency of seizures and the type of seizures were not investigated 

in this study. 

 

Chapter 3 also highlights differences in tumor location between the patients with 

normal global clustering and patients with increased global clustering; tumors in 

patients with high global clustering seemed to be more often located in regions with 

lower clustering in the healthy brain network. This finding may thus indicate that 

tumors occurring in less clustered regions, disrupt global network functioning to a 

larger extent than tumors occurring in normally more clustered regions. Or inversely, 

when the damaged region is part of a local cluster of highly interconnected nodes, 

these regions could be able to provide protection against global propagation of 

damage. This idea is supported by a modelling study in which typical brain activity of 

patients with cerebral lesions was simulated. Lesions in regions with low local clustering 

resulted in a larger disruption of global functional connectivity, compared to lesions 

occurring in highly clustered regions (van Dellen et al., 2013b). Perhaps regions with 

high clustering are able to ‘buffer’ more than low clustered regions, thereby reducing 

the effect of damage. However, these results should be interpreted with caution, as 

the group with patients showing increased global clustering only included eighteen 

patients and results should be replicated in larger patient cohorts, though it is not 

unlikely that the location of the glioma is of influence on the disruption of the (global) 

brain network in neurological disease. In fact, this is getting increased attention in the 

field of brain networks (Aerts et al., 2016). In glioma patients, a report including three 

cases with a glioblastoma in different brain areas showed that the more hublike the 

area of the tumor was, the more the brain network was compromised (Tuovinen et 

al., 2016). 

 

In contrast to the findings that patients with increased global clustering had tumors 

located on less clustered areas compared to the rest of the cohort, chapter 3 also 

shows that in the entire cohort, tumors occurred more frequently in brain regions that 

are higher clustered in the healthy population, indicating a possible preference for 
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gliomas based on network characteristics of the specific area. Previous research in 

glioma has already shown a link between network characteristics and the location of 

the tumor. In an fMRI study, network strength (the sum of all the weights of the 

functional connections of a particular node) was correlated to glioma occurrence; 

lower network strength related to higher tumor occurrence (Numan et al., 2018). 

Interestingly this relation was not seen in patients with brain metastasis, thus seems 

specific for glioma. Though it is difficult to compare these studies since they are 

performed with different techniques to measure brain activity and different network 

measured were used, it does however points towards a relation between local network 

characteristics and glioma preference. The relation between the location of pathology 

and network characteristic has also been investigated in Alzheimer’s disease, where 

accumulation of amyloid-beta and tau coincided with the hubness of a brain area 

(Buckner et al., 2009; Cope et al., 2018; Palmqvist et al., 2017). More recently, a 

study suggested that higher functional connectivity between brain regions is associated 

with shared tau-levels, supporting the view of prion-like tau spreading facilitated by 

neural activity, instead of a preference for this pathology due to vulnerability by high 

metabolic demands (Franzmeier et al., 2019). Future research should elucidate if the 

presented preference for tumors is linked to metabolic processes or relates to activity 

related processes as described in the Alzheimer’s literature. 

 

The results in chapter 3 show the widespread impact of glioma on brain functioning, 

highlighting the complex interaction between glioma related processes and neuronal 

functioning on a macroscopic level. Future studies should focus on the clinical 

relevance of these findings to further determine the importance of the interaction 

between neuronal functioning and tumor related processes on patient functioning. 

 

Glioma patients have altered functional hub connectivity 

In chapter 4, fMRI is used to investigate connectivity differences between patients and 

healthy controls. We report on a shift in the frequency distribution (FD) of 

connectivity strength; the distribution curve of the patients is flatter and broader, as 

measured with the peak height and full width half maximum (FWHM) respectively. 

Since hub functioning is highly involved in neurological disease (Aerts et al., 2016; 

Crossley et al., 2014), we next specifically focused on hub related connections. Glioma 

patients had higher hub-nonhub connectivity, while showing decreased hub-hub 
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connectivity. Connectivity between non-hub regions did not differ between patients 

and healthy controls. These hub related alterations are in line with cascading failure 

of the network through hub regions. Increased connectivity between hubs and non-

hubs could be indicative of the initial phase of hub overload, the phase where more 

information is relayed through the hubs of the brain (Stam, 2014). This process 

continues until hubs malfunction and connectivity hypothetically will decrease in this 

chronic phase of hub overload. Malfunctioning hubs might be represented by the 

decrease in connectivity between the hubs as shown in this study. 

 

A recent study has investigated the structural connections between 78 cortical regions 

using probabilistic tractography on diffusion weighted images of 65 glioma patients 

(Douw et al., 2019), with identical regions labeled as hub or non-hub. Interestingly, 

patients also differed on a structural level from healthy controls; glioma patients 

exhibited a higher number of connections between hub and non-hub regions in the 

contralateral hemisphere. Moreover, patients also displayed higher hub-hub 

connectivity which might possibly depend on the IDH mutation status of patients; IDH 

wildtype (IDH-wt) patients showed lower contralateral hub-hub connectivity than 

patients with an IDH mutation (IDH-mut). 

 

More interesting from a clinical point of view is how these alterations in functional 

connectivity relate to patient functioning. The study in chapter 4 reports on an 

association between Karnofsky performance status (KPS, a widely used measure 

describing general functioning in patients, (Karnofsky et al., 1948)) and the peak 

position of the frequency distribution. Grade II glioma patients with a lower KPS score 

(70-80) tended to have a higher peak position than patients with higher (90 – 100) 

KPS score, indicating that the most frequently occurring connectivity value was 

highest in patients with a lower KPS. Interestingly, structural connectivity also relates 

to KPS; patients with a lower KPS had higher structural connectivity between hubs 

and non-hubs (Douw et al., 2019). Another relevant clinical measure is survival, and 

is one of the most important outcome measures for glioma patients. Chapter 4 also 

describes that patients with a glioblastoma and a more deviated connectivity profile 

had shorter progression free survival than glioblastoma patients with a less disturbed 

connectivity profile (while controlling for age, KPS and tumor volume). These results 

indicate that the extent to which the network is altered is predictive of patient 
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outcome in glioma patients. These network alterations could possibly affect local 

neuronal activity and might therefore stimulate glioma growth, as recent finding have 

revealed a causal relationship between neuronal activity and glioma progression 

through non-synaptic but also through synaptic activity between neurons and glioma 

cells (Venkataramani et al., 2019; Venkatesh et al., 2019, 2015). 

 

The study in chapter 4 again highlights the importance of investigating the interaction 

between glioma and neuronal functioning. The study shows that information on the 

functional brain network of glioma patients holds important information regarding 

patient functioning and progression. 

 

IDH-mut patients have higher functional connectivity 
Chapter 5 further discriminates between patients by reporting on differences between 

IDH-mut and IDH-wt patients regarding functional connectivity. The study shows that 

patients with an IDH mutation have higher alpha functional connectivity compared to 

IDH-wt patients, while alpha power remained comparable over groups. One possible 

explanation might relate to the metabolism of cells displaying the IDH mutation. 

Namely, these cells overexpress D2-hydroxyglutaraat, this oncometabolite is capable 

of activating NMDA receptors and thereby mimicking glutamatergic signaling (Chen 

et al., 2017). It is hypothesized that this mechanism is responsible for the higher 

incidence of epilepsy in IDH-mut patients, by increasing glutamatergic activity. 

Glutamatergic signaling also plays a role in synchronization of neuronal cell populations 

(Angulo et al., 2004; Fellin et al., 2004) and therefore might be linked to the increase 

in connectivity in these patients, since an increase in connectivity is an increase in cell 

populations firing at the same time. 

 

Cognition is related to functional connectivity in the alpha band 

In chapter 5 we also investigated the association between alpha functional connectivity 

and cognition in patients with and without an IDH mutation. As mentioned above, 

IDH-wt patients had lower functional connectivity but they also performed worse on 

cognitive tests. Moreover, alpha connectivity was positively associated with cognitive 

performance in the whole group, regardless of mutation status. The association 

between alpha connectivity and cognition has been shown before in glioma patients, 

however not in a cohort this large. A previous study reported on better cognitive 
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performance after glioma surgery coinciding with increases in alpha functional 

connectivity (van Dellen et al., 2013a). Moreover, in other diseases, alpha functional 

connectivity also seem to be positively related to cognitive performance, for instance 

in patients with diabetes (Demuru et al., 2014) as well as Alzheimer disease 

(Ranasinghe et al., 2014). Our study supports the notion that alpha functional 

connectivity is associated with cognitive processes. 

 

Previous research also showed altered structural networks between IDH-mut and IDH-

wt patients; patients with an IDH-wt glioma exhibited lower whole brain network 

efficiency and performed poorer on cognitive performance. This network analysis was 

performed on the grey matter volume covariance network and is thought to reflect 

the brain’s structural connectivity (Alexander-Bloch et al., 2013; Mechelli et al., 

2005). Moreover, the level of efficiency was a predictor for cognitive performance in 

IDH-wt and IDH-mut glioma patients. 

 

When investigating underlying neuronal correlates of differences in cognitive 

performance between patients with an IDH-mut and patients with an IDH-wt glioma 

it is important to consider that these patients differ in age and epilepsy status. Patients 

with an IDH-mut glioma are generally younger and more often have epilepsy. Age, as 

well as epilepsy are both related to cognitive performance and can affect functional 

connectivity. Therefore, we included age and epilepsy status in our analyses and 

showed that despite differences in age and epilepsy between these groups alpha 

functional connectivity relates to cognitive performance and is lower in patients with 

an IDH-wt glioma. Moreover, we also controlled for tumor volume, which was shown 

to be relevant in the study of Kesler and colleagues (Kesler et al., 2017). However, 

adding tumor volume to our analyses did not change the association between cognitive 

performance and functional connectivity. 

 

The study in chapter 5 emphasizes the relation between cognition and functional 

connectivity in glioma patients and possibly explains differences in cognitive 

functioning between patients differing in glioma molecular subtypes. These important 

insights reveal the need for further research regarding the interaction between neuronal 

functioning and glioma related processes. Further research on this topic is also needed 

to explore the possibility of altering functional connectivity in glioma patients to 
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benefit cognitive performance. However, one should be extremely cautious as 

intervening in neuronal functioning can have possible serious negative effects as there 

is also a causal link between neuronal activity and glioma growth (Venkataramani et 

al., 2019; Venkatesh et al., 2019, 2015). 

 

The impact of brain functioning on glioma progression 
The previous studies describe the interaction between glioma and brain functioning 

with a focus on the impact of glioma on brain functioning. However, the interaction 

between glioma on brain functioning is bidirectional; neuronal activity also impacts 

glioma progression. This will be discussed in the next section of this chapter and 

highlights the need for further research focusing on the bidirectional interaction 

between glioma and brain functioning. 

 

Global oscillatory activity predicts progression free survival 
In a seminal preclinical study, the causal relationship between neuronal activity and 

tumor growth was established (Venkatesh et al., 2015); by optogenetically stimulating 

neurons in the rodent brain the researchers could show that more neuronal activity led 

to faster tumor progression. This association holds very relevant information as this 

has the potential to be a new target in glioma treatment, however it was unknown 

how these results would translate to the clinical glioma population. In chapter 6 we 

could indeed verify a similar relationship which was even more supported on a 

molecular level by our immunohistochemistry results. Moreover we not only showed 

that oscillatory activity in the tumor region was associated with progression free 

survival, but was also valid for whole brain oscillatory activity. Interestingly, these 

results have recently also been verified for postoperative brain activity measurements 

(Belgers et al., 2020). 

 

When investigating a potential predictor for progression free survival one has to take 

other relevant factors also into account, especially when investigating a predictor in a 

relatively small cohort (N=24). There are many parameters that predict survival 

(Ceccarelli et al., 2016; Chang et al., 2008; Louis et al., 2016, 2007; Pignatti et al., 

2002; Stupp et al., 2005; Wesseling and Capper, 2018), and have to be included in 

the analyses to investigate any confounding effects. The most important predictor of 

survival being tumor grade, tumor type (astrocytoma or oligodendroglioma) and 



Chapter 8 

 - 154 - 

mutation status (IDH-mut or IDH-wt). The study showed that of the twelve possible 

confounders investigated, oscillatory activity remained an independent predictor of 

progression free survival. Thus, albeit a relatively small sample size this study could 

demonstrate that oscillatory activity as measured with MEG is a significant predictor 

of progression free survival. 

 

When considering the effect of neuronal activity on tumor growth it is relevant to 

explore the possibilities of lowering neuronal activity in glioma patients. In light of 

that, interesting studies have been performed investigating the effect of anti-epileptic 

drugs (which lowers the excitability of neurons) on survival in glioma patients. Multiple 

studies have shown a favorable effect of antiepileptic drugs (AED) on survival in 

patients with glioblastoma (Barker et al., 2013; Kim et al., 2015; Weller et al., 2011), 

with an increase in survival of 2 months (Kerkhof et al., 2013). However, results are 

contradicting since a large (N=1842) meta-analysis could not report a beneficial effect 

of AED, in specific valproic acid or levetiracetam, on survival in glioblastoma (Happold 

et al., 2016). One study even reported worse prognosis for grade II or grade III glioma 

patients in combination with valproic acid, while reporting on a positive dose 

dependent effect of valproic acid on survival in glioblastoma (Redjal et al., 2016). 

Thus, an effect might be dose dependent. These studies were in most cases specifically 

focusing on valproic acid since it was hypothesized that, in combination with 

temozolomide (TMZ) treatment, it would be beneficial, due to possible sensitization 

of glioma cells for TMZ with valproic acid use. Little information is available about 

other AEDs and could potentially be of interest when regarding tumor progression and 

the link with neuronal activity. However, recent studies suggest perampanel as a new 

promising target in diminishing the effect of neuronal activity on glioma progression 

by specifically blocking α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid 

(AMPA) receptor activity (Venkataramani et al., 2019; Venkatesh et al., 2019).  

 

NLGN3 expression is linked to oscillatory brain activity 

In chapter 6 we show that patients with lower expression levels of NLGN3 in tumor 

tissue also display lower broadband oscillatory activity. As stated above, these patient 

also have a more favorable progression free survival than patients with higher 

oscillatory activity. The preclinical studies of Venkatesh and colleagues (Venkatesh et 

al., 2017, 2015) showed that NLGN3 was an important protein for increases in tumor 



General discussion 

 - 155 - 

growth by activating the PI3K-mTOR pathway. Our results underline these findings 

in a clinical setting. However, the role of NLGN3 in glioma growth is not restricted to 

nonsynaptic paracrine signaling stimulating oncogenic pathways but might also play a 

role in the recently discovered synaptic interactions between neurons and glioma cells; 

a subset of glioma cells was found to possess postsynaptic structures co-localizing 

with neuronal presynapses (Venkataramani et al., 2019; Venkatesh et al., 2019).  

Glioma cells and NLGN3 knockout neurons grown in culture showed reduced co-

localization in comparison to similar experiments using wildtype neurons, establishing 

a role for NLGN3 in neuron-glioma synapses (Venkatesh et al., 2019). The post 

synaptic structures found on glioma cells display the glutamate sensitive AMPA 

receptor. AMPA receptor activation led to depolarization of the glioma cells and could 

trigger spread of electrochemical currents through an interconnected network of 

glioma cells via tumor microtubes (long and thin glioma processes forming an 

interconnected network of glioma cells through gap junctions (Osswald et al., 2015)) 

leading to glioma cell proliferation. AMPA activation was the greatest contributor to 

activity depend glioma growth in contrast to the role of potassium currents also able 

to depolarize glioma cell membranes, and nonsynaptic paracrine signaling of NLGN3. 

These important insights showed for the first time the existence of direct 

communication channels between single neurons and glioma cells and contribute to 

the incurable status of glioma. 

 

The potential clinical implications of the study in chapter 6 are substantial, even 

besides the possible treatment options already discussed. One of the implications is 

that it can add to the accuracy of prognosis. The prognosis of glioma patients is 

mainly based on histopathology, molecular tumor subtyping, radiological imaging and 

patient condition. The validation of the results in this study in a postoperative setting 

(Belgers et al., 2020) even more support the potential use of brain activity as an 

additional prognostic marker. Another potential implication of measuring brain activity 

in glioma is that it might be used to monitor disease progression. If indeed the brain 

activity that is measured on a macroscopic scale is a proxy is for the effects of neuronal 

activity on glioma progression, perhaps brain activity as measured in this study can 

detect glioma progression even before radiological or clinical progression is observed 

(Filbin and Segal, 2015). This is particularly of interest in the context of 

pseudoprogression which occurs in 10-30% of patients treated for glioma (Thust et 
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al., 2018). Diagnosing tumor progression in the first three months after treatment is 

discouraged since differentiating between glioma progression and pseudoprogression is 

difficult in this time frame (Wen et al., 2010). Especially in glioblastomas, glioma 

progression within the first three months can be significant. Therefore it is of high 

interest to investigate the possibility to monitor disease progression by measuring 

neuronal activity. From a more practical point of view, MEG measurements would not 

be considered the first choice to add to the current standard protocol of care. This is 

because MEG is costly and not widely available; in the Netherlands, only two MEG 

machines are available. However, electroencephalography (EEG) can be a feasible 

option to monitor glioma progression and is available in many hospitals. Although EEG 

measurements are more prone to artefacts, it would be of great interest to investigate 

if similar results would be obtained in terms of predicting progression free survival 

using EEG. If so, standard guidelines should be written and the use of EEG for 

monitoring glioma progression could be added to the standard glioma follow-up 

hospital visits. 

 

 
Figure 1. Gliomas induce alterations in brain functioning and vice versa. Disruptions in functional 
connectivity and network alterations are linked to poorer cognitive performance. While, brain 
functioning in terms of oscillatory activity impacts the glioma on a molecular level leading to 
glioma progression. 
 

Conclusion 
Glioma patients display a wide range of complex brain network alterations, including 

prominent changes in global network clustering and hub functioning. Glioma induced 
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disruption of brain functioning in terms of functional connectivity and network 

alterations might lead to cognitive difficulties and poorer general performance. Vice 

versa, brain functioning in terms of oscillatory activity affects gliomas on a molecular 

level leading to glioma progression in a clinical population (figure 1). The studies 

presented in this thesis show the importance of investigating the interaction between 

glioma and brain functioning. Traditionally glioma is viewed from a glioma focused 

perspective, shifting this perspective towards a focus on the interaction between 

glioma and neuronal functioning on a cellular level, as well as whole brain level, can 

result in new treatment options and a better understanding of glioma symptomatology. 
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De impact van gliomen op het functioneren van de hersenen 
Veranderingen in het neurale netwerk liggen aan de basis van cognitieve problemen bij 

patiënten met een hersentumor 
In het review in hoofdstuk 2 wordt uitgebreid besproken hoe connectiviteit in de 

hersenen in relatie staat tot cognitief functioneren. Patiënten met een glioom kunnen 

problemen ervaren met cognitief functioneren ongeacht de graad of de locatie van de 

tumor. Het hersennetwerk kan onderzocht worden vanuit een anatomisch perspectief; 

waarbij de wittestof banen in de hersenen worden weergegeven als een netwerk. Het 

hersennetwerk kan ook bekeken worden vanuit een functioneel perspectief, in dit 

netwerk zijn gebieden in de hersenen die een zelfde activatie patroon laten zien met 

elkaar verbonden. Het hersennetwerk heeft een aantal belangrijke eigenschappen zoals 

lokale specialisatie, weergegeven door lokale clustering of segregatie van het netwerk. 

Een andere belangrijke maat voor het functioneren van het hersennetwerk is de 

padlengte, hiermee wordt de globale integratie van het hersennetwerk gemeten. In 

hoofdstuk 2 komt aan bod hoe de eigenschappen van het hersennetwerk relateren aan 

de cognitieve problematiek die patiënten met een hersentumor kunnen ervaren, en hoe 

veranderingen in het netwerk na bijvoorbeeld een operatie samenhangen met cognitie.  

 

Globale netwerk veranderingen bij glioom patiënten 
Voorgaand onderzoek bij glioom patiënten toont aan dat globale clustering van het 

hersennetwerk, gemeten met magneetencefalografie (MEG), is toegenomen in de 

theta frequentie (4-8 Hz). Echter is het nog onbekend hoe deze globale toename zich 

uit op lokaal niveau. In hoofdstuk 4 zijn daarom een viertal onderwerpen onderzocht: 

1) globale clustering in glioom patiënten en gezonde proefpersonen, 2) lokale 

clustering van hersengebieden met en zonder tumor in vergelijking tot dezelfde 

gebieden bij gezonde proefpersonen, 3) lokale clustering in relatie tot de afstand van 

de tumor, en 4) demografische eigenschappen en eigenschappen van het glioom bij 

patiënten met een verhoogde globale clustering. Zoals uit vorig onderzoek al is 

gebleken hebben patiënten met een glioom gemiddeld genomen inderdaad een hogere 

globale clustering ten opzichte van gezonde personen. Daarnaast zien we bij glioom 

patiënten dat de lokale clustering in de tumorgebieden hoger is dan in hersengebieden 

zonder tumor. Dit verschil in clustering wordt echter verklaard doordat tumoren vaker 

voorkomen in hersengebieden met een intrinsiek hogere clustering. Ondanks dat 

tumoren vaker voorkomen op locaties met een hogere intrinsieke clustering, zien we 
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juist bij patiënten met de hoogste waardes voor globale clustering, tumoren in locaties 

met juist een lagere intrinsieke lokale clustering. Dit suggereert dat de locatie van het 

glioom een rol speelt bij de ernst van de verstoring van het hersennetwerk en dat juist 

tumoren in een gebied met lage intrinsieke lokale clustering het netwerk ernstiger 

kunnen verstoren dan tumoren in een gebied met hogere intrinsieke lokale clustering. 

 

Het connectoom en klinische phenotypering in patiënten met een glioom 
Zoals blijkt uit de vorige hoofdstukken hebben gliomen een globale impact op het 

hersennetwerk. In hoofdstuk 4 is het functionele hersennetwerk verder onderzocht. 

Met gebruik van MRI zijn de functionele verbindingen tussen 78 corticale gebieden in 

kaart gebracht bij patiënten met een glioom en gezonde proefpersonen. Vervolgens is 

er gekeken naar de frequentie distributie van de sterkte van de functionele 

verbindingen. De frequentie distributie van patiënten met een glioom is anders dan die 

van gezonde personen; die van patiënten met een glioom is breder en platter. 

Daarnaast is voornamelijk de connectiviteit in hub gebieden anders in patiënten; de 

connectiviteit tussen de hub gebieden en de overige hersengebieden is sterker ten 

opzichte van gezonde personen. De sterkte van connectiviteit verschilt niet tussen de 

gebieden die niet als hub zijn gemarkeerd. In deze studie kwam ook naar voren dat de 

verschillende maten die gebruikt zijn om het connectoom te kwantificeren verschillen 

per tumor graad en een voorspeller zijn voor progressie vrije overleving. De resultaten 

van deze studie laten zien dat het functionele connectoom mogelijk als biomarker 

ingezet kan worden, al is meer onderzoek noodzakelijk. 

 

De relevantie van functionele connectiviteit en IDH mutatie status voor cognitie 

Een zeer relevante marker voor de prognose in patiënten met een glioom is de 

isocitraat dehydrogenase (IDH) mutatie (IDH-mut). Patiënten met een IDH mutatie 

zijn over het algemeen jonger, hebben een betere prognose en cognitie, maar hebben 

vaker last van epilepsie ten opzichte van patiënten zonder een IDH mutatie (IDH-wt). 

In hoofdstuk 5 is onderzocht hoe de functionele connectiviteit, gemeten met MEG, 

verschilt tussen beide patiënten groepen en hoe dit samenhangt met cognitief 

functioneren. In de alpha frequentie was de functionele connectiviteit lager in patiënten 

zonder IDH mutatie. Daarnaast bleek dat een lagere alpha connectiviteit gerelateerd 

is aan een verminderd cognitief functioneren, ongeacht of de patiënt epilepsie heeft, 

de leeftijd van de patiënt of de opleiding. 
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De invloed van hersenactiviteit op het glioom 
Oscillatoire hersenactiviteit hangt samen met neuroligine-3 expressie en voorspelt 

progressie vrije overleving in patiënten met een glioom 
De lokale en globale effecten van het glioom op het neurofysiologisch functioneren 

van de hersenen zijn onder andere in dit proefschrift bestudeerd, echter is uit recent 

onderzoek ook gebleken dat neuronale activiteit het biologisch gedrag van het glioom 

beïnvloedt. Preklinische studies toonden namelijk aan dat neuronale activiteit 

tumorgroei stimuleert. Het was nog onduidelijk hoe deze preklinische resultaten 

vertaalden naar een humane patiënten populatie. Daarom is er in hoofdstuk 6 

onderzocht hoe hersenactiviteit, gemeten met MEG, relateert aan progressie van het 

glioom. Daarnaast hebben we ook naar het eiwit neuroligine-3 gekeken, dit eiwit zou 

verantwoordelijk zijn voor de activiteit gerelateerde tumor progressie. Onze resultaten 

laten inderdaad zien dat breedband oscillatoire hersenactiviteit gerelateerd is aan 

glioom progressie. Bekende voorspellers van progressie zoals leeftijd, tumor type en 

gradering waren niet van invloed op deze resultaten. Daarnaast zagen we dat de 

expressie van neuroligine-3, lager was in patiënten met een langere progressie vrije 

overleving. De resultaten geven de potentie weer om hersenactiviteit als biomarker te 

gebruiken voor glioom progressie. Daarnaast biedt het kansen om vervolg onderzoek 

te doen naar het moduleren van hersenactiviteit en het effect op glioom progressie.
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Samenvatting 
De hersenen worden steeds vaker benaderd vanuit netwerkperspectief, waarbij de 

verbindingen tussen functionele hersengebieden en hun karakteristieke patronen in 

kaart gebracht worden. Belangrijke kenmerken van het hersennetwerk zijn optimale 

integratie en segregatie (het zogeheten small-worldprincipe). Daarnaast bevat het 

hersennetwerk een aantal gebieden die een centrale rol innemen in het netwerk, de 

zogenaamde hubs. Disfunctioneren van deze hubs is in verband gebracht met veel 

neurologische aandoeningen. Op basis van de resultaten van twee recente studies 

wordt het effect gedemonstreerd van een hersenbeschadiging op het falen van 

hersennetwerken door overbelasting van hubs (hub-overload). We beschrijven hoe de 

mate van hub-overload samenhangt met cognitief functioneren en zelfs postoperatieve 

veranderingen kan voorspellen. 
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Netwerktheorie in de neurowetenschappen 
De introductie van het ‘small-worldprincipe’ (Watts and Strogatz, 1998) en de 

toepassing daarvan in de hersenen (Bullmore and Sporns, 2009; Stam, 2004) heeft 

geleid tot een nieuw onderzoeksveld binnen de neurowetenschappen. In dit veld worden 

de hersenen onderzocht vanuit het gedachtegoed van de netwerktheorie. Met 

verschillende technieken, waaronder functionele MRI (fMRI), elektro-encefalografie 

(EEG) en magneetencefalografie (MEG), worden ‘functionele’ netwerken zichtbaar 

gemaakt op basis van hersenactiviteit. De correlatie van de (de)activatie tussen twee 

hersengebieden geeft de mate van functionele verbinding weer, oftewel, hoe sterk de 

gebieden met elkaar communiceren en informatie uitwisselen (Engel et al., 1991; Gray 

et al., 1989). 

 

Twee gebieden die eenzelfde (de)activatiepatroon laten zien, zijn functioneel sterk met 

elkaar verbonden. Als er weinig correlatie is tussen de (de)activatiepatronen van 

hersengebieden, communiceren deze minder sterk met elkaar. Als men van alle 

gebieden in de hersenen de functionele verbindingen in kaart brengt, wordt een netwerk 

zichtbaar, waarvan de structuur (ofwel: topologie) onderzocht kan worden. 

 

Small-worldprincipe 
Een belangrijk kenmerk van het hersennetwerk is de al eerder genoemde small-

worldeigenschap (Watts and Strogatz, 1998). Een small-worldnetwerk is lokaal sterk 

verbonden (segregatie; fig. 1). Dit zorgt ervoor dat gebieden die betrokken zijn bij 

specifieke taken sterk met elkaar communiceren. Denk hierbij aan de hersengebieden 

die betrokken zijn bij beweging, zoals de motorcortex. Een small-worldnetwerk heeft 

ook een aantal langeafstandsverbindingen voor snelle en efficiënte 

informatieverspreiding (integratie; fig. 1). De small-worldeigenschappen van het 

hersennetwerk zijn uitgebreid aangetoond bij gezonde mensen, maar ook onderzocht 

voor een breed scala van neurologische en psychiatrische aandoeningen (Bullmore and 

Sporns, 2009; Stam, 2004). Opvallend is dat veranderingen in small-worldkenmerken 

gepaard gaan met cognitief of neurologisch disfunctioneren (Derks et al., 2014). Zo 

geldt voor mensen met een hersentumor dat een verminderde integratie van het 

globale hersennetwerk samenhangt met een slechter cognitief functioneren (Bosma et 

al., 2009; Xu et al., 2013). Daarnaast is verhoogde lokale verbondenheid geassocieerd 

met meer epileptische aanvallen (Douw et al., 2010). 
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Figuur 1. Kenmerken van het hersennetwerk. Een netwerk met small-worldeigenschappen; hoge 
lokale verbondenheid en langeafstandsverbindingen. Het netwerk bevat ook meerdere 
modules/subnetwerken die verbonden worden door een gebied met een hoge 
participatiecoëfficiënt. 

 

Hubs in het hersennetwerk 
Hubs zijn gebieden in het hersenennetwerk die een centrale rol innemen; zij hebben 

veel verbindingen met andere hersengebieden en veel communicatie verloopt via deze 

stations (van den Heuvel and Sporns, 2013). Het default mode network (DMN) en 

het frontopariëtale netwerk (FPN) bestaan uit gebieden in de hersenen die sterk met 

elkaar verbonden zijn en worden functioneel gezien als belangrijke hubs (fig. 2). Het 

DMN en FPN omvatten onder andere de gyrus cinguli posterior, de precuneus, de 

gyrus frontalis inferior en medius, en de lobulus parietalis inferior. 

 

Een andere manier om hubs te definiëren, is op basis van de participatiecoëfficiënt 

(Guimerà and Nunes Amaral, 2005). Deze maat geeft weer in hoeverre een 

hersengebied in verbinding staat met subnetwerken of modules binnen het globale 

hersennetwerk. Een hoge participatiecoëfficiënt betekent dat een gebied in verbinding 

staat met meerdere subnetwerken of modules in het netwerk (fig. 1). Een hersengebied 

met een hoge participatiecoëfficiënt is daarmee een belangrijke speler binnen het 

globale netwerk. Een lage participatiecoëfficiënt betekent dat een gebied voornamelijk 

verbonden is met gebieden die binnen het eigen subnetwerk of de eigen module vallen. 
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Figuur 2. Locatie van hubgebieden. De grotere bollen geven de gebieden van het 

Default Mode Network(DMN) en frontopariëtale netwerk (FPN) weer. De kleinere 
bollen zijn de non-hubgebieden. 
 

Hub-overload 
Disfunctioneren van hubgebieden is aangetoond bij veel neurologische aandoeningen 

(Aerts et al., 2016; Crossley et al., 2014; Stam, 2014). Bij de ziekte van Alzheimer is 

zelfs gevonden dat de kenmerkende eiwitpathologie vooral in de hubgebieden terug te 

vinden is (Buckner et al., 2009). Maar waarom zijn het nou juist de hubs die zo 

belangrijk zijn bij ziekteprocessen? Deze vraag kan worden beantwoord aan de hand 

van een recent ontwikkelde theorie, die het functioneren van het hersennetwerk 

beschrijft (Stam, 2014). Uniek aan deze theorie is dat die zich niet beperkt tot een 

enkele neurologische aandoening, maar toepasbaar is op meerdere neurologische 

aandoeningen en ziektes. Wanneer schade in de hersenen leidt tot verstoring in de 

verbindingen en regio’s in het netwerk, is de hypothese dat de stroom aan informatie 

via andere verbindingen gaat verlopen. Doordat hubs een centrale rol innemen in het 

netwerk en zij veel verbindingen hebben, zal de informatiestroom al snel langs deze 

hubs omgeleid worden. De hubs krijgen dan extra veel informatie te verwerken, terwijl 

ze mogelijk niet de capaciteit hebben om dit (langdurig) vol te houden. De hubs 

kunnen overbelast raken (hub-overload) en hun functionaliteit verliezen. Hierdoor 

neemt de integratie van alle informatiestromen af. Het disfunctioneren van het netwerk 

wordt dus in principe vooral verspreid via hubs. Dit proces gaat mogelijk gepaard met 
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verminderd neurologisch en cognitief functioneren. Bij de ziekte van Alzheimer 

bijvoorbeeld is met een computermodel onderzocht hoe de overload van hubs tot verval 

van het gehele netwerk leidt (de Haan et al., 2012). Ook experimenteel onderzoek 

met fMRI bij alzheimerpatiënten ondersteunt deze hub-overloadtheorie (Jones et al., 

2016). 

 

Een analogie van dit proces is de welbekende vertraging van het treinverkeer. Als een 

treinstel of rails defect raken, zullen treinen die over dat traject hadden moeten rijden, 

omgeleid worden om alsnog zoveel mogelijk stations aan te doen. Logischerwijs geeft 

dit meer drukte op die alternatieve trajecten en op de tussenliggende stations, 

waardoor ook daar problemen ontstaan. Uiteindelijk kan een probleem op één traject 

of station leiden tot vertragingen en uitvallende treinen door het hele land, vooral als 

het probleem bijvoorbeeld rond Utrecht Centraal is gelegen. Als we deze analogie 

toepassen op de hersenen, is het denkbaar dat een beschadiging dichtbij of in een hub 

regio sneller tot een globaal disfunctioneren leidt dan een beschadiging verder bij een 

hub vandaan. 

 

Een typisch voorbeeld van een neurologische aandoening waarbij een lokale 

beschadiging leidt tot globale netwerkschade is een glioom. Gliomen zijn de meest 

voorkomende primaire hersentumoren. De maligniteit, of kwaadaardigheid van een 

glioom hangt af van de graad van het glioom: graad II is het minst maligne en graad 

IV (glioblastoom) het meest maligne (Louis et al., 2007). Wij hebben onlangs 

onderzocht hoe het disfunctioneren van hubs betrokken is bij deze aandoening (Derks 

et al., 2017). Hiertoe zijn 71 MRI-scans van mensen met een glioom en 19 MRI-scans 

van gezonde proefpersonen onderzocht. Eerst zijn de hersenen in 78 corticale gebieden 

verdeeld, waarna de sterkte van de functionele verbindingen tussen al deze gebieden 

in kaart is gebracht. Daarna is nagegaan hoe frequent bepaalde sterktes voorkwamen. 

We weten dat bij gezonde mensen sterke, hubgerelateerde verbindingen weinig 

voorkomen en zwakke verbindingen juist vaak. Bij mensen met een glioom blijkt dat 

er meer sterke verbindingen en minder zwakkere verbindingen zijn ten opzichte van de 

gezonde proefpersonen (fig. 3). Er vindt dus een verschuiving plaats naar sterkere 

verbindingen in het netwerk, wat kan resulteren in een grotere belasting op deze 

laatste. In termen van het eerder genoemde spoorwegennet zouden we zeggen dat er 

gemiddeld genomen meer treinen zijn gaan rijden. 
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Figuur 3. Verdeling van de sterkte van functionele verbindingen. 
De verdelingvande sterktevandeverbindingenbij gezondemensen (a), en bij mensen met 

een glioom (b). Mensen met een glioom hebben meer sterke verbindingen en laten een 
minder sterke piek van zwakke verbindingen zien. 
 

Vervolgens hebben we onderzocht hoe dit verlies van differentiatie tussen sterke 

(hubgerelateerde) verbindingen en zwakke verbindingen in algemene zin samenhangt 

met het functioneren van de bekende hubgebieden in het DMN en het FPN. De sterkte 

van de hub-hubverbindingen bleek verlaagd bij mensen met een glioom, terwijl de 

verbindingen tussen de hubs en de overige gebieden juist versterkt was. De 

verbindingen tussen de non-hubgebieden verschilden niet tussen de groepen. De 

afname in connectiviteit tussen de hubgebieden duidt mogelijk op niet goed 

functionerende hubs. Dit zou voort kunnen komen uit de toegenomen connectiviteit 

tussen de non-hubgebieden en de hubs. In termen van het spoorwegennet betekent dit 

dat treinen zijn gaan omrijden, omdat ergens in het netwerk een bepaald traject 

geblokkeerd is. Doordat hubs de schakelstations zijn tussen veel steden zullen de 

treinen om gaan rijden via deze stations en daarmee de snelst mogelijke alternatieve 

route volgen naar de geplande bestemming. Doordat deze hubstations teveel treinen 

moeten verwerken, gaat het op deze hubstations ook mis, het treinverkeer tussen de 

hubstations raakt daardoor gestremd. 

 

Ten slotte hebben wij onderzocht wat deze resultaten laten zien over de eigenschappen 
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van de tumor. Mensen met een graad-II-glioom (n = 41) vertonen de grootste 

verschuiving in de distributie van de sterkte van verbindingen ten opzichte van mensen 

met een graad-III-glioom (n = 17) of een graad-IV-glioom (n = 13). Daarentegen 

vertonen mensen met een graad-IV-glioom een sterkere toename van hub-

nonhubverbindingen dan mensen met een graad-III-glioom. Dit betekent dat de 

verdeling van de sterkte van de verbindingen in het netwerk afhankelijk is van de 

maligniteit van het glioom. 

 

Samenvattend hebben mensen met een glioom verhoogde communicatie tussen 

hubgebieden en non-hubgebieden, wat een toename aan informatieverwerking voor de 

hubs kan betekenen. Daarnaast is de communicatie tussen de hubgebieden verlaagd: 

deze hubs zijn mogelijk al overbelast, waardoor informatie niet goed meer wordt 

verwerkt. 

 

Het dynamische hersennetwerk 
Tot nu toe hebben we netwerken als stationair beschouwd, maar deze kunnen ook 

dynamisch zijn. Dit zien we bijvoorbeeld terug in het spoorwegennet; in de spits rijden 

er meer treinen dan erbuiten. Als we het spoorwegennet stationair bekijken, door 

bijvoorbeeld het treinverkeer te middelen over 24 uur, verliezen we informatie over de 

dynamiek van het netwerk. Het is dus van belang om ook de dynamische informatie 

van het netwerk bij deze beschouwing te betrekken als we iets willen zeggen over het 

functioneren van het netwerk. 

 

De dynamiek van het hersennetwerk houdt in dat de sterktes van de verbindingen in 

het hersennetwerk anders zijn op verschillende tijdspunten. Het is gebleken dat een 

dynamischer netwerk positief geassocieerd is met cognitief functioneren (Jia et al., 

2014). Mensen met een hersentumor kunnen problemen ondervinden met cognitief 

functioneren (Taphoorn and Klein, 2004), met name ten aanzien van werkgeheugen, 

aandacht, snelheid van informatieverwerking en executief functioneren. Tevens kan 

een operatie die is gericht op het verwijderen van het glioom voor cognitieve 

achteruitgang zorgen (Klein et al., 2012). Het is echter nog niet duidelijk welke 

patiënten een verhoogd risico hebben op deze postoperatieve problemen. Daarom is 

de samenhang van het stationaire en dynamische netwerk met het cognitief 

functioneren voor en na een hersenoperatie onderzocht. 



Hub disfunctioneren en cognitie 

 - 181 - 

Dit is gedaan door 28 mensen met een hersenbeschadiging (met name gliomen) en 28 

gezonde proefpersonen te onderzoeken die waren gematcht op leeftijd, geslacht en 

opleidingsniveau (Carbo et al., 2017). Deelnemers kregen zowel pre- als postoperatief 

een uitgebreid neuropsychologisch onderzoek. Ook zijn pre- en postoperatief de 

functionele hersennetwerken in kaart gebracht. Een MEG kan met een hoge temporele 

resolutie (1.250Hz) hersenactiviteit meten en is daardoor erg geschikt voor het in 

kaart brengen van dynamische netwerken. Ter vergelijking: een functionele MRI meet 

de hersenactiviteit meestal één keer per 1 tot 5 seconden (dus 0,2–1Hz). Het signaal 

van de MEG-meting, in totaal 65 seconde, is opgeknipt in kleinere delen. Voor elk 

opgeknipt deel van de meting is afzonderlijk het functionele hersennetwerk in kaart 

gebracht en de participatiecoëfficiënt berekend. Deze maat geeft aan hoe sterk een 

bepaald gebied verbonden is met gebieden in andere modules of subnetwerken, en 

daarmee dus ook in hoeverre dat gebied is geïntegreerd in het gehele netwerk. 

Daarmee is de participatiecoëfficiënt een hubmaat. De stationaire hubscore is de 

gemiddelde participatiecoëfficiënt van alle deelmetingen. De dynamische hubscore 

geeft weer hoe vaak een regio een overgang maakt van een hoge hubscore (de top 

30%) naar een lage hubscore (de overige 70%) en andersom, berekend over alle 

deelmetingen. Gezamenlijk geven de stationaire en dynamische hubscores de belasting 

op de hubs van een netwerk weer: een hoge stationaire hubscore geeft aan dat een 

hub in het algemeen intensief gebruikt wordt. Als een regio daarbij ook nog een lage 

dynamische hubscore heeft, geeft dit aan dat een gebied ook nog constant intensief 

gebruikt wordt. Daardoor wordt dit gebied zwaarder belast dan gebieden met een hoge 

dynamische hubscore, die meer spreiding van de belasting hebben. In het 

spoorwegennet wordt dit principe duidelijker als we kijken naar het verschil in aantal 

treinen binnen en buiten de spits: de hubstations, zoals Utrecht Centraal, krijgen 

gemiddeld genomen het meeste treinverkeer te verwerken, zowel binnen als buiten de 

spits. De stationaire hubscore is daar dus hoog en de dynamische hubscore laag. Op 

stations met minder treinverkeer, zoals Veenendaal, is de stationaire hubscore lager, 

maar is er wel een hogere dynamische hubscore, aangezien er een groter verschil is in 

de dienstregeling tijdens de spits en daarbuiten. 

 

Terug naar het hersenonderzoek, waar een postoperatieve afname in verbaal geheugen 

samenhangt met een afname in dynamische hubscore. Een achteruitgang in cognitief 

functioneren is dus gerelateerd aan een minder dynamisch netwerk. De veranderingen 
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in verbaal geheugen worden voor maar liefst 24% verklaard door de dynamische 

hubscore. 

 

In een exploratieve analyse is meer specifiek nagegaan welke gebieden dan het sterkst 

geassocieerd zijn met de verandering in het verbaal geheugen. Uit de analyse blijkt dat 

hierbij de hubgebieden van het DMN betrokken zijn (fig. 1), maar ook corticale 

gebieden in de occipitaalkwab. 

 

We weten nu dat dynamische hubscore en cognitie samenhangen, maar kunnen we 

hiermee ook daadwerkelijk voorspellen welke patiënten achteruitgaan na operatie? Aan 

de hand van de preoperatieve MEG-meting kunnen we inderdaad postoperatieve 

veranderingen in cognitief functioneren voorspellen. Het DMN en de gebieden in de 

occipitaalkwab zijn ook hier de grootste voorspellers, maar daarnaast ook de 

hubgebieden van het FPN (fig. 1). Het predictiemodel is tot op 89% accuraat 

(sensitiviteit 60%, specificiteit 96%). Dit houdt in dat preoperatief bij 89% van de 

mensen met een hersenbeschadiging te voorspellen is of hun verbaal geheugen 

postoperatief zal zijn afgenomen. 

 

Deze studie laat zien dat de dynamica van het functionele hersennetwerk een grote 

rol speelt bij de cognitie van mensen met een glioom of een andere soort lokale 

hersenbeschadiging: minder dynamiek is gerelateerd aan een verminderd verbaal 

geheugen. De lagere dynamiek zorgt mogelijk voor een hogere load op het 

hersennetwerk, omdat verschillende hersengebieden consistent veel informatie te 

verwerken hebben. Het zijn daarbij met name de hubgebieden (DMN en FPN) die 

geassocieerd zijn met cognitieve veranderingen, wat mogelijk betekent dat de hubs 

overbelast zijn en daardoor minder goed functioneren, zoals de hub-overloadtheorie 

voorspelt. Mogelijk zijn hersennetwerken in de toekomst te gebruiken als voorspeller 

van postoperatieve cognitieve achteruitgang in de klinische praktijk, hoewel deze 

bevindingen natuurlijk eerst gerepliceerd moeten worden in grotere groepen patiënten. 

 

Conclusie 
Hubs spelen een centrale rol in het hersennetwerk. Het disfunctioneren van deze hubs 

in het geval van een beschadiging aan de hersenen kan beschreven worden met de 

hub-overloadtheorie. Hubs kunnen overbelast raken door een toename aan informatie 
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die zij moeten verwerken. Daarnaast vindt er in het veld van de netwerktheorie in de 

neurowetenschappen een transitie plaats van het beschrijven en begrijpen van 

netwerkprocessen in de hersenen naar meer concrete klinische implicaties, zoals de 

voorspellende waarde van de hubload op postoperatieve cognitieve veranderingen. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix 

 - 184 - 

Literatuur 
Aerts, H., Fias, W., Caeyenberghs, K., Marinazzo, D., 2016. Brain networks under attack: 

robustness properties and the impact of lesions. Brain 139, 3063–3083. 

Bosma, I., Reijneveld, J.C., Klein, M., Douw, L., van Dijk, B.W., Heimans, J.J., Stam, C.J., 

2009. Disturbed functional brain networks and neurocognitive function in low-grade 

glioma patients: a graph theoretical analysis of resting-state MEG. Nonlinear Biomed. 

Phys. 3, 9. 

Buckner, R.L., Sepulcre, J., Talukdar, T., Krienen, F.M., Liu, H., Hedden, T., Andrews-Hanna, 

J.R., Sperling, R.A., Johnson, K.A., 2009. Cortical hubs revealed by intrinsic functional 

connectivity: mapping, assessment of stability, and relation to Alzheimer’s disease. J. 

Neurosci. 29, 1860–73. 

Bullmore, E., Sporns, O., 2009. Complex brain networks: graph theoretical analysis of structural 

and functional systems. Nat. Rev. Neurosci. 

Carbo, E.W.S., Hillebrand, A., van Dellen, E., Tewarie, P., de Witt Hamer, P.C., Baayen, J.C., 

Klein, M., Geurts, J.J.G., Reijneveld, J.C., Stam, C.J., Douw, L., 2017. Dynamic hub 

load predicts cognitive decline after resective neurosurgery. Sci. Rep. 7, 42117. 

Crossley, N.A., Mechelli, A., Scott, J., Carletti, F., Fox, P.T., McGuire, P., Bullmore, E.T., 

2014. The hubs of the human connectome are generally implicated in the anatomy of 

brain disorders. Brain 137, 2382–95. 

de Haan, W., Mott, K., van Straaten, E.C.W., Scheltens, P., Stam, C.J., 2012. Activity 

dependent degeneration explains hub vulnerability in Alzheimer’s disease. PLoS Comput. 

Biol. 8, e1002582.  

Derks, J., Dirkson, A.R., de Witt Hamer, P.C., van Geest, Q., Hulst, H.E., Barkhof, F., 

Pouwels, P.J.W., Geurts, J.J.G., Reijneveld, J.C., Douw, L., 2017. Connectomic profile 

and clinical phenotype in newly diagnosed glioma patients. NeuroImage Clin. 14, 87–96. 

Derks, J., Reijneveld, J.C., Douw, L., 2014. Neural network alterations underlie cognitive 

deficits in brain tumor patients. Curr. Opin. Oncol. 26, 627–33. 

Douw, L., van Dellen, E., de Groot, M., Heimans, J.J., Klein, M., Stam, C.J., Reijneveld, J.C., 

2010. Epilepsy is related to theta band brain connectivity and network topology in brain 

tumor patients. BMC  

Engel, A., Konig, P., Kreiter, A., Singer, W., 1991. Interhemispheric synchronization of 

oscillatory neuronal responses in cat visual cortex. Science  252, 1177–1179. 

Gray, C.M., König, P., Engel, A.K., Singer, W., 1989. Oscillatory responses in cat visual cortex 

exhibit inter-columnar synchronization which reflects global stimulus properties. Nature 

338, 334–337.  

Guimerà, R., Nunes Amaral, L.A., 2005. Functional cartography of complex metabolic networks. 

Nature 433, 895–900. 

Jia, H., Hu, X., Deshpande, G., 2014. Behavioral relevance of the dynamics of the functional 



Hub disfunctioneren en cognitie 

 - 185 - 

brain connectome. Brain Connect. 4, 741–59. 

Jones, D.T., Knopman, D.S., Gunter, J.L., Graff-Radford, J., Vemuri, P., Boeve, B.F., 

Petersen, R.C., Weiner, M.W., Jack, C.R., Alzheimer’s Disease Neuroimaging Initiative, 

2016. Cascading network failure across the Alzheimer’s disease spectrum. Brain 139, 

547–62. 

Klein, M., Duffau, H., De Witt Hamer, P.C., 2012. Cognition and resective surgery for diffuse 

infiltrative glioma: an overview. J. Neurooncol. 108, 309–18. 

Louis, D.N., Ohgaki, H., Wiestler, O.D., Cavenee, W.K., Burger, P.C., Jouvet, A., Scheithauer, 

B.W., Kleihues, P., 2007. The 2007 WHO classification of tumours of the central nervous 

system. Acta Neuropathol. 114, 97–109. 

Stam, C.J., 2014. Modern network science of neurological disorders. Nat. Rev. Neurosci. 15, 

683–695. 

Stam, C.J., 2004. Functional connectivity patterns of human magnetoencephalographic 

recordings: a ‘small-world’ network? Neurosci. Lett. 355, 25–28. 

Taphoorn, M.J.B., Klein, M., 2004. Cognitive deficits in adult patients with brain tumours. 

Lancet Neurol. 3, 159–68. 

van den Heuvel, M.P., Sporns, O., 2013. Network hubs in the human brain. Trends Cogn. Sci. 

17, 683–696.  

Watts, D.J., Strogatz, S.H., 1998. Collective dynamics of “small-world” networks. Nature 393, 

440–2.  

Xu, H., Ding, S., Hu, X., Yang, K., Xiao, C., Zou, Y., Chen, Y., Tao, L., Liu, H., Qian, Z., 

2013. Reduced efficiency of functional brain network underlying intellectual decline in 

patients with low-grade glioma. Neurosci. Lett. 543, 27–31.

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Appendix 
 

Dankwoord 

 
 
 

 
 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Dankwoord 

 - 189 - 

Allereerst gaat mijn dank uit naar alle patiënten die deelgenomen hebben aan de 

studies in dit proefschrift. In een zeer moeilijke periode wisten zij de energie en tijd te 

vinden om geheel onbaatzuchtig aan deze wetenschappelijke onderzoeken mee te 

werken. 

 

Geachte prof.dr. Geurts, beste Jeroen, in 2014 begonnen bij de afdeling, en wat heb 

ik een fijne tijd gehad. Het was ontzettend leuk om in zo’n divers team terecht te 

komen met zoveel verschillende achtergronden en expertisen. Ik heb altijd veel geleerd 

van onze momenten tijdens de ‘inloop’, maar natuurlijk ook tijdens de vrijdagochtend 

meeting waar je brede blik en filosofische inslag mij altijd inspireerden. 

 

Geachte dr. Douw, beste Linda, toen ik de vacature las voor de PhD positie werd ik 

meteen enthousiast door de multidisciplinaire insteek. De brede interesse in 

neurowetenschappen die ik had na mijn opleiding kon ik in dit project voortzetten. Ik 

vind het dan ook erg mooi dat we verschillende neurowetenschappelijke aspecten 

hebben kunnen verbinden in dit proefschrift. Ik wil je bedanken voor alle begeleiding 

de afgelopen jaren en alle leerzame en fijne gesprekken die we gevoerd hebben. Je 

aanstekelijke enthousiasme en tomeloze energie die je hebt voor zowel de wetenschap 

als daarbuiten zullen me nog lang bijblijven. Dank dat je mij deze kans hebt gegeven. 

 

Geachte leden van de leescommissie, prof.dr. Saskia Peerdeman, prof.dr Eleonora 

Aronica, prof.dr. Liesbeth Reneman, dr. Tom Snijders, dr. Willem de Haan en dr. 

William Leenders, dank dat jullie de tijd hebben genomen dit proefschrift te lezen. Ik 

kijk ernaar uit om met jullie hierover van gedachten te wisselen. Geachte prof.dr. 

Würdinger, dank dat u deel wilt nemen aan de verdediging.  

 

Mijn dank gaat ook uit naar alle coauteurs; tijdens de verschillende meetings heb ik 

veel van jullie mogen leren. Ook tijdens het schrijven was jullie kritische blik ontzettend 

waardevol. Prof.dr. Stam, beste Kees, dank dat ik op de maandagen ook bij de afdeling 

klinische neurofysiologie mijn neurowetenschappelijk hart kon ophalen. Ik heb 

ontzettend veel geleerd tijdens deze meetings. Dr. Hillebrand, beste Arjan, dank dat 

ik met vragen over de MEG of het analyseren van de data bij je terecht kon, ook van 

je feedback tijdens de meetings en op de manuscripten heb ik veel geleerd. Beste dr. 

Reijneveld, beste Jaap, de klinische neuro-onco kennis heb ik grotendeels van jou 



Appendix 

 - 190 - 

mogen ontvangen. Je klinische blik op alle stukken die we schreven was van grote 

toegevoegde waarde. Prof.dr. de Witt Hamer, beste Philip, dank voor je waardevolle 

bijdrage aan dit proefschrift. Prof.dr. Klein, beste Martin, ik wil je bedanken voor je 

waardevolle inzichten die je gaf als feedback op de manuscripten. Prof.dr. Wesseling, 

beste Pieter, dank voor de mogelijkheid om mee te kijken met het beoordelen van het 

hersenweefsel. Ik vond dit ontzettend interessant en heb er enorm veel van geleerd. 

Daarnaast heb ik de gesprekken die we hebben gevoerd tijdens het wachten op de 

trein op station Amsterdam Zuid ook erg gewaardeerd. Dr. van Dellen, beste Edwin, 

ik heb veel van jouw werk mogen voortzetten, dank voor al het werk wat je hebt 

verricht en je altijd nuttige feedback. 

 

Daarnaast wil ik ook de afdelingen Klinische Neurofysiologie, Radiologie, Neurologie 

en Neurochirurgie bedanken voor de samenwerking. Karin Plugge, Nico Akemann, 

Ndedi Sijsma, Marieke Alting Siberg, Marloes van den Hoek, Peter-Jan Ris en Sandra 

Linger, het was altijd even puzzelen om de proefpersonen in te kunnen plannen maar 

dankzij jullie flexibiliteit kwam het altijd goed. Ingrid Moor en Tineke de Munnik, dank 

dat ik altijd terecht kon met vragen over de planning. Ton Schweigmann, dank dat je 

je altijd inzette om toch een plekje vrij te krijgen voor een MR 531 op de GE3T. Ook 

wil ik hier verder alle neurologen en neurochirurgen bedanken voor het meegeven van 

informatie pakketjes aan de proefpersonen, in het bijzonder dr. David Noske, dr. 

Mathilde Kouwenhoven, dr. Tjeerd Postma, dr. Hans Baaijen en dr. Niels Verburg, ik 

heb jullie toch wel het vaakst benaderd denk ik.  

 

Dank aan alle medewerkers van de afdeling Anatomie en Neurowetenschappen 

(ANW). De verhuizing naar het O|2 gebouw heeft de afdeling dichter bij elkaar 

gebracht en opeens had ik dubbel zoveel leuke collega’s. Michael, zonder jou was ik 

het eerste jaar nooit gezond doorgekomen, dank voor alle mandarijntjes en natuurlijk 

je gezelligheid. Anne-Marie, dank voor alle gesprekjes die we hebben gevoerd over 

dingen die onze aandacht vroegen naast het werk. Chris, dank voor alle dansjes en 

drankjes en je gezelschap tijdens het tripje naar CERN. Floor, altijd gezellig om met 

je te borrelen, en dank voor je handige tips tijdens het afronden van het boekje. Sandra, 

Meiling en Regina, dank voor alle assistentie die jullie door de jaren heen hebben 

gegeven. Dank ook aan alle analisten die mee hebben gewerkt: dankjewel John, Angela 

en Kees. Daarnaast ook dank aan alle lieve collega’s voor de gezelligheid in de 



Dankwoord 

 - 191 - 

kantoortuin: Tim, Sarah, Yasmine, Hanneke, Madison. Thecla, het was altijd leuk om 

samen te treinen en ik hoop je nog vaker in de buurt tegen te komen. 

  

Beste KNW’ers, dank voor alle leuke en gezellige momenten. Hanneke, Menno, 

Antonio en Laura, dank voor jullie input tijdens de vrijdagochtend meetings. Geert, 

dank voor je waardevolle bijdrage aan het NLGN3 project. Martijn, dank voor het 

delen van je kennis en je persoonlijke betrokkenheid. Mijn mede PhD’ers, Kim, 

Quinten, Anand, Svenja, Shanna, Marijn en Mirte, dank voor alle fijne momenten in 

de kantoortuin en daarbuiten. Shanna, het was erg fijn om met je samen te werken. 

Kim, het was erg gezellig om tegenover je te zitten. Mirte, ik vond het altijd heel erg 

leuk om met je over Melbourne te praten en vooral over het heerlijke eten daar en 

onze gezamenlijke kennissen. Piet en Stefanos, dank voor jullie gezelligheid en input, 

en succes met jullie PhD traject. Tianne, ik vind het ontzettend leuk dat je als paranimf 

op 16 november naast me staat. Dank voor de samenwerking maar ook voor de 

gezelligheid naast het werk in de koffietentjes en tijdens wandelingetjes. Helaas 

binnenkort geen rondje Julianapark meer, maar er zijn vast leuke parkjes aan de andere 

kant van het land die we kunnen bezoeken.  

 

Alle oud KNW’ers, Charlotte, Merel, Lieke Hoyng, Lieke van Dongen, Benthe, 

Antoine, Roel, Matthijs, dank voor jullie gezelligheid de afgelopen jaren. Dankjewel 

Ellen, Anne, Meijke, Manon, George, Laura en Vera voor het werk dat jullie hebben 

verzet als stagiaire op de afdeling. 

 

Daarnaast wil ik nog, Dagmar, Gwenda, Ida, en Quirien bedanken voor alle input over 

netwerken, MEG, en gliomen. Maar natuurlijk denk ik ook terug aan alle gezellige 

gesprekken en momenten. 

 

Robine, Rob, Anneke, Marieke en Valérie, vanaf de bachelor bevriend, en wat heb ik 

genoten van al onze etentjes, feestjes, drankjes, wijntjes en jullie gezelligheid. Dank 

ook voor het delen van al jullie ervaringen over het PhD’en. Valérie, dank dat je altijd 

een luisterend oor biedt. 

 

Lena, Martijn en Sonja, neuro PhD’ers in crime. Tijdens de master zijn we bij elkaar 

gekomen en sindsdien hebben we vele leuke en bijzondere momenten gedeeld; 



Appendix 

 - 192 - 

skitripjes, andere tripjes, BBQ’s, vrijmibo’s, en natuurlijk niet te vergeten de Nijmeegse 

Vierdaagse. Martijn, wat een gezellige verrassing was het dat we op dezelfde kamer 

belandden op de eerste dag van onze master stage. Sindsdien goede vrienden, en ik 

hoop dat we dat nog lang blijven. Lena, wat was het gezellig om met jou samen de 

master te doen. Ook tijdens de PhD was het heerlijk om samen te kletsen over wat 

ons bezig hield, ik ga ervan uit dat er nog veel leuke momenten gaan komen. Sonja, 

bedankt dat ik de laatste loodjes met je kon delen en ik vind het super dat je naast 

me staat als paranimf op 16 november, dankjewel.  

 

Nivine, wat is het fijn om jou al vanaf de middelbare school als vriendin te hebben. 

Dank voor al je steun en interesse in mijn PhD project de afgelopen jaren. 

 

Renske, dank dat je mijn vriendin bent, wat een avonturen hebben wij beleefd, ik zal 

ze nooit vergeten. Dank dat je er voor me bent en de interesse die je getoond hebt in 

mijn proefschrift, ook al is het niet echt jouw specialisatie, maar dat maakt bar wijnig 

uit. 

 

Moni, Leen, Franc, Neely Anne, Jaap, Hilde, Simon, Petra, Sanne, Kevin, Maartje en 

Max. Wat is het fijn om jullie mijn schoonfamilie te noemen. Dank voor jullie getoonde 

interesse in mijn promotietraject en de vorderingen van het proefschrift. Dr. Neely 

Anne, dank voor het delen van je ervaringen en de tips en tricks die ik van je gekregen 

heb. 

 

Lieve broer en zus. Wat was het gezellig om met jullie op te groeien. Lonneke, tijdens 

mijn promotietraject was het heel interessant om jouw neuro verhalen vanuit de 

operatiekamer mee te krijgen. Willem-Jan, ook met jou kon ik sparren, maar dan over 

de netwerken. We konden er urenlang over analyseren, een van mijn favoriete hobby’s. 

 

Lieve mam en pap, bedankt voor jullie onvoorwaardelijke steun en liefde. Dank dat 

jullie me altijd de vrijheid hebben gegeven om mijn eigen weg te gaan. 

 

Lieve Paul, ik heb enorm veel steun gehad aan je nuchterheid en je relativerende 

vermogen. Intens geniet ik van onze tijd samen met Nathan. Ik kijk uit naar de 

toekomst, waar nieuwe avonturen op ons wachten.



 

 

 

 
 
 

 
 
 
 
 
 
 
 



 

 

 
 

 
 
 
 
 
 

 
 
 

 



 

 

Appendix 
 

List of publications 

 
 
 

 
 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



List of publications 

 - 197 - 

Derks J, Kulik SD, Numan T, de Witt Hamer PC, Noske DP, Klein M, Geurts JJG, 

Reijneveld JC, Stam CJ, Schoonheim MM, Hillebrand A, Douw L. Understanding 
global brain network alterations in glioma patients. Submitted. 

 

Belgers V, Numan T, Kulik SD, Hillebrand A, de Witt Hamer PC, Geurts 

JJG,Reijneveld JC, Wesseling P, Klein M, Derks J, Douw L, 2020. Postoperative 

oscillatory brain activity as an add-on prognostic marker in diffuse glioma. J. 

Neurooncol. 147, 49–58. 

 

Derks J, Kulik S, Wesseling P, Numan T, Hillebrand A, van Dellen E, de Witt Hamer 

PC, Geurts JJG, Reijneveld JC, Stam CJ, Klein M, Douw L., 2019. Understanding 
cognitive functioning in glioma patients: The relevance of IDH-mutation status and 
functional connectivity. Brain Behav. e01204. 

 

Derks J, Wesseling P, Carbo EWS, Hillebrand A, van Dellen E, de Witt Hamer PC, 

Klein M, Schenk GJ, Geurts JJG, Reijneveld JC, Douw L, 2018. Oscillatory brain 
activity associates with neuroligin-3 expression and predicts progression free survival 
in patients with diffuse glioma. J. Neurooncol. 140, 403-412. 

 

Derks J, Douw L, 2017. De impact van hubdisfunctioneren op cognitie. Neuropraxis. 

21, 121–126. 

 

Derks J, Dirkson AR, de Witt Hamer PC, van Geest Q, Hulst HE, Barkhof F, Pouwels 

PJW, Geurts JJG, Reijneveld JC, Douw L, 2017. Connectomic profile and clinical 
phenotype in newly diagnosed glioma patients. NeuroImage Clin. 14, 87–96. 

 

Derks J, Reijneveld JC, Douw L, 2014. Neural network alterations underlie cognitive 

deficits in brain tumor patients. Curr. Opin. Oncol. 26, 627–33. 

 

Vink M, Derks J, Hoogendam JM, Hillegers M, Kahn RS, 2014. Functional differences 

in emotion processing during adolescence and early adulthood. Neuroimage. 91, 70–

76.

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Appendix 
 

About the author 

 
 
 

 
 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



About the author 

 - 201 - 

 

 

Jolanda Derks was born on July 10th 1986 in 

Beuningen, the Netherlands. She attended high 

school in Nijmegen at the Montessori College. In 

2008 she started the bachelor Health and Life 

Sciences at VU University, Amsterdam. Her interest 

in Neuroscience was already established and she did 

an internship at the Netherlands Institute for 

Neuroscience. She investigated the effect of deep 

brain stumulation of the nucleus accumbens on 

neurogenesis in mice. After obtaining her bachelor’s degree she was able to start the 

research master Neurosciences, also at VU University, Amsterdam. Her broad interest 

in neuroscience led to an internship at the University Medical Center Utrecht, studying 

adolescent brain development using functional MRI. This intership resulted in her first 

scientific publication. In her second master internship she moved to Melbourne, 

Australia, to investigate the effect of a pharmacological intervention on behavior 

specifically related to schizophrenia. After 8 months she returned to the Netherlands 

and was able to the start her PhD project in 2014, which resulted in this thesis. In 

2019 she worked at the Royal Netherlands Academy of Arts and Sciences (KNAW) 

as a policy officer and was secretary of the Council for Medical Sciences and secretary 

of the domain of Medical, Biomedical and Health Sciences. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 


	Front_proefschrift_Derks
	proefschrift_Derks
	Gliomas are primary brain tumors, originating from the glial cells in the brain. In contrast to the more traditional view of glioma as a localized disease, it is becoming clear that global brain functioning is impacted, even with respect to functional...


