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Abstract: Cognitive deficits are common in Parkinson’s disease and we suspect that dysfunctions of
connected brain regions can be the source of these deficits. The aim of the present study was to investi-
gate changes in whole-brain intrinsic functional connectivity according to differences in cognitive pro-
files in Parkinson’s disease. 119 participants were enrolled and divided into four groups according to
their cognitive phenotypes (determined by a cluster analysis): (i) 31 cognitively intact patients (G1), (ii)
31 patients with only slight mental slowing (G2), (iii) 43 patients with mild to moderate deficits mainly
in executive functions (G3), (iv) 14 patients with severe deficits in all cognitive domains (G4–5). Rs-
fMRI whole-brain connectivity was examined by two complementary approaches: graph theory for
studying network functional organization and network-based statistics (NBS) for exploring functional
connectivity amongst brain regions. After adjustment for age, duration of formal education and center
of acquisition, there were significant group differences for all functional organization indexes: function-
al organization decreased (G1>G2>G3>G4-5) as cognitive impairment worsened. Between-group dif-
ferences in functional connectivity (NBS corrected, P< 0.01) mainly concerned the ventral prefrontal,
parietal, temporal and occipital cortices as well as the basal ganglia. In Parkinson’s disease, brain net-
work organization is progressively disrupted as cognitive impairment worsens, with an increasing
number of altered connections between brain regions. We observed reduced connectivity in highly
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associative areas, even in patients with only slight mental slowing. The association of slowed mental
processing with loss of connectivity between highly associative areas could be an early marker of cog-
nitive impairment in Parkinson’s disease and may contribute to the detection of prodromal forms of
Parkinson’s disease dementia. Hum Brain Mapp 38:1604–1621, 2017. VC 2016 Wiley Periodicals, Inc.

Key words: cognition; dementia; fMRI; resting state connectivity

r r

INTRODUCTION

Parkinson’s disease is a neurodegenerative disease
affecting more than 1% of the population over the age of
60 [de Lau and Breteler, 2006]. Besides the hallmark motor
symptoms (rest tremor, hypokinesia, rigidity and postural
instability), cognitive deficits are common in Parkinson’s
disease. In untreated, newly diagnosed patients, their
prevalence is estimated around 20 to 30% [Barone et al.,
2011; Elgh et al., 2009; Muslimovic et al., 2005]. On aver-
age, 26.7% (range: 18.9%–38.2%) meet the criteria for mild
cognitive impairment [Litvan et al., 2011] whose preva-
lence increases with age, disease duration and severity of
Parkinson’s disease. In cross-sectional studies, 30–40% of
patients meet criteria for dementia [Emre, 2003; Emre
et al., 2007] and the cumulative incidence may be as high
as 80–90% [Aarsland et al., 2005; Buter et al., 2008; Hughes
et al., 2000]. There is a substantial heterogeneity in the
clinical presentation of cognitive deficits in Parkinson’s
disease [Tr€oster, 2011] but also in their progression [Halli-
day and McCann, 2010; Reid et al., 2011]. Most studies on
cognitive phenotypes in Parkinson’s disease have used
predefined categories, yet in a previous study, we used a
data-driven approach in a large group of patients (n 5 557)
who underwent a standardized neuropsychological

assessment and we identified five cognitive profiles on a
spectrum going from cognitively intact patients with high
level of performance to patients with severe deficits in all
cognitive domains [Dujardin et al., 2013]. We recently con-
firmed these results in an independent cohort of 156
patients [Dujardin et al., 2015]. The finding of a spectrum
of severity of cognitive impairment in Parkinson’s disease
suggests that the identified cognitive phenotypes probably
not emerge from focused atrophy or dysfunction of spe-
cific brain regions but are more likely related to alterations
in information processing by different brain regions
involved in functional networks. In the present study, our
aim was to determine whether these cognitive phenotypes
were associated with specific changes in markers of brain
functional organization.

Resting state functional magnetic resonance imaging (rs-
fMRI) has been shown to be particularly relevant to inves-
tigate large-scale brain network organization [Biswal et al.,
1995; Fox and Raichle, 2007]. This non-invasive method
allows investigation of brain changes associated with a
disease by focusing on low-frequency spontaneous fluctua-
tions in the blood-oxygenation-level-dependent (BOLD)
signal that occur at rest [Prodoehl et al., 2014]. Recently,
the combination of rs-fMRI and graph-based network anal-
ysis revealed the topological organization of human
whole-brain functional networks, such as, network effi-
ciency and modularity [for reviews, see (Bullmore and
Sporns, 2009)]. rs-fMRI studies in PD first explored func-
tional connectivity of the motor network [Helmich et al.,
2010; Wu et al., 2009; Wu et al., 2011] and, more recently,
changes in brain connectivity associated with cognitive
disorders. The latter studies aimed to investigate changes
in the three core neurocognitive networks considered as
playing a critical role in the pathophysiology of cognitive
disorders: the default-mode network (DMN), the salience
network and the central executive network [Bressler and
Menon, 2010]. Several studies found that decreased func-
tional connectivity within the DMN was associated with
cognitive impairment in Parkinson’s disease [Olde Dubbe-
link et al., 2014; Rektorova et al., 2012; Tessitore et al.,
2012]. Baggio et al. [Baggio et al., 2014] used rs-fMRI and
graph-theory-based network analysis to explore global and
local brain connectivity in 84 Parkinson’s disease patients
of which 35% had a mild cognitive impairment (PD-MCI),
and 38 matched healthy controls. Decreases in widespread
long-range connectivity were observed in the Parkinson’s
disease group as a whole but were greater in the PD-MCI

Abbreviations

AUC Area under the curve
BOLD Blood-oxygen-level dependent
Cp Clustering coefficient
DMN Default mode network
Eg Global efficiency
Eloc Local efficiency
EPI Echo planar imaging
FDR False discovery rate
Lp Mean path length
MNI Montreal neurological institute
MDS-UPDRS Movement Disorders Society - Unified Parkinson

Disease Rating Scale
NBS Network-based statistitics
PD-MCI Parkinson’s disease with mild cognitive

impairment
ROI Region of interest
Rs-fMRI Resting-state functional magnetic resonance

imaging
SD Standard deviation
TE Echo time
TR Repetition time
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subgroup in which all the connections between the major
cortical and subcortical areas were concerned. Increases in
local connectivity were also observed, which were associ-
ated with deficits in visuospatial functions and memory.
These authors also investigated whether the three groups
differed in terms of connectivity within the three core neu-
rocognitive networks [Baggio et al., 2015b] and found
reduced connectivity between right fronto-insular regions
and the dorsal attention network in the PD-MCI subgroup.
This reduced connectivity was associated with decreased
performance in attention and executive functions. They
also observed an increased connectivity between posterior
cortical regions and the DMN, associated with deficits in
visuospatial functions.

In the present study, we hypothesized that the spectrum
of cognitive impairment we observed in our previous studies
results from changes in brain functional organization. We
used two approaches for assessing these changes in whole-
brain functional connectivity. Firstly, network topology was
investigated by graph theory to quantify alterations in segre-
gation, integration and degree distribution of the functional
network. Secondly, functional connectivity amongst 164
brain regions was explored using network-based statistics to
quantify focal alterations in the network [Zalesky et al.,
2010]. Our main hypothesis was that cognitive profiles in
Parkinson’s disease differ in terms of functional network
organization and patterns of functional connectivity between
the cortical regions. More specifically, we expected that pro-
gression of cognitive decline would be associated with
decreased functional segregation and integration of the net-
work (markers of the organization of the brain regions con-
nections). We also hypothesized that the different cognitive
profiles will differ in terms of patterns of functional connec-
tivity between brain regions. Finally, patterns of connectivity
were correlated with performance on the neuropsychological
tests in order to determine whether specific changes in the
topological organization of the brain are markers of a cogni-
tive phenotype.

MATERIALS AND METHODS

Participants and Assessment

The present study follows a cross-sectional study that
aimed to identify cognitive phenotypes in Parkinson’s dis-
ease. One hundred fifty-six Parkinson’s disease patients par-
ticipated in the study. All patients met the United Kingdom
Brain Bank criteria for idiopathic Parkinson’s disease [Gibb
and Lees, 1988] and none was suffering from a neurological
disease other than Parkinson’s disease. Patients with moder-
ate and severe dementia (defined as a score >1 on the Clini-
cal Dementia Rating [Morris, 1993] and according to the
Movement Disorders criteria [Emre et al., 2007]) and those
older than 80 years were excluded. They were recruited
among the outpatients of two independent European move-
ment disorder centers, in Lille, France and Maastricht, the

Netherlands. All participants gave their informed consent to
participation in the study, which had been approved by the
local institutional review boards (CPP Nord-Ouest IV, 2012-
A 01317-36, ClinicalTrials.gov Identifier: NCT01792843).

All patients underwent a comprehensive neuropsycho-
logical assessment including tests for global cognition and
standardized tests representing five cognitive domains: (1)
attention and working memory (Digit span forward and
backward [Wechsler, 1986], Symbol Digit Modalities Test
[Smith, 1982]) (2) executive functions (Trail Making Test
B/A ratio [Reitan, 1992], the interference index and the
number of errors in the interference condition of a 50-item
version of the Stroop word color test and a 1-minute pho-
nemic word generation task performed in single and alter-
nating conditions) (3) verbal episodic memory (Hopkins
verbal learning test [Brandt and Benedict, 2001]), (4) lan-
guage (the 15-item short form of the Boston naming test
[Graves et al., 2004] and animal names generation task in
1 minute), (5) visuospatial functions (the short version of
the judgment of line orientation test [Benton et al., 1978]).
A cluster analysis (based on the k-means method) per-
formed on the neuropsychological variables identified five
phenotypes that were used for separating the participants
according to their cognitive status: (1) cognitively intact
patients with high level of performance in all cognitive
domains, (2) cognitively intact patients with only slight
mental slowing, (3) patients with mild to moderate deficits
in executive functions, (4) patients with severe deficits in
all cognitive domains, particularly executive functions, (5)
patients with severe deficits in all cognitive domains, par-
ticularly working memory and recall in verbal episodic
memory (for details, see [Dujardin et al., 2015]).

Detailed demographic and disease related variables
were recorded likewise. All the patients’ medications were
checked and doses of antiparkinsonian medication were
converted to levodopa equivalent daily dose according to
the algorithm by Tomlinson et al. [2010]. Severity of motor
symptoms was assessed by the score on the Movement
Disorders Society—Unified Parkinson Disease Rating Scale
(MDS-UPDRS)—part III [Goetz et al., 2008] and disease
stage by the Hoehn & Yahr score [Hoehn and Yahr, 2001].
The severity of depression, apathy and anxiety symptoms
was quantified with the 17-item Hamilton Depression Rat-
ing Scale [Hamilton, 1960], the Lille Apathy Rating Scale
[Sockeel et al., 2006] and the Parkinson Anxiety Rating
Scale [Leentjens et al., 2014], respectively. The presence
and severity of hallucinations was assessed by the score
on the item 1.2 of the MDS-UPDRS.

All patients were assessed after having received their
usual anti-parkinsonian medication and were in their “best
on” state.

MRI Acquisition

Patients were scanned at two sites (Maastricht and Lille)
using the same 3T MRI scanner (Philips Achieva) with
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identical software versions and MR sequences. High-
resolution 3D T1-weighted images were acquired with a
magnetization-prepared gradient echo sequence (voxel
size: 0.750 3 0.727 3 0.727 mm3; TR: 10.4 ms; TE: 4.76 ms;
matrix size: 214 3 352 3 352 voxels). Resting-state func-
tional imaging (rs-fMRI) was performed with a T2*-
weighted EPI sequence lasting 10 min (voxel size: 3 3 3 3

3 mm3; TR: 2400 ms; TE: 30 ms; matrix size: 64 3 64 3 40
voxels; flip angle: 908). Patients were required to remain
quiet, stay awake and close their eyes.

One hundred thirty-four of the participants had an MRI
scan. For the quality control of the data, all images were
visually inspected by an investigator (CD) and rs-fMRI
images with largely incomplete brain coverage, high move-
ment peaks, ghosting or large motion artefacts were exclud-
ed. The displacements were computed using the six
parameters (three rotations and three translations) from the
rigid registration algorithm (for details, see section
“Functional MRI pre-processing”). Rotational framewise dis-
placements were adjusted to be expressed as a millimeter
displacement for a typical distance from the center of
50 mm (Power et al., 2012). The sum of the absolute value of
the six displacement measures were calculated for each
frame and scrubbing frames were defined as those for which
the value was greater than two standard deviations from the
mean displacement. Subjects whose scrubbing frames repre-
sented more than 15% of all the frames were excluded. Five
patients were excluded from the study because of brain
lesions (thalamic lacunar infarctions, left prefrontal, bilateral
orbito-frontal and two cases of temporal ischemic lesions),
four patients with poor quality of T1 image and six patients
with motion artefacts in rs-fMRI data. As a result, one hun-
dred nineteen participants were included in the present
study and divided into four groups according to the cogni-
tive phenotypes (due to the low number of subjects, partici-
pants of the two groups with severe cognitive deficits were
merged into one group): (1) 31 cognitively intact patients
with high level of performance in all cognitive domains—“
G1,” (2) 31 cognitively intact patients with only slight mental
slowing—“ G2,” (3) 43 patients with mild to moderate defi-
cits, mainly in executive functions—“ G3,” (4) 14 patients
with severe deficits in all cognitive domains—“ G4-5.”

Functional MRI Pre-Processing

First, pre-processing of fMRI data included the removal
of the first three image volumes (to avoid T1 equilibration
effects), rigid-body head motion correction to the first frame
of data, and slice-timing correction using the first frame as
the reference. Then, the distortion field, inherent to EPI
images in the phase encoding direction and responsible for
geometric and signal artefacts, was calculated using a pair
of spin echo EPI scans with opposite phase encoding direc-
tions [Holland et al., 2010]. The FSL toolbox “topup”
[Andersson et al., 2003] was used to estimate the distortion
field, which was applied to correct all fMRI images.

Brain Parcellation and Registration to Functional

MRI

Structural T1-weighted images were processed using the
Freesurfer software (http://surfer.nmr.mgh.harvard.edu/).
This included the pre-processing steps of non-uniform signal
correction, signal and spatial normalizations, skull stripping
and brain tissues segmentation [Dale et al., 1999]. Freesurfer
software provided parcellation of anatomical regions of corti-
ces (74 for each hemisphere) based on the Destrieux atlas
and subcortical regions (eight for each hemisphere: nucleus
accumbens, amygdala, caudate, hippocampus, pallidum,
putamen, thalamus and ventral diencephalon). In total, 164
regions of interest (ROIs) were studied (Fig. 1). ROIs defined
in T1 space had to be transformed into fMRI space where all
calculations were made. T1 images were registered to the
fMRI data using boundary-based registration [Greve and
Fischl, 2009]. This method is more accurate than common
registration algorithm, such as correlation ratio and normal-
ized mutual information. The first frame of the pre-
processed fMRI data was chosen as the template image. The
cross-modality registration was achieved by minimizing the
misalignment between the cortical grey-white boundaries in
the anatomical and fMRI template image through six
degrees of freedoms. Finally, ROIs and brain tissues segmen-
tation masks (white matter and cerebrospinal fluid) were
resampled to fMRI space. Parcellation and registration were
manually checked for errors by visual inspection.

Network Construction

Two additional processing steps on fMRI data were
added before the computation of the functional connectivi-
ty. Firstly, the physiological signal fluctuations were
removed by a brain tissue-based correction approach
called CompCor [Behzadi et al., 2007]. This method

Figure 1.

Brain parcellation in 148 cortical regions based on the Destrieux

atlas and 16 subcortical regions. [Color figure can be viewed at

wileyonlinelibrary.com]
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required white matter and cerebrospinal fluid masks
extracted from the T1 image in the previous section. After
a first regression to remove linear/quadratic trends (to
account for scanner drift) and six motion parameters, the
top five principal components from both masks were
regressed out from each BOLD signal. Secondly, residual
fMRI data were low-pass filtered, such that only frequen-
cies below 0.1 Hz were selected.

A network or graph G 5 (V,E) is composed of nodes V
and edges E between nodes. Herein, the functional network
was obtained from the defined and registered ROIs and
BOLD signal. The nodes represented the one hundred sixty-
four ROIs and the edges represented the linear correlation
between the mean BOLD time-courses in two given ROIs.
For each participant, a 164x164 symmetric weighted network
was constructed. Finally, as age, formal education duration
and participating centre differed across groups, the weighted
network was corrected for all three by regressing out these
factors of each participant from weighted edges.

Statistical Analyses

The network analyses were performed at two scales: net-
work scale and edges scale. At the network scale, function-
al organization indexes of brain networks were computed
using GRETNA toolbox (https://www.nitrc.org/projects/
gretna/): the functional segregation, the functional integra-
tion and the degree distribution. At the edge scale, the
alterations in functional connectivity were investigated
using network-based statistics.

Network Topology Analysis

Functional segregation and integration (graph theory

measures)

The corrected weighted network was thresholded at dif-
ferent levels of sparsities ranging from 10% to 40% using
increments of 1%, in keeping the highest weighted edges.
At each threshold, global network metrics were calculated:
the clustering coefficient Cp, the mean path length Lp, the
global efficiency Eg and the local efficiency Eloc. The area
under the curve (AUC) for each network metric was
calculated to provide a summarized scalar for topological
organization of brain networks independent of a single
threshold selection [Achard et al., 2006] . The metrics’ defi-
nitions are briefly described below.

The clustering coefficient Cp of G quantifies the extent of
local clustering or cliquishness of a network [Watts and Stro-
gatz, 1998]. It is expressed as follows [Onnela et al., 2005]:

Cp Gð Þ5 mean
i2node

2

ki ki21ð Þ
X

j;k

wij wjk wki

� �1=3
(2)

where ki is the degree of node i (
P

j6¼i2G wi;j > 0), and w is
the weighted value of the edge, which is scaled by the

mean of all weights to control each participant’s cost at
the same level.

The mean path length Lp of G quantifies the ability for
information to be propagated in parallel. It is expressed as
follows:

Lp Gð Þ5 1

N N21ð Þ
X

i6¼j2G

Lij (3)

where Lij is the shortest path length between any pair of
nodes i and j and is defined as the sum of the edge weight
wij along this path.

The Eg of G quantifies the global efficiency of the parallel
information transfer in the network. It is expressed as follows:

Eg Gð Þ5 1

N N21ð Þ
X

i6¼j2G

1

Lij
(4)

The Eloc of G quantifies the fault tolerance of a network,
showing how efficient the communication is among the
first neighbours of node i when it is removed. It is
expressed as follows:

Eloc Gð Þ5 1

N N21ð Þ
X

i6¼j2G

Eg Gið Þ (5)

Where Gi denotes the subgraph composed of the nearest
neighbours of node i.

Between-group differences in AUC values of network
metrics were investigated in a one-way ANOVA after the
normality of the data distribution had been checked in a
Kolmogorov-Smirnov test. Levene’s test showed non-
homogeneity of variances within groups, so Welch
ANOVA using SPSS 20.0 software (SPSS Inc., Chicago, IL,
USA) was performed on data. Metrics showing main effect
of group difference in ANOVA model were further evalu-
ated by post-hoc tests (Games-Howell test). A significance
threshold of P< 0.01 was applied to each test and the FDR
was used to correct for multiple comparisons.

Degree distribution

The degree distribution P(k) of a graph is the fraction of
nodes with degree k, and can be used to assay the hierar-
chy of hubs in the network. The analysis was performed
on the sparsest binary network (10%) to eliminate the
weaker noisy connections [Achard et al., 2006]. Brain net-
works may be fitted for three candidate models based on
the frequency distribution of their node degrees:

Exponential : P Kð Þ5e2bK (6)

Power-law: P Kð Þ5K2a (7)

Exponentially truncated power-law: P Kð Þ5Ka21eK=b (8)

Where K denotes degree, a the power law exponent and
the b exponential cutoff.
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These three statistical models were evaluated using
Akaike’s information criterion. Between-group differences
in a and/or b values were assessed by one-way ANOVA
and post-hoc tests at a significance threshold of P< 0.01,
FDR corrected.

Subjects classification based on graph-theory

measures

In order to determine if a combination of graph-theory
measures could predict the subject groups, we performed
a multinomial logistic regression to build classification
models (Matlab software). In our model, the predictors
were the four network measures and the response was the
subject’s group. Classification accuracy was evaluated via
leave-one-out cross-validation to ensure a relatively unbi-
ased estimate of the generalization power of the classifiers
to new subjects. The model was estimated 119 times, each
time leaving out a different subject, leading to a cross-
validation classification accuracy. The sensitivity and the
specificity were calculated from the confusion matrix.

Correlation with cognitive performance

To assess the relationship between the global network
indices and cognitive performance, each network metric
was correlated with a composite cognitive score. This score
was based on the results of a prior study [Dujardin et al.,

2015]. Indeed, after the clustering analysis identifying the
five cognitive profiles, we carried out a discriminant facto-
rial analysis (for details see, [Dujardin et al., 2015]) reveal-
ing that three neuropsychological tests were the most
discriminant. It included the number of correct responses
at the symbol digit modalities test, the number of errors at
the Stroop test and animal fluency in 60 sec. Z-scores were
calculated for each of these tests and the cognitive score
used was the sum of these Z-scores. Pearson’s correlation
coefficients were used and FDR was used to correct for
multiple comparisons.

Functional connectivity analysis

To further identify functional connections showing dif-
ferences in patients groups, the network-based statistics
(NBS) approach was used, which is a validated nonpara-
metrical statistical approach for controlling family-wise
error in connectome analyses [Zalesky et al., 2010]. NBS
was applied to compare patient groups with the following
sequence: (1) mean connectivity strengths changes were
calculated with permutation tests, (2) network components
of connected edges that survived a P-value of 0.005 uncor-
rected were retained, (3) the size of the largest cluster was
calculated. To generate an empirical null distribution for
evaluating the statistical significance of the cluster sizes,
groups were randomly shuffled (20,000 permutations),
then the largest cluster size null-distribution was obtained

TABLE I. Demographic and clinical features (mean (SD), unless otherwise indicated) of the four patient subgroups

N 5 119 Group 1 Group 2 Group 3 Group 4 P value

n (%) 31 (26.05) 31 (26.05) 43 (36.13) 14 (11.76)
Center (Lille/Maastricht) 8/23 16/15 31/12 10/4 0.001
Demographic

Sex (% male) 67.74 77.42 60.46 71.43 0.482
Age (y) 60.19 (8.37) 64.56 (6.23) 66.65 (7.92) 69.82 (6.09) <0.001
Formal education (y) 13.45 (3.25) 13.84 (4.41) 11.33 (3.46) 9.36 (2.13) <0.001
Clinical

Disease duration (y) 7.52 (5.07) 8.26 (7.48) 8.65 (4.81) 10.36 (6.15) 0.501
MDS_UPDRS3 score 25.19 (10.65) 29.45 (12.29) 27.86 (11.12) 28.71 (17.47) 0.563
Hoehn & Yahr stage 1.87 (0.36) 2.06 (0.44) 2.20 (0.62) 2.21 (8.80) 0.065
Side of onset (% right) 48.39 45.16 44.18 71.42 0.333
Medication

LEDD (mg/day) 753.00 (696.60) 727.80 (494.54) 862.96 (544.15) 838.80 (275.24) 0.714
Neuropsychiatry

Hamilton depression rating scale 5.68 (4.39) 5.45 (5.51) 6.28 (4.22) 5.64 (4.24) 0.881
Lille apathy rating scale 226.68 (6.22) 226.94 (6.65) 223.05 (7.00) 220.93 (7.66) 0.007
Hallucinations (%) 0.00 0.00 34.88 14.29 0.017
Slight hallucinations (n) 0 0 10 2
Mild hallucinations (n) 0 0 5 0
Severe hallucinations (n) 0 0 0 0
Overall cognition

MMSE/(30) 28.77 (1.12) 28.45 (1.67) 26.98 (2.29) 24.14 (3.55) <0.001
Mattis DRS (/144) 140.58 (3.22) 140.26 (3.10) 134.56 (5.61) 125.86 (8.48) <0.001

MDS_UPDRS3 5 Movement Disorders Society sponsored revision of the Unified Parkinson’s disease Rating Scale-Part III (severity of
motor symptoms)[Goetz et al., 2008]; LEDD 5 Levodopa Equivalent Daily Dose; MMSE 5 Mini Mental Sate Examination; DRS 5 dementia
rating scale.
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by repeating steps 1, 2, and 3. Note that while the choice
of the NBS threshold value is arbitrary, it can affect only
sensitivity and not specificity [Zalesky et al., 2012].

Corrected weighted networks of all groups were entered
into a one-way ANOVA in NBS approach (P< 0.01 NBS-
corrected for multiple comparisons). Post-hoc t-tests were
performed to assess between-group differences on the sig-
nificant network obtained by ANOVA (P< 0.01 NBS-
corrected for multiple comparisons).

For the visualization purpose, circular graphical repre-
sentations (called “connectograms”) were used to display
significant connections in the statistical analyses using Cir-
cos software (http://www.circos.ca) [Irimia et al., 2012].
The pair-wise connections were displayed with links col-
ored by connection type: left intra-hemispheric (blue),
right intra-hemispheric (green) and inter-hemispheric
(red). ROIs were grouped according to broad anatomical
divisions (i.e., frontal, insular, cingular limbic, temporal,
parietal, occipital, subcortical). The ROIs with a high
degree of significant connections (k> 1 SD above the
mean) were classified as “network hubs” and represented
in bold, in accordance with prior work [Baker et al., 2015].

RESULTS

Demographic, Clinical, and Neuropsychological

Characteristics

Table I shows the demographical and clinical characteris-
tics of the four patient groups and results of neuropsycho-
logical assessment are shown in Table II. As significant

between-group differences were observed for age, duration
of formal education and number of subjects by participating
centre, further analyses were adjusted on these variables.
Despite a significant group effect on severity of the apathy
symptoms and frequency of hallucinations, these variables
were not considered as confounding factors since they have
been frequently associated with cognition in Parkinson’s
disease [Aarsland et al., 2014; Dujardin et al., 2009]. Table I
shows that most of the patients with hallucinations only
had illusions or not-formed hallucinations (scoring 1 on the
item 1.2 of MDS-UPDRS) or formed hallucinations without
loss of insight (scoring 2 on the item 1.2 of MDS-UPDRS).

Network Topology

There was a significant difference between groups as
determined by one-way ANOVA for global efficiency Eg

(F 5 14.10, P 5 0.000), clustering coefficient Cp (F 5 8.47,
P 5 0.001) and local efficiciency Eloc (F 5 4.75, P 5 0.008)
(Fig. 2). A Games-Howell test revealed that Eg was signifi-
cantly lower for G1, G2 and G3 than G4-5. Also, G1
showed lower Eg values than G2 and G3. The Cp values
were significantly higher for G1 and G2 than G4-5. Also,
G1 showed higher Cp values than G3. The Eloc values
were significantly higher for G1 and G2 than G4-5. No sta-
tistically significant difference was found between G2 and
G3 for all network metrics.

The best fitting using Akaike’s information criterion was
obtained with an exponentially truncated power law. Post-
hoc tests showed that the power law exponent a was
significantly increased but the exponential cutoff b was

TABLE II. Performance (mean (SD) at the neuropsychological tests of the four patient subgroups

N 5 119 Group 1 Group 2 Group 3 Group 4 P value

Attention and working memory

WAIS-R forward digit (/14) 8.65 (1.62) 7.74 (1.79) 6.63 (2.35) 6.50 (2.62) <0.001
WAIS-R backward digit (/14) 6.48 (1.52) 6.26 (1.53) 4.72 (1.64) 3.50 (1.58) <0.001
SDMT: number in 90sec 56.10 (7.11) 43.61 (3.39) 33.26 (6.72) 15.50 (10.43) <0.001
Executive functions

Trail Making Test (time B/time A) 2.16 (0.58) 2.46 (0.56) 2.77 (0.75) 2.53 (1.33) 0.010
Stroop: interference index 1.57 (0.41) 1.70 (0.25) 2.09 (0.62) 2.61 (1.22) <0.001
Stroop: errors 0.58 (1.99) 1.03 (1.25) 4.12 (4.37) 18.93 (14.07) <0.001
Phonemic fluency (60 sec) 15.32 (5.19) 15.06 (2.64) 10.77 (3.85) 7.64 (3.10) <0.001
Alternating fluency (60 sec) 14.61 (4.12) 13.29 (3.67) 8.35 (3.39) 6.14 (3.25) <0.001
Memory

HVLT Learn1 (/12) 7.29 (1.66) 6.77 (1.52) 5.51 (2.13) 3.43 (1.65) <0.001
HVLT Learn total (/36) 28.06 (4.12) 26.90 (3.05) 23.33 (4.11) 16.36 (4.89) <0.001
HVLT delayed recall (/12) 9.84 (1.71) 9.97 (1.78) 8.07 (2.18) 4.71 (2.87) <0.001
HVLT recognition hits (/12) 11.42 (0.81) 11.58 (0.81) 11.21 (0.94) 9.79 (1.72) <0.001
HVLT number of intrusions 1.10 (1.56) 1.45 (2.22) 2.33 (3.18) 3.29 (2.23) 0.023
Language

Boston naming test (/15) 13.77 (1.28) 13.35 (1.78) 11.14 (2.59) 10.64 (2.95) <0.001
Semantic fluency (animals in 60 sec) 25.58 (4.89) 20.26 (3.60) 15.02 (4.07) 10.64 (5.31) <0.001
Visuospatial functions

Judgment of line orientation (/15) 12.90 (2.01) 12.45 (2.67) 10.74 (2.88) 7.14 (3.03) <0.001

WAIS-R5 Wechsler for adults intelligence scale revised; SDMT5 Symbol digit modalities test; HVLT 5 Hopkins verbal learning test.
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significantly reduced in G4-5 (Fig. 3). These distribution
parameters indicate that the probability of high degree
hubs is reduced in G4-5.

The leave-one-out cross-validation classification proce-
dure was applied using the four network measures and
the performance is summarized in Table III. A classifica-
tion accuracy of 75% was obtained for all subjects. Howev-
er, the accuracy varied between groups. It was good for
groups G1 and G4-5 with a sensibility of 0.90 and 0.86 and
a specificity of 0.97 and 0.98, respectively. More difficulties
were observed to classify the subjects of G3 and especially
those of G2.

The scatterplots showing the correlation between each of
the network metrics and the cognitive score are presented
in Figure 4. The cognitive score was positively correlated

with the Cp, Eloc, and Lp values and negatively correlated
with the Eg values. Hence, high level of performance at
the neuropsychological tests was associated with more
extended local clustering, higher ability of information to
be propagated in the network, more efficient communica-
tion among neighbouring areas but less global efficiency of
the network.

Functional Connectivity

The ANOVA revealed significant functional differences
between groups (NBS corrected, P< 0.01) in the middle
and inferior frontal gyri, the anterior cingular gyrus, the
post central gyrus, the paracentral gyrus, the posterior
insular area, the fusiform gyrus, the cuneus and superior

Figure 2.

Boxplot of mean AUC network metrics values for each group. Between-group differences were

assessed by one-way ANOVA and post-hoc tests (P< 0.01). AUC value corresponds to the area

under the curve in plotting the network metric values as a function of the threshold values

applied to the connectivity matrix. [Color figure can be viewed at wileyonlinelibrary.com]
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occipital gyri, the calcarine sulcus, the striatum and the
thalamus in the right hemisphere and in the inferior (oper-
cular part) frontal and medial orbital frontal areas, the
temporo-occipital areas, the striatum and the thalamus in
the left hemisphere (Fig. 5 and Table IV). Further group
comparisons are illustrated by the connectograms (Figs. 6
and 7) and revealed between-group differences in the
architectural features of hub nodes and their connections
(Table IV). Patients in G1 had higher hub connections of
the right associative frontal and occipital areas than in G2.
Compared with G3, G1 had also higher hub connections of
the associative frontal, parietal, occipital areas, of the lim-
bic cingular gyrus and temporal areas in the right hemi-
sphere, as well as higher hub connections of a part of the
associative temporal area in the left hemisphere. Com-
pared with G4-5, G1 had higher hub connections of the
associative frontal, temporal, occipital areas, the sensori-
motor areas, the insular area, and the limbic cingular

gyrus in the right hemisphere and of the insular sulcus,
the associative temporal and occipital areas, the accum-
bens nucleus and hypothalamic area in the left hemi-
sphere. Compared with G3, G2 had higher hub
connections of the limbic and associative temporal areas in
the right hemisphere and higher hub connections of the
associative frontal sulcus and temporo-occipital areas in
the left hemisphere. Compared with G4-5, G2 had higher
hub connections of the associative frontal, parietal and
temporal areas, of the limbic cingular and temporal areas,
the primary visual area and the thalamus in the right
hemisphere and higher hub connections of the associative
temporal and occipital areas, of sensorimotor areas in the
left hemisphere. Compared with G4-5, G3 had higher hub
connections of the associative frontal areas, of the limbic
frontal and cingular areas, limbic anterior cingular, the pri-
mary sensorimotor areas, the associative temporal and
occipital areas in the right hemisphere and higher hub
connections of the limbic frontal and cingular areas, in the
left hemisphere.

DISCUSSION

By classifying Parkinson’s disease patients according to
a spectrum of severity in cognitive impairment, we found
a corresponding spectrum of changes in brain-network

Figure 3.

Degree distribution. Plots of the log of the cumulative distribution of degree vs the log of

degree, for each patients group. Cross points are the real data and lines are the estimated fitting.

Boxplot of the distribution parameters and for each group. Between-group differences were

assessed by one-way ANOVA and posthoc tests (P< 0.01). [Color figure can be viewed at

wileyonlinelibrary.com]

TABLE III. Performance of subjects’ classification based

on graph-theory measures

G1 G2 G3 G4-5

Sensitivity 0.90 0.48 0.79 0.86
Specificity 0.97 0.89 0.80 0.98
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Figure 4.

Scatterplots showing the correlation between each of AUC network metrics values and perfor-

mance at themost discriminant neuropsychological tests (composite cognitive score). AUC value

corresponds to the area under the curve in plotting the network metric values as a function of

the threshold values applied to the connectivity matrix. [Color figure can be viewed at wileyonli-

nelibrary.com]

Figure 5.

Significant difference in terms of functional connections between

groups as determined by one-way ANOVA (NBS corrected, P <
0.01). (top) Significant cortical nodes are projected onto the 74

cortical regions of interest segmented with Freesurfer and signif-

icant subcortical nodes were projected onto the MNI atlas. The

colour code represents the number of significant connections of

the given cortical ROI, from red representing one single connec-

tion and yellow more than 20. (bottom) Significant cortical and

subcortical nodes with a number of significant connections

higher than 10 are displayed. [Color figure can be viewed at

wileyonlinelibrary.com]
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TABLE IV. Localization of functional connectivity between-group differences

A. Significant group differences (ANOVA, P< 0.01 NBS-corrected for multiple comparisons). Only cortical and subcortical regions with
a number of significant connections higher than 10 are reported.

Brain area Side Specific area (Freesurfer labels)

MNI coordinates

x y z

Frontal Left Orbital median sulcus (olfactory) 212 25 217
Precentral sulcus-superior part 223 213 55
Precentral sulcus-inferior part 238 3 24

Right Middle frontal sulcus 28 47 13
Frontal inferior gyrus - orbital 48 35 29
Frontal inferior gyrus - opercular 53 14 7

Parietal Right Postcentral gyrus 47 227 58
Central sulcus 20 226 55
Paracentral gyrus and sulcus 6 231 61

Temporal Left Transverse temporal sulcus 258 228 7
Lateral temporo-occipital sulcus 241 263 211
Hippocampus 222 218 18

Right Lateral occipito-temporal/fusiform gyrus 33 253 216
Hippocampus 22 218 18

Occipital Right Superior occipital gyrus 13 286 28
Calcarine sulcus 27 265 4
Cuneus gyrus 6 278 18

Cingular Right Anterior cingular gyrus & sulcus 15 42 3
Insular Right Lateral fissure—posterior part 33 229 16
Basal ganglia Left Accumbens nucleus 29 9 27

Caudate nucleus 29 12 5
Thalamus 210 220 211

Right Accumbens nucleus 9 9 27
Putamen 29 3 21
Thalamus 13 214 9

10 220 211

B. Group comparisons (two-sample t-test, P< 0.01 NBS-corrected for multiple comparisons)

Contrast Side Brain area (Freesurfer labels)

MNI coordinates

x y z

G1 vs. G2 Right Superior frontal sulcus 22 30 35
Superior occipital gyrus 13 286 28

G1 vs. G3 Left Transverse temporal sulcus 258 228 7
Right Superior frontal sulcus 22 30 35

Middle frontal sulcus 28 47 13
Cingular gyrus & sulcus (middle & posterior) 12 210 48
Superior temporal gyrus-planum polare 33 4 225
Superior parietal gyrus 30 246 64
Superior occipital gyrus 13 286 28
Inferior occipital gyrus and sulcus 34 285 19

G1 vs. G4 Left Anterior circular insular sulcus 229 25 23
Transverse temporal sulcus 258 228 7
Superior temporal sulcus 256 223 25
Posterior transverse collateral sulcus 222 256 19
Accumbens 29 9 27
Thalamus 210 220 211

Right Inferior frontal gyrus (opercular) 42 10 5
Precentral gyrus 35 224 56
Superior circular insula sulcus 40 10 8
Cingular gyrus (posterior and ventral) 3 250 15
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organization and connectivity at rest. More specifically, the
local connectivity properties, i.e., functional network segre-
gation (measured by the clustering coefficient and local
efficiency, indices of local interconnectivity of a network),
decreased as cognitive impairment worsened. Group dif-
ferences in functional connectivity mainly concerned the
ventral prefrontal, parietal, temporal and occipital cortices.
The number of altered connections between the nodes of
the network increased as cognitive impairment worsened.
One of the key results of this study is that, even cognitive-
ly intact patients with only slight mental slowing (G2)
already have reduced connectivity of two highly

associative areas, the dorsolateral frontal cortex and the
extrastriate cortex. This suggests that deficits in multimod-
al integration could be at the origin of very subtle cogni-
tive impairment in Parkinson’s disease, appearing early in
the course of the disease. As cognitive impairment wor-
sens (G3), reduced connectivity of the parietal and tempo-
ral regions is also observed in addition to the dorsolateral
frontal cortex and the extrastriate cortex, in relation with
the attention and executive functions impairment exhibited
by that subgroup. In patients with severe cognitive impair-
ment (G4-5), the pattern of connectivity is largely
modified.

TABLE IV. (continued).

B. Group comparisons (two-sample t-test, P< 0.01 NBS-corrected for multiple comparisons)

Contrast Side Brain area (Freesurfer labels)

MNI coordinates

x y z

Temporal pole 41 18 232
Superior Temporal gyrus - Planum temporale 59 229 8
Post-central gyrus 45 227 58
Cuneus gyrus 6 278 18
Middle occipital gyrus 38 289 23
Superior Occipital gyrus 213 286 28

G2 vs. G3 Left Medial occipito-temporal/lingual gyrus 218 240 213
Inferior frontal sulcus 240 32 14

Right Medial occipito-temporal/parahippocampal gyrus 29 214 33
Lateral occipito-temporal/fusiform gyrus 33 253 216

G2 vs. G4 Left Superior lateral temporal gyrus 267 229 8
Transverse temporal sulcus 258 228 7
Superior temporal gyrus - planum temporale 259 229 8
Paracentral gyrus and sulcus 26 231 61
Post central sulcus 247 227 58
Lateral occipital-temporal sulcus 233 253 216
Medial occipital-temporal (lingual gyrus) 218 240 213
Inferior occipital gyrus & sulcus 234 285 219
Middle occipital (lunatus sulcus) 233 289 23

Right Inferior frontal gyrus (orbital) 48 35 29
Inferior frontal gyrus (opercular) 42 10 5
Cingular gyrus & sulcus (middle anterior) 2 11 32
Cingular gyrus & sulcus (middle posterior) 12 210 48
Temporal pole 41 18 232
Inferior parietal gyrus (angular) 46 263 36
Lateral occipito-temporal/fusiform gyrus 33 253 216
Calcarine sulcus 227 265 4
Thalamus 213 214 9

G3 vs. G4 Left Orbital-H-shaped sulcus 224 38 215
Medial orbital olfactory sulcus 211 38 222
Anterior cingular gyrus & sulcus 215 42 3

Right Orbital gyrus 16 30 223
Inferior Frontal gyrus (triangular) 47 26 14
Superior Frontal gyrus 22 30 35
Central sulcus 20 26 55
Anterior cingular gyrus & sulcus 15 42 3
Superior temporal gyrus - planum temporale 59 229 8
Post central gyrus 47 227 58
Anterior occipital sulcus 247 262 0
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Effects of Cognitive Impairment on Brain

Network Topology

As shown by the progressive decrease of the values of
clustering coefficient and local efficiency as cognitive
impairment increased, there was a reduction of the

functional segregation of the brain with cognitive impair-
ment. According to Rubinov and Sporns, functional segre-
gation is “the ability for specialized processing to occur
within densely interconnected groups of brain regions”
[Rubinov and Sporns, 2010]. This suggests that cognitive
deficits in Parkinson’s disease could be related to a

Figure 6.

Connectograms comparing patients from groups 1, 2, and 3

with patients from group 4 (NBS corrected, P< 0.01). Links are

colored by connection type: left intra-hemispheric (blue), inter-

hemispheric (red) and right intra-hemispheric (green). Regions

of interests are grouped according to broad anatomical divisions

[i.e., frontal (Fro), insular (Ins), cingular limbic (Lim), temporal

(Tem), parietal (Par), occipital (Occ) or subcortical (Sbc)]. Bold

regions represent “network hubs,” which means regions with a

high degree of significant connection. [Color figure can be

viewed at wileyonlinelibrary.com]
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progressive decrease in the density of connections between
brain areas involved in specialized networks engaged in
cognition. This is in line with the results of previous stud-
ies investigating functional connectivity of specific net-
works in Parkinson’s disease. Hence, Tessitore et al.
reported a decreased functional connectivity within the

DMN in Parkinson’s disease patients compared with
healthy controls, which was correlated specifically with
performance at cognitive tests but not with disease dura-
tion, motor impairment, or levodopa therapy [Tessitore
et al., 2012]. In a 3-year follow-up of 36 Parkinson’s dis-
ease patients and 12 healthy controls, Olde Dubbelink

Figure 7.

Connectograms comparing patients from groups 1, 2 and 3 (NBS

corrected, P< 0.01). Links are colored by connection type: left

intra-hemispheric (blue), inter-hemispheric (red) and right intra-

hemispheric (green). Regions of interests are grouped according

to broad anatomical divisions [i.e., frontal (Fro), insular (Ins),

cingular limbic (Lim), temporal (Tem), parietal (Par), occipital

(Occ) or subcortical (Sbc)]. Bold regions represent “network

hubs”, which means regions with a high degree of significant con-

nections. [Color figure can be viewed at wileyonlinelibrary.com]
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et al. showed that functional connectivity decreased more
in Parkinson’s disease patients, especially in posterior
parts of the brain and these changes were correlated with
cognitive decline [Olde Dubbelink et al., 2014].

The increase of global efficiency and the trend toward a
decrease in path length with higher cognitive impairment
is more difficult to interpret. Indeed, these are measures of
global network functioning, or functional network integra-
tion, and reflect “the ease with which brain regions
communicate” [Rubinov and Sporns, 2010] and one may
expect that these network metrics changed in the opposite
direction when cognitive impairment increases. This
apparently contradictory result could be explained as fol-
lows. Firstly, to check if it was an artefact or a result relat-
ed to Parkinson’s disease as a whole, we compared our
results with that of a group of healthy subjects coming
from another study but matched for sex, age and educa-
tion with our participants (demographic details are shown
in Supporting Information Table S1). Again, we found that
global efficiency was lower and path length higher in that
group than in the groups with cognitive impairment (Sup-
porting Information Fig. S1). Moreover, there was no dif-
ference between this healthy control group and our
cognitively intact group (G1) suggesting that the effects we
observed on brain network measures were not related to
Parkinson’s disease, per se, but to cognitive impairment.
The same pattern of results was observed for the degree
distribution (Supporting Information Fig. S2). Secondly,
this phenomenon could be interpreted in using all mea-
sures. Indeed, networks can be modelled within a frame-
work of regular, random and complex networks. Regular
networks have high local and low global connectivity,
while random networks show the opposite pattern with
low local and high global connectivity. The human brain
network is inherently complex with an optimised balance
between local and global connectivity, the so-called small-
world network [Sporns, 2011]. Increased global efficiency
together with decreased mean path length and less fat-
tailed degree distribution indicate excessive network inte-
gration in cognitively impaired patient groups. These net-
work features associated with decreased clustering
coefficient and local efficiency are characteristic of a brain
topology that shifts from a small-world towards a random
network topology. Randomness increases with age and
Smit et al. showed that the small-world pattern of adult
age is gradually replaced by a more random topology at
higher ages [Smit et al., 2010]. Moreover, it is also an indi-
cator of network alterations in disease states [Stam, 2014].
Hence, the increase in global efficiency and the trend
toward a decrease in path length we observed here with
higher cognitive impairment may reflect an increase in
randomness as cognitive impairment worsens in Parkin-
son’s disease. Randomness of the brain network may thus
be a marker of cognitive decline in Parkinson’s disease.
This is also confirmed by the pattern of correlations we
observed between the network metrics and the composite

cognitive score since more extended local clustering,
higher ability of information to be propagated in the net-
work, more efficient communication among neighboring
areas but less global efficiency of the network were associ-
ated with higher level of performance at the neuropsycho-
logical tests.

When comparing PD-MCI and healthy controls, Baggio
et al. reported a reduction of inter-network connections in
PD-MCI, while local interconnectedness increased [Baggio
et al., 2014; Baggio et al., 2015b]. This seems at odds with
our own results. However, these studies used different
approaches. Firstly, in our study, the groups of patients
were not determined a priori but resulted from a cluster
analysis identifying different levels of severity in cognitive
impairment. Secondly, some differences in our methodolo-
gy could explain our results with those of Baggio et al.
(Baggio et al., 2014). Although the spatial normalization to
MNI atlas is a common step in neuroimaging, their
approach may cause inaccuracies of spatial transformation
due to inter-subject anatomical variations that exist
between the MNI template and the transformed data. To
avoid this spatial normalization step, we worked in the
individual subject space. Moreover, whereas the statistical
analyses at the network level differed in both studies, we
used AUC values calculated in a sparsity range of the con-
nectivity matrix instead of testing each sparsity level.

Effects of Cognitive Impairment on Brain

Functional Connectivity

The NBS analyses showed that alteration of brain net-
work functional connectivity progressively increased, as
cognitive impairment worsened. In Parkinson’s disease
patients with only slight mental slowing, weakened con-
nections concerned the dorsolateral frontal cortex and the
extrastriate cortex, two highly associative areas. Examina-
tion of the connectogram (Fig. 7 top-left) shows that these
alterations mainly concerned interhemispheric connections
to the frontal, temporal and parietal cortex. Changes in the
fronto-parietal attentional network [Petersen and Posner,
2012] agree with the attention/executive functions deficits
usually described in Parkinson’s disease patients [Kehagia
et al., 2013] but loss of connections from the extrastriate
cortex to the temporal and parietal areas may be an early
marker of cortical posterior dysfunction leading to deficits
in memory and visuospatial functions [Kehagia et al.,
2013] and increasing the risk of progression to dementia
[Williams-Gray et al., 2007]. Such changes in brain func-
tional connectivity may thus exist before performance at
neuropsychological tests assessing these functions signifi-
cantly declines. Markers of functional connectivity may
thus be used in further cohort studies in order to deter-
mine whether they contribute to early identification of Par-
kinson’s disease patients at risk of cognitive impairment
or dementia.
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When comparing cognitively intact patients with only
slight mental slowing with patients with mild to moderate
deficits, mainly in executive functions, weakened connec-
tions concerned interhemispheric connections from the
posterior cortex to the parietal, temporal, cingular, insular
and frontal regions (Fig. 7 bottom). Again, this suggests
that an alteration of the functional connections from the
posterior cortex may exist before deficits on tests usually
assessing cortical posterior functions are observed. More-
over, this alteration seems to contribute to the dysexecu-
tive syndrome through the long-range connections of the
posterior cortex to the frontal, parietal and cingular cortex.
Only a follow-up of these three groups of patients may
determine the predictive value of these biomarkers.

When cognitive deficits are severe in all domains, the
functional network was widely altered.

The changes in brain functional connectivity were ana-
lyzed and discussed here taking into account the spectrum
of severity of cognitive decline we had previously observed.
Further analyses are obviously needed to determine wheth-
er deficits in specific cognitive domains are associated with
alterations within specific functional sub-networks.

Limitations

Several limitations of the current study should be con-
sidered. Firstly, due to our study design (data-driven
approach in order to identify cognitive phenotypes in Par-
kinson’s disease), we did not include a healthy control
group and G1 (cognitively intact patients) was considered
as our reference group. Hence, we were not able to identi-
fy changes in functional connectivity in this group com-
pared with healthy controls. Nevertheless, our additional
analysis on global network parameters (see Supporting
Information) included a healthy control group and exhib-
ited no difference between that group and G1, reinforcing
the assumption that patients in G1 are cognitively intact,
behave as healthy controls and can be considered as a ref-
erence group.

Secondly, due to the small number of subjects in the
two groups with severe cognitive deficits, we decided to
merge these two groups to perform the functional analyses
although they were characterized by different cognitive
profiles according to the cluster analysis. This has pre-
vented any possibility of identifying connectivity differ-
ences between those groups. Moreover, despite the fact
that the two groups with severe cognitive deficits were
merged, the number of subjects of this category remains
small. This is partly due to the exclusion of patients with
moderate and severe dementia from the study in order to
avoid missing data. By consequence, patients with severe
cognitive deficits are underrepresented. Thirdly, patients
were assessed after having received their usual anti-
parkinsonian medication (“best on” state) and dopaminer-
gic medication may have influenced connectivity patterns.
However, there were no group differences in terms of

levodopa equivalent daily dose and it is unlikely that this
factor may explain the observed differences. Finally, apa-
thy and hallucinations were not considered as confound-
ing factors in our analyses although previous studies
showed alterations of resting-state functional connectivity
in PD patients with apathy [Baggio et al., 2015a] or repeti-
tive, complex visual hallucinations [Yao et al., 2014]. How-
ever, we considered that lack of initiative, reduction of
interests and loss of insight may be symptoms of cognitive
impairment since both apathy and hallucinations are
embedded with cognitive impairment in Parkinson’s dis-
ease. Adjusting these variables, in addition to reducing
statistical power, would have removed useful information
from our analyses.

Further Methodological Considerations

Several issues remain to be addressed. First, in this study,
the regions of interest were obtained according to the par-
cellation of Fischl. Given the dependence of topological
properties of brain networks and ROI definition [Wang
et al., 2009], it would be interesting to use several parcella-
tion systems to confirm the results. Nevertheless, this par-
cellation is well validated and no spatial normalization to
MNI atlas is needed. Second, the head motion of subjects
might have confounding effects on the final results of net-
work analysis. To evaluate whether the results of network
and edge analyses were affected by head motions, an autor-
egressive model AR(p) of order P 5 1 was learned on the
time series of the motions. The correlation between the
AR(1) model coefficient of each time-course and network or
edge measures was calculated by using a multivariate mod-
el [Salvador et al., 2008]. No significant correlations
(P> 0.05) were found. Third, the brain network topology
measures were calculated on binarized graphs that were
constructed by thresholding the functional connectivity
matrices. Although the use of binarized graphs reduced the
complexity of network analysis, it also removed some
detailed information. Further analyses could be conducted
by using weighted correlation values (“weighted” graphs)
instead of binarized graphs.

CONCLUSION

Our results revealed that progressive cognitive decline in
Parkinson’s disease is associated with changes in brain con-
nectivity at rest. Topological organization of the network
was progressively disrupted as cognitive impairment wor-
sens, with increasing random organization of the network.
Changes in functional connectivity between brain regions
were observed even in patients with only slight mental slow-
ing and mainly concerned highly associative areas. Although
this needs confirmation in further cohort studies, the associa-
tion of slowed mental processing speed with a lack in multi-
modal integration (revealed by brain connectivity analysis)
could be an early marker of cognitive impairment in
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Parkinson’s disease and may contribute to the detection of
prodromal forms of Parkinson’s disease dementia.
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