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ABSTRACT
Background: Although alterations in resting-state functional connectivity between 
brain regions have previously been reported in Parkinson’s disease (PD), the spatial 
organization of these changes remains largely unknown. Here, we longitudinally studied 
brain network topology in PD in relation to clinical measures of disease progression, using 
magnetoencephalography and concepts from graph theory. 

Methods: We characterized whole-brain functional networks by means of a standard graph 
analysis approach, measuring clustering coefficient and shortest path length, as well as the 
construction of a minimum spanning tree (MST), a novel approach that allows a unique 
and unbiased characterization of brain networks. 

Results: We observed that brain networks in early stage, untreated patients displayed lower local 
clustering with preserved path length in the delta frequency band in comparison to controls. 
Longitudinal analysis over a 4-year period in a larger group of patients showed a progressive 
decrease in local clustering in multiple frequency bands together with a decrease in path 
length in the alpha2 frequency band. In addition, MST analysis revealed a decentralized and 
less integrated network configuration in early stage, untreated PD that also progressed over 
time. Moreover, the longitudinal changes in network topology identified with both techniques 
were associated with deteriorating motor function and cognitive performance. 

Conclusion: Our results indicate that impaired local efficiency and network decentralization 
are very early features of PD that continue to progress over time, together with reductions in 
global efficiency. As these network changes appear to reflect clinically relevant phenomena, 
they hold promise as markers of disease progression.
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INTRODUCTION
Normal brain function relies on the interaction of different brain regions that are integrated 
within a large-scale complex network.59,60 In recent years, the organization of the human 
brain network has been studied extensively using concepts from graph theory.66-68 We have 
come to appreciate that brain networks in humans are organized according to a highly 
efficient topology that combines a high level of local integration (i.e. dense local clustering 
of connections) with a high level of global efficiency (i.e. critical long-distance connections); 
i.e. a so-called small-world organization.69,70 In addition, brain networks in healthy subjects 
contain a subset of relatively important highly connected regions (‘hubs’),71 that are also 
mutually and densely interconnected, forming a connectivity backbone or “rich club” 
crucial for efficient brain communication.72 

Several studies have demonstrated that brain diseases disrupt the normal network organization. 
In Alzheimer’s disease (AD), a deviation from the small-world network organization towards 
a more randomly organized network has been described in multiple studies. In addition to a 
loss of both global network efficiency and local integration,74,75,77 a selective vulnerability of hub 
regions has been reported.75,159 In many other brain diseases such as epilepsy, schizophrenia 
and brain tumors, the study of large-scale brain networks has equally contributed to a better 
understanding of the underlying pathophysiological mechanisms.73,76,78

Parkinson’s disease (PD) is a neurodegenerative disorder characterized by prominent motor 
features as well as a variety of non-motor disturbances including cognitive impairment.9 
Clinically, the phenotype of PD is heterogeneous and can be classified into distinct 
subtypes that are characterized by different rates of progression of motor and non-motor 
symptoms over time.16-18 Previous imaging studies in PD patients have shown changes in 
the strength of functional connectivity between distributed brain regions associated with 
clinical features.87,89,92 To what extent the overall brain network topology is affected by these 
changes is not well known. So far, only a single study addressed overall functional network 
topology in PD and, using functional MRI (fMRI), uncovered a loss of both local and global 
efficiency in the patients’ brain networks when compared to healthy controls.95 However, 
these observations have not been confirmed by other techniques, nor have relative regional 
importance (high centrality or ‘hubness’) and the relationship with clinical features been 
addressed using a longitudinal design.

A critical point in graph theoretical studies is the difficulty in comparing networks across 
different groups and conditions. Analysis of graphs derived from brain networks requires 
a normalization step, commonly performed through thresholding and/or comparing the 
observed network to randomized networks. However, these approaches do not provide a 
unique or consistent solution.160,161 An alternative method that overcomes this problem is 
the construction of a so-called minimum spanning tree (MST). With this approach a unique 
graph is constructed from a weighted network.162,163 It connects all network elements in 
such a way that the connection cost (sum of all connection distances) is minimized without 
forming cycles. In this way, networks with the same number of nodes and connections are 
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obtained, which facilitates the direct comparison of network topology across conditions and 
groups while circumventing potential biases that can be introduced by a normalization step. 

So far, a MST has been constructed in only a few brain imaging studies. A study in epilepsy 
identified critical nodes in a temporal lobe epileptic network on the basis of the minimum 
spanning tree,164 whereas a study in AD showed segregation differences between the default 
mode brain network of patients and controls.165 More recently, a MST analysis was successfully 
applied in a whole brain network study that investigated brain maturation in children by means 
of electroencephalography (EEG).166 In this study, MST’s captured developmental changes in 
network topology, supporting results derived from a conventional network analysis.167 

The aim of the present study was to examine the large-scale structure of resting-state brain 
networks in PD, using concepts from graph theory. We set out to assess i) whether network 
topology is affected in early-stage, untreated PD, and, ii) whether alterations in network 
topology develop with progression of disease in association with clinical deterioration. 
We used magnetoencephalographic (MEG) recordings from a longitudinal cohort study 
involving PD patients with varying disease duration (including 12 early-stage, untreated 
patients) and controls that had been analyzed previously with respect to local brain activity 
patterns.125 Whole-brain functional networks were constructed using the commonly used 
approach that involves a normalization step, as well as by means of MST construction. We 
calculated several measures to assess local integration, global efficiency and relative node 
importance within the networks and hypothesized that brain networks of PD patients would 
display progressive decreases in both local integration and global efficiency over time that 
would be accompanied by a loss of centrality of individual brain regions within the network. 

METHODS
Participants
Participants were selected from a longitudinal study cohort in which a total of 70 patients 
(disease duration 0-13 years, including 18 de novo patients) with idiopathic PD and 21 
healthy controls (age-matched to the de novo patients) were included at baseline.81 After 
an interval of 4.33 (SD 0.82) years, 59 patients and 16 controls completed follow-up 
measurements. Three patients had passed away and 13 participants (eight patients and 
five controls) were lost to follow-up. Ten patients and a single control had relatively severe 
artifacts during MEG registration and were therefore excluded from further analysis. Six 
patients had no MRI performed at the follow-up evaluation, and a single control had an 
MRI scan with extensive white matter lesions. The latter subjects were also excluded from 
the current source-space based analysis, leaving baseline and follow-up measurements in 
43 (including 12 initially de novo) patients and 14 controls for further analyses.

All participants gave written informed consent to the research protocol, which was 
approved by the medical ethical committee of the VU University Medical Center. Ethics 
review criteria conformed to the Helsinki declaration.
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Participant characteristics
Table 1 summarizes the clinical characteristics of all participants included in the current 
analysis. Disease duration was calculated on the basis of the patients’ subjective estimate 
of the time of occurrence of the first motor symptoms. Unified Parkinson’s Disease Rating 
Scale motor ratings (UPDRS-III) were obtained in the “ON” medication state by a trained 
physician.100  Global cognitive function was assessed using the Cambridge Cognitive 
Examination (CAMCOG) scale.101 None of the patients fulfilled clinical diagnostic criteria for 
PD related dementia (PDD) at baseline, while at the follow-up evaluation four patients were 
classified as having PDD, according to the clinical criteria recommended by the Movement 
Disorder Society Task Force.105 Education level was determined using the International 
Standard Classification of Education.102 The total dose of dopaminomimetics was converted 
to a so-called levodopa equivalent daily dose (LEDD) using a previously described conversion 
rate.125 At the time of the follow-up evaluation, two patients were using rivastigmine.

Data acquisition 
MEG data were recorded in an eyes-closed resting-state condition for 5 minutes, as 
described previously.125 During acquisition, patients were in the “ON” medication state, 
with exception of the de novo subgroup at baseline. Structural T1-weighted MRI was 
performed in all subjects (baseline: 1.0 Tesla, Impact, Siemens; follow-up: 3.0 Tesla, Signa, 
GE healthcare). Vitamin E capsules were placed at the same anatomical landmarks where 
head position coils had been placed during MEG-registration.

Data preprocessing
Both baseline and follow-up datasets were split up into epochs of 4096 samples (13.11 s). 
Channels and epochs containing artifacts were discarded after visual inspection by one of 
the investigators blinded for diagnosis and time registration point (KTEOD). On average 
2.4 (range: 2-7) channels and 3.1 (range: 0-13) epochs were discarded. An atlas-based 
beamformer approach was used to project MEG sensor signals onto an anatomical framework 
consisting of 78 cortical regions identified by means of automated anatomical labeling.122,126,127 
For this purpose, MRI and MEG data were co-registered through identification of the same 
anatomical landmarks (left and right pre-auricular points and nasion). Only data with an 
estimated co-registration error < 1.0 cm were accepted for further analysis. MRI-data was 
then spatially normalized to a template MRI using a segmentation toolbox in Statistical 
Parametrical Mapping 8,128,129 after which anatomical labels were applied.

Time-series of neuronal activation were estimated for six frequency bands (delta (0.5-4 Hz), 
theta (4-8 Hz), alpha1 (8-10 Hz), alpha2 (10-13 Hz), beta (13-30 Hz) and gamma (30-48 Hz)), 
using an average time-window of 236 (range 105-380) seconds as input for the beamformer 
computations. This resulted in a total of 6 sets (one for each frequency band) of 78 time-series 
(one for each cortical region). For each subject, five artifact free epochs per frequency band 
were selected for further analysis by one of the investigators still blinded for diagnosis and 
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time registration point (KTEOD). The stability of findings over different epoch selections was 
investigated in supplementary analyses (Supplementary Data; Supplementary Table 1 and 2). 

Functional connectivity analysis
Functional connectivity matrices were determined by computing the phase lag index (PLI) 
between all pair-wise combinations of cortical regions.65 This measure (range between 0 
and 1) reflects true interactions between two oscillatory signals through quantification of 
the (non-zero lag) phase coupling, thereby discarding the effects of volume conduction and 
field spread. Functional connectivity analyses and subsequent analyses of network topology 
were performed with BrainWave software (CJS, version 0.9.72, available from http://home.
kpn.nl/stam7883/brainwave.html).

Analysis of network topology
Figure 1 provides a schematic overview of the different analysis steps that resulted in the 
computation of network measures for both the commonly used weighted graph analysis 
approach (normalized mean clustering coefficient and normalized averaged shortest path 
length) and the MST (leaf number, tree hierarchy, eccentricity and betweenness centrality). 
Supplementary Figure 1 provides an example of a MST with the associated measures.

Weighted graph analysis
In principle, networks can be represented by graphs, which are sets of vertices (nodes) and 
corresponding sets of edges (connections) between those vertices. We constructed graphs 
of 78 vertices (i.e. the 78 cortical regions) and used all information from the functional 
connectivity (PLI) matrix. This resulted in fully connected, weighted, undirected networks, 

Table 1 Participant characteristics.

Controls PD

Baseline  
(n = 14)

Follow-up  
(n = 14)

Baseline de novo  
(n = 12)

Baseline all  
(n = 43)

Follow-up all  
(n = 43)

Sex (M/F) 10/4 8/4 8/4 28/15 28/15

Age (years) 60.0 (8.55) 64.7 (8.91) 58.0 (6.95) 61.5 (6.45) 65.8 (6.53)

ISCED (0/1/2/3/4/5/6) 0/0/1/3/1/8/1 0/0/1/3/1/8/1 0/0/2/2/0/8/0 0/1/14/13/1/13/1 0/1/14/13/1/13/1

Disease duration (years) n/a n/a 0.92 (0.52) 5.19 (3.63) 9.56 (4.13)

CAMCOG 99.2 (2.79) 99.5 (1.56) 97.1 (4.94) 95.9 (4.51) 93.1(8.28)

UPDRS-III 0.71 (1.59) 2.62 (3.55) 14.9 (1.27) 14.1 (5.93) 27.1 (9.32)

LEDD n/a n/a n/a 352 (416) 807 (506)

Values are expressed as mean (SD) unless otherwise indicated. Please note the de novo group (n = 12) is a 
subgroup of the total patient group at baseline (n = 43).
M/F, male/female; ISCED, International Standard Classification of Education; UPDRS-III, Unified 
Parkinson’s Disease Rating Scale motor ratings; LEDD, Levodopa Equivalent Daily Dose; CAMCOG, 
Cambridge cognitive examination; n/a, non-applicable. 
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in which the connection strength between each pair of vertices (i.e. the weight) was defined 
as their connectivity value (Figure 1). 

Various measures can be used to characterize a weighted network.168 Two fundamental 
ones are the clustering coefficient and the average shortest path length. The unweighted 
clustering coefficient denotes the likelihood that neighbors of a vertex are also connected 
to each other, and characterizes the tendency of nodes to form local clusters. We used the 
weighted equivalent of this measure to characterize local clustering.75 The average weighted 

Figure 1 Schematic overview of the formation of individual functional brain networks using two different 
methods, i.e. construction of weighted graphs and MST’s. After MEG recording (A), data from the 151 channels 
(B) were projected onto an anatomical framework of 78 cortical regions (automated anatomical labeling 
template, C). Functional connectivity between all pairs of cortical regions was assessed by means of the PLI 
(D). For weighted network analysis, a weighted graph (E) was constructed from the PLI matrix. For MST 
analysis, the MST matrix was derived from the PLI matrix by Kruskal’s algorithm (D’), with concurrent MST 
construction (E’). Finally, network measures were computed for both the weighted graph (F) and the MST (F’).
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shortest path length is a measure for global integration of the network. It is defined as the 
harmonic mean of shortest paths between all possible vertex pairs in the network, where 
the shortest path between two vertices is defined as the path with the largest total weight.75 

Values of both the weighted clustering coefficient and the weighted path length depend on 
edge weights (connectivity values) and network structure, but also on network size (number 
of nodes). To enable comparison of results across studies, clustering coefficient and path length 
were normalized, that is they were expressed as a function of measures generated from random 
networks. To this end, an ensemble of 1000 surrogate random networks was derived from the 
original networks by randomly reshuffling the edge weights. Subsequently, the ratio between the 
weighted and random clustering coefficient as well as the ratio between the weighted and random 
path length was computed. In this way, the normalized average weighted clustering coefficient 
and the normalized average weighted path length were obtained for each epoch, reflecting local 
integration and global efficiency respectively. Results of five epochs were averaged per subject. 

MST
The MST of an undirected weighted graph is a unique sub-graph that connects all the nodes in 
such a way that the total cost (the sum of all the edge distances) is minimized without forming 
cycles. In our case, the tree with the maximum connection strength (PLI) was determined for 
every connectivity matrix, equivalent to a MST as obtained by Kruskal’s algorithm.169 In short, 
first all connectivity values were ordered in an ascending way. Then the construction of the tree 
was started with the edge with the highest edge PLI. Consecutive high PLI links were added until 
all nodes (n) were connected in a loopless sub-graph consisting of n-1 edges (Figure 1). When 
adding an edge resulted in the formation of a cycle, this edge was skipped. In our study, trees 
of 78 nodes and 77 edges were constructed. Extreme topologies of a MST are a decentralized 
line-like tree with all nodes on a single line and, at the other end of the spectrum, a star-like or 
centralized configuration with one central node (Supplementary Figure 1).

From these MST graphs several measures can be computed that give information about the 
topological properties of the tree. Leafs are nodes on the tree with degree = 1. Each tree has 
a lower bound of 2 and an upper bound of n – 1 leafs (with n being the number of vertices). 
For each tree, leaf number is defined as the number of leafs, divided by the maximum 
number of leafs possible given the size of the tree. Eccentricity of a node is defined as the 
longest distance between that node and any other node of the tree. The eccentricity of a node 
is low if this node is central in the tree. The betweenness centrality of a node i is the number 
of shortest paths between any pair of nodes h and j that are running through i, divided by 
the total number of paths between h and j. Betweenness centrality scales between 0 and 1. 
Eccentricity and betweenness centrality are different criteria for centrality or relative nodal 
importance and may point out the hubs (high centrality nodes) in a tree. For the initial 
comparison between groups and the changes over time with regard to these node specific 
measures, eccentricity was averaged over nodes whereas for betweenness centrality the 
maximum value was taken per tree. In additional analyses we subsequently studied node 
specific values for all individual cortical regions. 
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For optimal performance of the network, different tree topological criteria have to be 
met. First, efficient communication between all vertices is needed, which would require 
a star-like topology (i.e. maximum number of leafs; shortest possible average path length 
of 2). However, in such a tree the central node might easily be overloaded since it has 
a betweenness centrality of 1. Therefore, the second criterion would be prevention from 
overloading hubs by setting a maximal betweenness centrality for any of the tree nodes. The 
optimal tree should then reflect the best possible balance between both criteria. To this aim, 
a tree hierarchy measure TH was developed as an indicator of the balance between efficient 
communication paths and overload prevention.166 It is defined as:

where L is the leaf number; m the number of vertices – 1; and BCmax the maximum value of 
betweenness centrality. To assure tree hierarchy ranges between 0 and 1, the denominator is 
multiplied by 2. If leaf number = 2 (i.e. a line-like topology), and m approaches infinity, tree 
hierarchy approaches 0. If leaf number = m (i.e. a star-like topology) tree hierarchy approaches 
0.5. For leaf numbers between these 2 extreme situations, tree hierarchy can have higher values. 

Statistical analysis
To study network topology in early-stage untreated disease, baseline network measures 
were assessed in de novo patients (n = 12) compared to age-matched controls (n = 14) 
by means of a single General Linear Model (GLM) analysis per network measure and per 
frequency band. Sex was added as a potential confounder. 

Longitudinal changes in network measures were analyzed within the total group of patients 
(n = 43) and in the control group (n = 14) by means of a single GLM analysis for repeated 
measures per network measure and per frequency band. Sex, baseline age and mean 
difference in LEDD were added as potential confounders. 

Within the total group of patients (n = 43) the relationship between the longitudinal course of 
network measures and clinical measures of motor and cognitive function was investigated by 
means of Generalized Estimated Equations with exchangeable working correlation matrix 104 
using CAMCOG (measure of cognitive function) and UPDRS-III scores (measure of motor 
function) as dependent variables. Sex, baseline age and the LEDD were added as covariates in 
all analyses, as was education level (dichotomized) in analyses involving cognition. In order 
to limit the number of comparisons, only network measures that displayed time effects with p 
< .10 in the longitudinal GLM analysis were selected as independent variable. 

All analyses were performed using the SPSS Statistics 20.0 software package (IBM 
Corporation, New York, USA). A significance level of .05 (two-tailed) was applied. Because 
of the explorative character of the study, corrections for multiple testing were not applied. 
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RESULTS
Network topology in early-stage, untreated disease

We first studied differences in network topology between early-stage, untreated (de novo) 
patients (n = 12) and controls (n = 14). We observed that delta band normalized weighted 
clustering coefficient was smaller in de novo patients when compared to controls [F(1,23) 
= 5.33, p = .030], whereas normalized weighted path length did not differ between groups 
in any frequency band (Figure 2A, Supplementary Table 3; weighted graph analysis). 
Additionally, MST’s of de novo patients revealed lower leaf number [F(1,23) = 9.69, p = 
.005] and lower tree hierarchy Th [F(1,23) = 5.60, p = .027] in the alpha2 frequency band 
when compared to controls (Figure 2b and Supplementary Table 3). Centrality measures 
(i.e. eccentricity and betweenness centrality values) of MST derived brain networks did not 
differ between groups in any frequency band. 

Taken together, these results point towards a decrease in local integration with preserved 
global efficiency of the brain network in the early motor stage of PD. 

Longitudinal changes in network topology
Longitudinal changes in network topology were assessed in the full group of patients (n = 
43) and also in controls (n = 14), to account for possible effects of normal aging. 

Within the group of patients, we observed ongoing decreases in local integration of the brain 
network over time: normalized weighted clustering coefficient decreased in theta [F(1,39) 
= 4.33, p = .044], alpha1 [F(1,39) = 4.76, p = .035] and alpha2 [F(1,39) = 4.39, p = .043] 
frequency bands. Normalized weigthed path length also decreased over time, but in the 
alpha2 frequency band only [F(1,39) = 12.79, p = .001] (Figure 3B and Supplementary Table 
4; weighted graph analysis approach). MST analysis was also able to capture longitudinal 

Figure 2 Bar charts showing baseline differences between controls (n = 14) and de novo PD patients (n = 12) 
in normalized weighted clustering coefficient and path length (weighted graph analysis; A), and leaf number 
and tree hierarchy (MST analysis; B). Only frequency bands that yielded significant results are displayed. 
Bars represent mean (SE). Horizontal lines express significant group differences (** = p < .01; * = p < .05).
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changes in brain network topology in the patient group (Figure 3b and Supplementary Table 
4): Leaf number decreased over time in the theta band [F(1,39) = 8.86, p = .005], whereas 
tree hierarchy decreased in the delta band [F(1,39) = 4.88, p = .033]. Moreover, eccentricity 
increased over time in the theta band [F(1,39) = 5.54,  p = .024], indicating a reduction 
in overall node centrality (Supplementary Figure 1, shift towards a more line-like tree 
configuration). Post hoc results with regard to regional distribution patterns revealed this 
effect to be present for multiple regions, most prominently in (orbito)frontal and temporal 
regions (Figure 4 and Supplementary Table 5). We performed an additional analysis of node 
centrality distribution in the weighted graph in the theta band in comparison to these MST 
results (Supplementary data and Supplementary Figure 2).

Within the group of controls, we observed that normalized weighted clustering coefficient 
decreased over time in alpha1 [F(1,11) = 5.68, p = .036] and alpha2 [F(1,11) = 5.36, p = 
.041] frequency bands, whereas normalized weigthed path length did not show any effect of 
normal aging in any frequency band (Figure 3A and Supplementary Table 2). With respect 
to the MST analysis, leaf number decreased over time in alpha1 [F(1,11) = 6.54, p = .027], 
alpha2 [F(1,11) = 28.6, p < .001] and gamma [F(1,11) = 6.11, p = .031] frequency bands, 
whereas Th decreased over time in the beta band only [F(1,11) = 5.77, p = .035] (Figure 3B 
and Supplementary Table 2). There were no changes in centrality measures (i.e. eccentricity 
or betweenness centrality values) over time in the control group. 

In summary, we find a progressive impairment in local integration with an additional loss 
of global efficiency in PD brain network topology with progression of disease. MST results 
confirm the loss of global efficiency, while providing additional information about the 
efficiency of individual brain regions. With regard to local integration, effects of normal aging 
have to be taken into account as well, in particular when studying the alpha frequency domain. 

Relationship between network topology and clinical features
To evaluate the relationship between network topology and clinical measures of disease 
progression, we assessed the longitudinal relationship between network measures and CAMCOG 
(measure of cognitive function) as well as UPDRS-III scores (measure of motor function) in 
the full group of patients (n = 43). We observed a longitudinal association between worsening 
CAMCOG performance and lower theta band normalized weighted clustering coefficient 
[β = .173; p = .013] and path length [β = .201; p = .017]. Higher UPDRS-III scores, reflecting 
deteriorating motor function, were associated with lower alpha2 band normalized weighted path 
length [β = -0.125; p = .028] over time. With respect to the MST analysis, a longitudinal association 
was found between worsening CAMCOG performance and higher alpha1 band eccentricity [β = 
-.175; p = .043]. Higher UPDRS-III scores were associated with lower delta band leaf number [β 
= -.120; p = .048] and tree hierarchy [β = -.131; p = .047], and with higher eccentricity in the theta 
[β = .111; p = .034] and alpha1 [β = .122; p = .013] frequency bands. 

Taken together, progressive changes in network properties in PD are associated with clinical 
measures of disease severity and thus appear to reflect clinically relevant phenomena. 
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Figure 3 Bar charts showing longitudinal changes in controls (n = 14) and the full group of PD patients (n 
= 43) in normalized weighted clustering coefficient and path length (weighted graph analysis; A), and leaf 
number and tree hierarchy (MST analysis; B). Only frequency bands that yielded significant results on one 
or more network measures in the PD group are displayed. Bars represent mean (SE). Horizontal lines express 
significant differences within subjects over time (** = p < .01; * = p < .05).

DISCUSSION
This is the first longitudinal analysis of changes in the large-scale functional organization of 
resting-state brain networks in PD patients. By applying graph analysis techniques to MEG 
data we were able to demonstrate changes in brain network topology already in the earliest 
clinical motor stages of PD. Longitudinal analysis over a 4-year follow-up period revealed 
progressive changes in functional brain network organization that were associated with 
increasing cognitive and motor impairments.  
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Brain networks of early-stage non-medicated PD patients were characterized by lower clustering, 
but preserved path length in the delta frequency band when compared to age-matched controls, 
indicating reduced local integration with preserved global efficiency of the brain network in the 
early motor stage of the disease. Longitudinal analysis in a larger group of patients with a wider 
range of disease duration showed a progressive impairment in local integration in multiple 
frequency bands with an additional loss of global efficiency in PD brain network topology, as 
reflected by a decreased normalized path length in the alpha2 frequency band. The direction 
of the changes observed in our longitudinal study is similar to the network changes found in 
AD using a cross-sectional approach.74,75,77 Apparently, in both neurodegenerative diseases brain 
networks move towards a more random network organization. 

Additional MST analysis, which is free of normalization biases, revealed a shift towards 
a decentralized network configuration as marked by decreases in leaf number and tree 
hierarchy, even in early-stage, untreated patients. With disease progression, the changes 
in network configuration accumulate, including further decreases in leaf number and tree 
hierarchy, and an additional increase in eccentricity in particular in (orbito)frontal and 
temporal regions. Taken together, the MST results confirm the loss of global efficiency, 
while providing additional information about the efficiency of individual brain regions.

The present results obtained using MEG confirm the overall findings of a recent fMRI study 
in which graph theoretical analysis was applied for the first time to study the functional 
brain network organization in PD.95 In this cross-sectional study in advanced patients, 
nodal and global efficiency of brain networks were smaller when compared to controls. 
The results of our MEG study extend the findings of the aforementioned fMRI study by 
demonstrating that the alterations in PD network topology are already present in the earliest 
clinical motor stages of the disease. Moreover, by using a longitudinal approach, we were 
able to demonstrate that the changes in brain network topology further evolve with disease 
progression, in close association with clinical measures of motor and cognitive function. 

Previous MEG and EEG studies in PD have focussed on the strength of functional connectivity 
between distinctive brain regions, demonstrating increases and decreases in coupling strength 
in distinctive spatial patterns and at different clinical disease stages.86,87,92 Although functional 
connectivity disturbances clearly represent an important pathophysiological mechanism in 
PD, the interpretation of their significance is not straightforward. For example, although 
excessive synchronization has often been put forward as a compensatory mechanism,89,170 it 
may also be explained by pathological disinhibition following neurodegenerative damage.131 
The application of a network theory framework examines functional connectivity changes at 
a higher, integrative or network organization level, independent of coupling strength.70 In the 
present study, we demonstrated that brain network organization in PD moves towards a more 
random structure. Therefore, it would seem that information processing in the parkinsonian 
brain is not only quantitatively altered, but also less efficiently organized. 

The progressive changes in network properties we observed in this study were associated with 
clinical measures of disease severity. Over time, decreased clustering and shortened paths 
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in the theta band were associated with worsening CAMCOG performance, independent 
of age or dopaminergic medication. In contrast, decreased path length in the alpha2 band 
correlated with worsening motor function. The differential association of network properties 
in these two frequency bands with motor and cognitive function, respectively, suggests that 
motor and cognitive impairments may have (partly) different underlying pathophysiological 
mechanisms. From these observations, it is tempting to speculate that decreases in 
regional and global efficiency in the theta band functional brain network hold promise as 
(surrogate) markers of cognitive decline in PD, and possibly involve non-dopaminergic 
pathophysiological pathways that include the cholinergic system.171 Moreover, disruption 
of the normal functional brain network organization may have predictive value for the 
development of PDD. We should, however, note that a potential effect of dopaminergic 
treatment can not be completely ruled out, as in addition to (motor) disease progression, 
an increase in dopaminergic medication levels in individual patients over time is inevitable. 
Although we used the LEDD as a covariate in all of our longitudinal analyses and studied 
the direct longitudinal relation between network measures and the LEDD in more detail, a 
modulatory role of dopaminomimetic treatment could therefore still be present in addition 
or even opposed to the pathophysiological effects of disease progression in PD. This notion is 
supported by both electrophysiological and fMRI studies that have shown effects of an acute 
dopaminergic challenge on measures of functional connectivity in PD,86,90,132,133 but this has 
not been investigated in the assessment of network topology so far. 

In the present study we found a reduction in nodal efficiency in PD that predominantly involved 
orbitofrontal and temporal regions, as indicated by increasing MST eccentricity values for these 
brain regions over time. Since another measure of centrality, betweenness centrality, remained 
unchanged over time, the two measures may capture different aspects of node centrality within a 

Figure 4 Regional distribution of increases in eccentricity over time in the full group of PD patients (n = 43) 
for the theta frequency band. Lateral, medial and dorsal views are shown. Brain regions in which eccentricity 
was significantly increased are displayed in red (p < 0.05).
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network. Nevertheless, the observed region-specific increase in eccentricity implies that certain 
brain regions are selectively vulnerable to the progressive network injury that results from PD 
related pathology. Our observations are in line with structural imaging studies showing atrophy 
of frontal and temporal cortices in PD ,40,172 and also with neuropathological observations that 
Lewy body pathology first invades the neocortex through these same regions.8,123,124 Interestingly, 
in AD, a substantial spatial overlap between cortical hubs and regions showing large amounts of 
AD related pathology (amyloid-ß deposition) has been demonstrated,159 implying that hubs are 
selectively vulnerable in AD. Although preliminary, we suggest that the approach taken in our 
study could similarly offer the future prospect of being able to relate PD specific pathology to 
changes in brain network structure, thus bridging the gap between neuropathological changes 
and clinical symptomatology that still exists in neurodegenerative diseases.173 

Normal aging is accompanied by alterations in brain network topology that include reduced 
local efficiency and changes in modular organization.174,175 To account for the potential effects 
of normal aging, we also studied brain network topology changes in controls and included 
age as a covariate in all our analyses. Our longitudinal analysis in controls revealed changes 
in local clustering, leaf number and tree hierarchy, but not in path length or eccentricity. 
In particular the observed decrease in alpha1 band local clustering in our patient sample 
could therefore have been confounded by an effect of normal aging and therefore needs 
to be interpreted with caution. However, since the controls did not have any changes in 
network measures in the delta and theta frequency bands, the changes observed in these 
frequency bands in patients most likely represent a true disease effect. This assumption is 
further supported by the fact that most changes in network properties in our patient sample 
were associated with clinical measures of disease progression. 

In the present study we constructed MST’s of brain networks in addition to a more 
conventional application of graph analysis techniques, as a possible solution for the 
threshold and normalization problems encountered with conventional approaches. An 
important caveat when using a MST is that not all, but only the ‘core’ connections are 
taken into account; some relevant information about the networks may therefore be lost. 
For instance, local clustering is a feature that cannot be examined in MST derived brain 
networks. On the other hand, the construction of a MST creates a unique structure that 
reflects the most important routes of information flow through a network. In the present 
study, we have shown that a MST captures (clinically relevant) changes in network topology 
that are in agreement with results derived from more commonly used techniques, but 
without the need of a normalization step to correct for network size, connectivity strength 
and density. This is of particular importance, since there is currently no normalization step 
that allows for a reliable and fully unbiased characterization of network topology.160 When 
using conventional network measures, differences in connectivity strength, graph size and 
connectivity density within or between subjects may therefore yield spurious findings or 
mask true effects. Extraction and analysis of the MST seems to offer an elegant solution for 
these pitfalls, one that has not received much attention in the neuroscience literature so far.
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A methodological limitation of our study is that several subjects were lost to follow-up 
or had to be excluded due to partial missing data. However, patients that had incomplete 
follow-up or that withdrew from the study reported a rather high level of subjective 
disease impairment. Their withdrawal or exclusion can therefore only have led to an 
underestimation of true effects. Furthermore, since our study is one of the first exploratory 
studies on network topology in PD, we did not apply corrections for multiple testing. We 
focused on interpreting general patterns of the findings instead, but we report exact p-values 
for all individual statistical comparisons performed for the reader’s interpretation as well. 
Moreover, individual statistical calculations displayed robustness against a data resampling 
approach (Supplementary data). Nevertheless, future studies are necessary to confirm our 
results, using an independent study sample and in a hypothesis-driven study design. 

Lastly, the possible influence of parkinsonian tremor, which generally has a frequency in 
the theta range (4-8 Hz), needs to be considered. Although epochs were carefully selected 
for the absence of visible tremor, some studies have reported linear synchronization 
(coherence) between tremor, as measured with EMG, and MEG oscillatory rhythms at 
tremor frequencies in the contra-lateral motor cortex.176,177 Although the influence of tremor 
on measures of brain network topology has never been studied, these area-specific coherent 
oscillations could theoretically have influenced the computation of network properties in 
our study via the intermediate computation of functional connectivity strength. However, 
since functional connectivity strength was corrected for in both our conventional graph 
and MST analyses, this is highly unlikely.

A major strength of our study is the application of a MST as a reliable and fully unbiased 
graph theoretical approach. It offers an elegant solution to the threshold and normalization 
problems experienced in most graph theoretical imaging studies. Furthermore, the 
performance of MEG data analysis in source-space with the use of a standard anatomical atlas 
offers the perspective of multimodal imaging, in which the relation between functional and 
structural network characteristics can be explored across imaging modalities, in particular 
MEG and fMRI. Another strength of our study is its longitudinal design, which is superior 
over a cross-sectional design when studying the association between changes in functional 
brain network organization and clinical disease progression. Further (clinical) follow-up of 
our study cohort will enable us to evaluate MEG-derived neurophysiological measures as 
potential predictive markers for clinical outcome, in particular the development of PDD. 

In conclusion, in this first-ever longitudinal study of changes in functional brain network 
topology in PD, we used both the construction of conventional graphs and the MST to 
demonstrate that impaired local efficiency and network decentralization are very early 
features of PD. With disease progression, these changes in brain network topology 
accumulate and combine with reductions in global efficiency, in close association with 
deteriorating cognitive and motor function. A disruption of normal functional brain 
network topology thus appears to reflect clinically relevant phenomena and holds promise 
as a (surrogate) marker of disease progression in PD. 
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SUPPLEMENTARY DATA
Stability of findings over epochs
We used five epochs of 4096 samples (~13.1 seconds) to calculate network measures, to 
adhere to methods used previously. Here we show the stability of our results, by redoing 
group analyses for frequency bands of interest by (a) using eight instead of five epochs, 
and (b) applying a resampling method to these eight epochs (i.e. five out of eight epochs 
are randomly selected and averaged). When using eight instead of five epochs, all group 
analyses remain significant or show a statistical trend, with the exception of longitudinal 
changes in delta band tree hierarchy for PD patients (Supplementary Table 1 and 2). When 
using a resampling method, a similar effect was seen: now only theta band eccentricity 
changes became non-significant. In contrast, by using the resampling approaches, some 
differences gained significance as well. For example, while theta band betweenness centrality 
only showed a statistical trend in the original analysis, in both resampling analyses it was 
significant (Supplementary Table 2). Taken together, these results suggest that our findings 
are stable over multiple timescales and over multiple epoch selections.

Centrality distribution in the weighted graph
In our main analysis we assessed node centrality distribution in the MST and found a loss 
of centrality over time. As a supplementary analysis, we performed an additional analysis 
of node centrality distribution in the weighted graph in the theta band, with concurrent 
comparison to the MST.

To this end we computed eigenvector centrality per node, a centrality measure that takes 
into account both the degree of a node and the degrees of its neighbors. For the initial 
analysis the range of eigenvector centrality values was taken per tree. In additional analyses 
we subsequently studied node specific values for all individual cortical regions. 

Results display a reduction in the range of eigenvector centrality over time in PD patients 
[F(1,39) = 5.49, p = .024], but not in control subjects. Post hoc results with regard to regional 
distribution patterns revealed this effect to be present for in left precentral (p = .05) and left 
superior temporal (p = .016) regions, with an opposing positive centrality vector for the right 
middle temporal region (p = .020). These results conform to our MST results, as left precentral 
and superior temporal regions also showed a significant increase in eccentricity over time. 
Supplementary Figure 2 illustrates the similarity in the distribution of changes for both 
approaches, the MST being more sensitive to detect changes than the weighted graph analysis.
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Supplementary Figure 1 Examples of simple MST’s with different tree configurations. All trees have nine nodes 
and eight edges. Leaf nodes are displayed in blue. On the left a decentralized line-like tree with two leafs (leaf 
number 2 / 8) and low centrality, as expressed by high eccentricity and low betweenness centrality values. On the 
right a higly centralized star-like tree with one central node that has a low eccentricity and a high betweenness 
centrality value (i.e. all the shortest paths between any pair of nodes run though this node). In the middle an 
example of an intermediate tree configuration with five leafs (leaf number 5 / 8). The (optimal) balance between 
path length and betweenness centrality is defined by a tree hierarchy measure. Tree hierarchy approaches 0.5 in 
both the line-like and star-like tree, but will have a higher value in the intermediate tree configuration.
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Supplementary Figure 2 Regional distribution of centrality reductions over time in PD patients (n = 43) in 
the weighted graph (A, eigenvector centrality) and the MST (B, eccentricity). Coloring indicates the amount 
of change over time, expressed as t-scores. Please note that, in order to add comparison between the two 
centrality measures, eccentricity scores are reversed (eccentricity increases are displayed in blue as they 
reflect decreases in centrality).
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Supplementary Table 1 Results of network analysis comparing de novo patients (n = 12) to controls (n = 14) 
(effect of disease), using original and additional epoch selection methods. 

Network measure Selection

Frequency band

Delta Theta Alpha1 Alpha2

Clustering coefficient 5 original 
8  
5 resampled

↓ p = .030
↓ p = .019
↓ p = .007

# #
n/s 
n/s 

↓ p = .093

Path length 5 original 
8  
5 resampled

# # # #

Leaf number 5 original 
8  
5 resampled

# # #
↓ p = .005
↓ p = .006
↓ p = .010

Tree hierarchy 5 original 
8  
5 resampled

# # #
↓ p = .027
↓ p = .003
↓ p = .012

Eccentricity 5 original 
8  
5 resampled

# # #
↑ p = .081
↑ p = .020
↑ p = .007

Betweenness centrality 5 original 
8  
5 resampled

# # # #

Arrows indicate the direction of change in patients compared to controls. Statistical trends are also depicted 
in order to improve comparability between the different selection methods. 
n/s, non-significant; #, all three selection methods resulted in a non-significant difference.
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Supplementary Table 2 Results of longitudinal network analysis in the full group of patients (n = 43), using 
original and additional epoch selection methods. 

Network measure Selection

Frequency band

Delta Theta Alpha1 Alpha2

Clustering coefficient 5 original 
8  
5 resampled

n/s 
↓ p = .037
↓ p = .059

↓ p = .044
↓ p = .042
↓ p = .008

↓ p = .035
↓ p = .077
↓ p = .008

↓ p = .043
↓ p = .069

n/s

Path length 5 original 
8  
5 resampled

#
↓ p = .059
↓ p = .031
↓ p = .004

#
↓ p = .001
↓ p = .007
↓ p = .014

Leaf number 5 original 
8  
5 resampled

↓ p = .076
↓ p = .017
↓ p = .008

↓ p = .005
↓ p = .017
↓ p = .027

↓ p = .057
↓ p = .070
↓ p = .029

#

Tree hierarchy 5 original 
8  
5 resampled

↓ p = .033
n/s 

↓ p = .067
# # #

Eccentricity 5 original 
8  
5 resampled

n/s 
↑ p = .037

n/s

↑ p = .024
↑ p = .058

n/s
# #

Betweenness centrality 5 original 
8  
5 resampled

#
↓ p = .089
↓ p = .022
↓ p = .016

# #

Arrows indicate the direction of longitudinal change. Statistical trends are also depicted in order to improve 
comparability between the different selection methods. 
n/s, non-significant; #, all three selection methods resulted in a non-significant difference

Supplementary Table 3 Results of weighted graph and MST analyses for de novo patients (n = 12) compared 
to controls (n = 14) (effect of disease).

Frequency band Analysis Measure Controls (n = 14) de novo patients (n = 12)

Delta 
(0.5-4 Hz)

Graph Clustering coefficient

Path length

1.064 (0.022)

1.040 (0.015)

1.048 (0.010)

1.034 (0.008)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.615 (0.037)

0.450 (0.029)

0.154 (0.017)

0.690 (0.030)

0.604 (0.023)

0.437 (0.014)

0.155 (0.012)

0.697 (0.020)

Alpha2 
(10-13 Hz)

Graph Clustering coefficient

Path length

1.051 (0.019)

1.028 (0.013)

1.040 (0.012)

1.025 (0.014)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.594 (0.026)

0.444 (0.023)

0.162 (0.012)

0.674 (0.026)

0.566 (0.018)

0.423 (0.023)

0.171 (0.011)

0.673 (0.026)

Only frequency bands that yielded significant results are presented. All values are expressed as mean (SD).
Significant effects are indicated in bold (p < .05). MST, minimum spanning tree.
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Supplementary Table 4 Results of longitudinal weighted graph and MST analyses in the full group of PD 
patients (n = 43) and controls (n = 14) with an approximate time interval of 4 years. 

Frequency 
band Analysis Measure

Controls (n = 14) Patients (n = 43)

Baseline Follow-up Baseline Follow-up

Delta 
(0.5-4 Hz)

Graph Clustering coefficient 

Path length 

1.064 (0.022)

1.040 (0.015)

1.053 (0.014)

1.038 (0.020)

1.051 (0.015)

1.032 (0.011)

1.047 (0.013)

1.031 (0.012)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.615 (0.037)

0.450 (0.029)

0.154 (0.017)

0.690 (0.030)

0.608 (0.018)

0.447 (0.023)

0.155 (0.011)

0.685 (0.024)

0.602 (0.026)

0.444 (0.023)

0.157 (0.013)

0.684 (0.025)

0.594 (0.025)

0.434 (0.023)

0.159 (0.011)

0.689 (0.027)

Theta 
(4-8 Hz)

Graph Clustering coefficient

Path length

1.040 (0.010)

1.025 (0.011)

1.041 (0.006)

1.027 (0.010)

1.045 (0.015)

1.032 (0.015)

1.039 (0.015)

1.028 (0.013)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.565 (0.017)

0.418 (0.019)

0.165 (0.007)

0.680 (0.022)

0.574 (0.023)

0.424 (0.020)

0.165 (0.012)

0.681 (0.032)

0.584 (0.023)

0.429 (0.023)

0.162 (0.014)

0.685 (0.024)

0.571 (0.019)

0.426 (0.017)

0.168 (0.015)

0.674 (0.029)

Alpha1 
(8-10 Hz)

Graph Clustering coefficient

Path length

1.057 (0.017)

1.030 (0.015)

1.046 (0.013)

1.027 (0.008)

1.049 (0.016)

1.032 (0.011)

1.043 (0.015)

1.029 (0.014)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.592 (0.029)

0.433 (0.023)

0.162 (0.012)

0.689 (0.020)

0.575 (0.031)

0.418 (0.019)

0.161 (0.011)

0.694 (0.023)

0.583 (0.031)

0.430 (0.026)

0.166 (0.013)

0.684 (0.026)

0.574 (0.029)

0.427 (0.022)

0.168 (0.013)

0.675 (0.029)

 Alpha2 
(10-13 Hz)

Graph Clustering coefficient 

Path length

1.051 (0.019)

1.028 (0.013)

1.039 (0.009)

1.023 (0.008)

1.042 (0.016)

1.028 (0.015)

1.037 (0.011)

1.020 (0.007)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.594 (0.026)

0.444 (0.023)

0.162 (0.012)

0.674 (0.026)

0.568 (0.026)

0.425 (0.019)

0.167 (0.015)

0.673 (0.029)

0.567 (0.025)

0.421 (0.024)

0.168 (0.013)

0.678 (0.024)

0.563 (0.027)

0.424 (0.025)

0.170  0.014)

0.671 (0.024)

Beta 
(13-30 Hz)

Graph Clustering coefficient

Path length

1.043 (0.019)

1.025 (0.013)

1.037 (0.008)

1.023 (0.011)

1.042 (0.014)

1.027 (0.012)

1.040 (0.012)

1.024 (0.010)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.577 (0.026)

0.431 (0.020)

0.163 (0.012)

0.673 (0.037)

0.568 (0.014)

0.414 (0.021)

0.164 (0.011)

0.693 (0.034)

0.563 (0.029)

0.421 (0.022)

0.168 (0.014)

0.673 (0.030)

0.569 (0.023)

0.423 (0.025)

0.168 (0.012)

0.677 (0.030)

Gamma 
(30-48 Hz)

Graph Clustering coefficient

Path length

1.053 (0.029)

1.036 (0.029)

1.041 (0.010)

1.026 (0.015)

1.043 (0.030)

1.023 (0.031)

1.041 (0.023)

1.023 (0.023)

MST Leaf number

Tree hierarchy

Eccentricity

Betweenness centrality

0.587 (0.030)

0.433 (0.024)

0.165 (0.011)

0.684 (0.023)

0.562 (0.020)

0.418 (0.023)

0.169 (0.012)

0.678 (0.025)

0.572 (0.034)

0.426 (0.022)

0.167 (0.017)

0.677 (0.033)

0.569 (0.031)

0.420 (0.023)

0.165 (0.015)

0.683 (0.028)

All values are expressed as mean (SD). Significant effects are indicated in bold (p < .05, effect of time within 
subject groups).
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Supplementary Table 5 Cortical regions showing significant increases (p < .05) in eccentricity values over 
time in the full group of PD patients (n = 43).

Left hemisphere Right hemisphere

Region p-value Region p-value

Olfactory cortex .001 Gyrus rectus .023

Superior frontal gyrus, medial orbital part .010 Olfactory cortex .006

Inferior frontal gyrus, orbital part .047 Superior frontal gyrus, orbital part .008

Superior frontal gyrus, dorsolateral part .032 Superior frontal gyrus, medial orbital part .006

Inferior frontal gyrus, opercular part .004 Middle frontal gyrus, orbital part .005

Inferior frontal gyrus, triangular part .012 Inferior frontal gyrus, orbital part .043

Precentral gyrus .034 Inferior frontal gyrus, opercular part .010

Postcentral gyrus <.001 Rolandic operculum .040

Cuneus .039 Heschl’s gyrus .022

Fusiform gyrus .013 Superior temporal gyrus .049

Superior temporal gyrus .029 Inferior temporal gyrus .021

Temporal pole: middle temporal gyrus .023 Temporal pole: superior temporal gyrus .009

Anterior (para)cingulate gyrus .007

Posterior cingulate gyrus .013

Insula .002
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