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• Topological reorganization of EEG functional network in AD patients is observed.
• AD significantly affects the nodal CC of the frontal and central-parietal regions.
• The alteration in EEG network might represent a marker of cognitive decline in AD.
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a b s t r a c t
Increasing interest is being directed to developing an objective marker that could be used
for the assessment of symptom severity in Alzheimer’s disease (AD). This study assessed
the utility of graph theory, an emerging topic in statistical physics, to identify the changes
of brain topology in AD patients. A total of 108 AD patients were recruited and their
scalp electroencephalogram (EEG) recordings were analyzed retrospectively. Weighted
and undirected networks were constructed from EEG signals in different frequency bands
and two fundamental measures of the whole-brain network, the average clustering coefficient (CC) and global efficiency (GE), were calculated. Meanwhile, the local structure
of the network was investigated by nodal CC. We then examined the group differences
of those measures and their association with cognitive assessments of AD patients. The
results revealed a topological reorganization of alpha band network in AD patients. The
nodal CCs from Fz and Pz electrodes seemed to be preserved in AD while those from frontal
and central-parietal regions, such as F3, F4, C3, Cz, C4, P3 and P4, were affected significantly
by the disease. Furthermore, significant correlations have been found between the global
topological measures and the severity of AD, while the altered local structure was revealed
to associate with cognitive impairment measured by the verbal fluency and digit-backward
tests in AD patients. Overall, topological reorganization of the functional brain network is
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involved in the evolution of AD. Network measures, i.e., CC and GE, might serve as objective
biomarkers for the evaluation of symptom severity in AD.
© 2018 Elsevier B.V. All rights reserved.

1. Introduction
Alzheimer’s disease (AD), an irreversible and degenerative disease, is the most common type of dementia [1]. The number
of people suffering global dementia in 2016 was 47 million and probably will go up to 131 million in 2050 [2]. The incidence
of AD has been found rising exponentially with aging, which is found less than 1% in people who are 60–64 years old
and soars to 24%–33% for people over the age of 85 [3]. The prevalence of AD gives the individual, family and society a
tremendous burden. Early diagnosis of AD is vital in relieving this problem.
AD is characterized by the insidious onset – clear-cut history of worsening of cognition by report or by observation, and
cognitive deficit either in amnestic or non-amnestic domains – and the symptoms are severe enough to interfere with the
patient’s normal daily functioning. However, increasing interest is being directed to developing an objective marker that
could be used for the assessment of symptom severity. Such assessments would be especially valuable if they are accessible
in the clinical practice, such as the electroencephalogram (EEG) monitoring. Studies have found that AD patients exhibit
slowing of EEG waves, reduced complexity in EEG signals, and perturbations in EEG synchrony [4,5].
Within the last decade, complex network analysis of EEG based on the graph theory has been attracting attention, as EEG is
able to provide information regarding the functional brain network. There are two well-established measures to capture the
topological features of the network, i.e., clustering coefficient (CC) and characteristic path length (L) or global efficiency (GE)
for instead. The former is based on the local structure of a network and is well known for measuring functional segregation
in the brain [6], while the latter characterizes the traffic capacity of a graph [7] and is generally regarded as a measure of
function integration in the brain [6,8] Numerous studies have shown the promising application of network analysis in the
exploration of human pathological brain, suggesting that algorithmic approach and graph metrics may be used to identify
and track brain-related diseases [9–21]. Moreover, features derived from network analysis of EEG were demonstrated to
have a satisfactory discrimination in various classifiers for detecting AD [22–25].
Since the first application of graph theory to EEG signals from AD patients [26], studies have emerged in the field of
exploring abnormal functional brain network in AD. Table 1 summarized the previous studies which employed graph theory
to EEG signals and considered CC, L or GE as key features of the network topology. As shown in Table 1, compared with
healthy subjects, CC has been found to be decreased/or unchanged in AD patients in most studies and L/GE often shows
an increase/decline. Such a deterioration in functional segregation or integration of the brain suggests that dementia is a
disorder of the functional brain network [14]. However, there were still inconsistent results in the previous studies. For
AD patients, as shown in Table 1, significant alterations in both CC and L/GE were not found in all the studies, and there
were even contradictory findings. Moreover, the reported alterations can be seen in different EEG sub-bands as the EEG
is typically described in terms of rhythmic activity, usually as delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), and beta
(13–30 Hz) rhythm.
As far as the methodology is concerned, it is worth noting that there are indeed some shortcomings in the existing relatedstudies. As shown in Table 1, a binary network is usually used in the network construction and might cause some issues. In
the construction of a binary network, the strength of the edges, i.e, correlation between different brain regions, was simply
converted to 1 or 0. Such a binarization processing will make a loss of information in the original network. Furthermore, there
is no unified rule for the binarization and prescribing a network density is the common way. However, the density is always
settled arbitrary or considered in a large range which might result in different topological network and the aforementioned
inconsistent results in the previous studies. Using a weighted network with no threshold should be a solution to those issues.
Furthermore, in a longitudinal study, GE of the EEG networks was found to reduce with cognitive impairment in AD
patients [27]. de Haan et al. have investigated the role of functional sub-networks in the brain with regard to the cognitive
deficit in AD and demonstrated that the loss of communication between different functional brain regions may be responsible
for the cognitive decline [14]. However, it still need more investigations to uncover the association between the topological
reorganization of EEG functional network and the cognitive deterioration in AD as the previous studies mostly focused in
cohort with a certain severity, such as mild cognitive impairment [27], or mild AD [5], or moderate to severe AD [28], as
shown in Table 1. Considering a large cohort of AD patients with diverse severity might help to throw light in this field.
Thus in the present study, we hypothesized that the topology of functional network derived from the scalp EEG is
associated with the severity of cognitive deficit in AD patients. The weighted and undirected networks were constructed from
EEG signals in different sub-bands and two fundamental measures of the whole-brain network, CC and GE, were calculated.
Our aims were therefore twofold: (1) to investigate the alternation of network measures in different severities of AD; and
(2) to identify the location of surface EEG that could potentially predict cognitive dysfunction based on network measures.
We retrospectively analyzed the data for 108 AD patients who had already undergone EEG examination during the diagnosis
and evaluation of dementia, and we examined the cognitive correlates of changes in EEG dynamics in these patients using
network analysis.
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Table 1
Details of AD studies which employed graph theory to EEG signals and considered CC, L or GE as key features of the network topology.
Study

Group Subjects
N(F)

Mean MMSE score
(+SD or range)

Connectivity Weighted
measure
or binary

Network
density

Results

de Haan et al [13]

AD
FTLD
HC
AD
HC
AD
HC
AD
MCI
AD
HC

20 (13)
15 (3)
23 (9)
14 (8)
14 (10)
15 (11)
13 (9)
7 (5)
8 (4)
14 (8)
14 (10)

21.5 (14-27)
24.5 (13–30)
29 (27–30)
11.7–14.9
28.1–30
21.4 (4.0)
28.4 (1.1)
16.6 (5.4)
23.4 (6.6)
11.7–14.9
28.1–30

SL

Binary

25%

alpha(CC↓, L↓), beta(CC↓), gamma(L↓)

CCSS

Binary

nr

SL

Binary

15%

delta(CC:ns, GE:ns, L:ns), theta(L↑, CC:ns,
GE:ns), alpha(CC↓, GE↓, L↑), beta (CC↓, GE↓)
beta(L↑, CC:ns)

MI

Weighted

nr

Coherence

Binary

nr

AD
HC
AD
MCI
HC
AD
HC
AD
HC
AD
HC

25 (9)
26 (11)
17 (11)
16 (4)
15 (9)
16 (nr)
14 (nr)
10 (4)
10 (5)
23 (9)
25 (11)

nr

Coherence

Binary

1%–25%

delta(GE↓, L↑, CC:ns), theta(GE↓, L↑, CC:ns),
alpha(GE↓, L↑, CC:ns), beta(GE↓, L↑, CC:ns)
delta(GE↓, L↓, CC↑), theta(GE↓, L↑, CC↓),
alpha1(GE↓, L↑, CC↓), alpha2(GE↓, L↑, CC↓),
beta(GE↓, L↑, CC↓), gamma(GE↓, L↑, CC↓)
alpha(GE↓), beta(GE↓)

nr

Coherence

Binary

75%

delta–theta(CC:ns), alpha(CC:ns), beta(CC:ns)

21 (4.5)
29 (1)
nr

Coherence

Binary

MCC

alpha(GE↓)

PLV

Binary

10%

22.43 (4.3)
29 (1)

PCC

Binary

5%

theta(CC↑, GE↓), alpha1(CC:ns, GE:ns),
alpha2(CC:ns, GE:ns), beta(CC:ns, GE:ns)
delta(GE:ns), theta(GE:ns), alpha(GE:ns),
beta(GE:ns), gamma(GE:ns)

Wang et al [17]
Stam et al [26]
Morabito et al [27]
Wang et al [29]

Afshari et al [30]
McBride et al [22]

Jalili [31]
Kabbara et al [18]
Jalili [23]

Noted: AD: Alzheimer’s disease; HC: healthy control; MCI: mild cognitive impairment; MMSE: Mini-Mental State Examination; FTLD: frontotemporal lobar
degeneration; SL: synchronization likelihood; MI: mutual information; CCSS: Similarity of Clustering Coefficient Sequence; MCC: Minimum Connected
Component; PLV: phase locking value; PCC: Pearson correlation coefficient; N: the number of subjects; F: female; SD: Standard Deviation; CC: clustering
coefficient; L: average path length; GE: global efficiency; nr: not reported; ns: no significance; ↑: Compared to HC, the network measures (CC, L, GE)
increased in AD; ↓: Compared to HC, the network measures (CC, L, GE) decreased in AD.
Table 2
Demographic and clinical characteristics of patients and controls.
Characteristics

Demographic
Age (years)
Gender, male (%)
Education (years)
Duration of illness (years)
Cognitive functioning
MMSE
Verbal fluency
Digit forward
Digit backward

HC
Control
N = 15

MCI
CDR = 0.5
N = 15

AD1
CDR = 1
N = 69

AD2
CDR ≧ 2
N = 24

ANOVA
p

69.9 ± 9.5
6 (40.0)
14.1 ± 8.8

77.7 ± 10.3
8 (53.3)
10.8 ± 4.6
1.2 ± 0.9

78.0 ± 6.7
27 (39.1)
7.9 ± 5.0
2.3 ± 2.2

78.2 ± 11.9
14 (58.3)
7.7 ± 5.8
2.2 ± 2.1

0.984
0.213
0.122
0.170

28.7 ± 1.0

24.2 ± 4.2
11.9 ± 5.2
8.4 ± 3.1
5.5 ± 2.5

19.0 ± 5.2
9.2 ± 3.3
8.7 ± 2.4
3.9 ± 2.1

11.5 ± 4.6
3.9 ± 2.4
6.4 ± 3.2
2.5 ± 1.7

<0.001
<0.001
0.003

<0.001

Post-hoc analysis

MCI > AD1 > AD2
MCI > AD1 > AD2
AD1 > AD2
MCI > AD1 > AD2

Note: please refer to [32] for more detailed description of the data.
MMSE: Mini-Mental State Examination.
ANOVA, p-value < 0.01.

2. Materials and methods
2.1. Participants
The study was approved by the Institutional Review Board of Taipei Veterans General Hospital. 108 AD patients (49
males, aged 78.0 ± 8.6) and 15 healthy controls (6 males, aged 69.9 ± 9.5) were recruited from the Dementia Clinic at the
Neurological Institute, Taipei Veterans General Hospital in Taiwan [32]. The diagnosis of AD was based on the criteria for the
National Institute of Neurological and Communicative Disorders and the Stroke/AD and Related Disorders Association [33].
The severity of AD was assessed by the Clinical Dementia Rating (CDR) scale [34], categorizing all the AD patients as
having mild cognitive impairment (CDR = 0.5; N = 15; denoted as MCI), mild AD (CDR = 1; N = 69; denoted as AD1), or
moderate to severe AD (CDR ≧ 2; N = 24; denoted as AD2). Cognitive functioning was evaluated using the Mini-Mental
State Examination (MMSE) [35], a verbal category fluency test, and the Wechsler forward-and-backward digit span tasks.
Table 2 lists the demographic and clinical data in detail. As expected, the cognitive function worsened as the severity of CDR
ratings increased.
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Fig. 1. Flow chart for EEG processing.

2.2. EEG recordings
All participants had received routine EEG recording (Nicolet EEG, Natus Medical, Inc., San Carlos, CA, USA) in the EEG
examination room at the Neurological Institute of Taipei Veterans General Hospital. The EEG recording protocol began with
a 5 min habituation to the examining environment, followed by 3 sessions of 10 to 20 s with eyes closed and then open,
and a session of photo stimulus. Recordings were in accord with the international 10–20 system with linked ear reference,
256 Hz sampling rate, high pass filter of 0.05 Hz, low pass filter of 70 Hz, notch filter of 60 Hz, and impedance below 3 k.
We recorded 19 electrodes (Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, and O2). The signals from these
19 electrodes were referenced to linked earlobe electrodes. Vigilance was monitored by the EEG technician, who alerted
patients when signs of drowsiness appeared in the tracings. Vertical eyeball movement was detected from electrodes placed
above and below the right eye, with the horizontal analog detected from electrodes placed at the left outer canthus.
The EEG signals were exported to European Data Format and then visually inspected to manually extract artifact-free
epochs from each eyes-closed session. Fig. 1 shows the flow chart for EEG processing. Each participant got 3 epochs of 10 s
each for EEG signals from each electrode after the inspection. These 3 EEG epochs were then filtered using MATLAB software
(Mathworks Inc., Natick, MA) into 5 frequency bands marked as delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–
30 Hz) and gamma (30–45 Hz). Both the first and the last 0.5 s of each filtered data were discarded to eliminate the edge
effect of digit filtering. Then, every 9 s, the filtered data was divided into 9 non-overlapping, equal-size segments, resulting
in 27 segments of 19-channel synchronously recorded signals for each participant. After network analysis was applied to
each segment, the average values of network measure over all the 27 segments were used in the statistical analysis.
2.3. From multi-channel EEG signals to complex network
For each frequency band, the filtered EEG waves in all the electrodes can be regarded as n synchronously recorded
signals, denoted as x1 (t), x2 (t), . . . , xn (t), where n represents the number of electrodes used in the recording. Due to its
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Fig. 2. The schematic diagram of network analysis in the current work. The EEG alpha wave given in this figure was derived from a female AD patient (age
74; CDR ≧ 2). Abbreviations: PC: phase coherence; CDR: Clinical Dementia Rating.

statistical nature of robustness to noise, the phase coherence (PC) observed in EEG signals is widely used for quantifying
the synchronization between two neuronal populations [36–38]. Noting that the value of PC(x, y) is equal to that of PC(y, x)
and between 0 and 1, with value 1 implying perfect phase synchronization (PS) and 0 indicating no PS at all. A symmetric
matrix w with n*n elements can be then obtained by calculating the value of PC between all the electrode-pairs as Eq. (1):

wij =

{

0,
PC(xi (t), xj (t)),

i=j
i, j ∈ [1, n], and i ̸ = j

(1)

A weighted and undirected network (WUN) can thus be obtained by regarding each electrode as a vertex and w as its
adjacent matrix, as shown in Fig. 2. Recently, such a WUN framework was used in various studies [39–42].
Take the alpha wave as an example, Fig. 2 shows the framework of network construction and characteristics extraction.
To be noted, the calculation of network measures was performed in MATLAB with Brain Connectivity Toolbox [6], which
is widely used in the graph theoretical analysis of brain [43–45]. In this work, we only considered the aforementioned
measures, i.e., CC and GE. The CC of a node is generally regarded as an indicator of nodal interconnectedness [6,17,46],
while the average value of all nodal CC (denoted as aver_CC) provides an overall information of the local structure of a graph
and is well known for measuring functional segregation in the brain [6].

2.4. Statistical analysis
MATLAB R2014a (Mathworks Inc., Natick, MA) software was used for statistical evaluations. For each frequency band,
the difference in the network measures (aver_CC and GE) between the four groups (HC, MCI, AD1, and AD2) was assessed
using one-way analysis of variance (ANOVA) as both normality and homogeneity of variance were not violated. The
Bonferroni method was used to correct multiple between-group comparisons and a p value < 0.0083 (i.e., 0.05/6 post-hoc
groups combinations) was considered significantly in this case. For the frequency band showing significant between-group
difference in average network measures, we further examined the nodal CC in each EEG channel using ANOVAs followed
by post-hoc tests, with corrections for multiple comparison using Bonferroni method, and a p value < 0.0026 (i.e., 0.05/19
EEG channels) was considered significantly. Finally, partial correlation analysis was adopted to estimate the association of
network parameters with cognitive assessments such as MMSE, digit forward, digit backward, and verbal fluency scores,
controlling for age and education, and the statistical significance for correlation tests was set at a level of p < 0.05.
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Fig. 3. (Color online) The values of aver_CC and GE in delta, theta, alpha, beta and gamma bands. The symbol ‘*’ represents for a significant difference
between the corresponding two groups (post-hoc analysis, p < 0.05/6). Abbreviations: aver_CC: average clustering coefficient; GE: global efficiency.

Fig. 4. Topographic distributions of nodal CC in alpha band for the four groups. Abbreviation: CC: clustering coefficient.

3. Results
3.1. Comparison of network measures between groups
As shown in Fig. 3, there were significant effects of group on the network measures (for aver_CC, F(3,119) = 2.681, p
= 8e−5; for GE, F(3,119) = 2.681, p = 6e−5) in the alpha band. The post-hoc test revealed that both measures decreased
significantly in the AD1 and AD2 groups compared to HCs (p < 0.05/6). Also, there was significant difference between the
MCI and AD2 groups (p < 0.05/6). No significant difference was detected between the MCI and HC group (p > 0.05/6). No
main effect of group on network measures was found in other bands.
Furthermore, topographic distributions of nodal CC in the alpha band are illustrated in Fig. 4 and the detailed values
(mean ± std) are listed in Table 3. As shown in Fig. 4, a similar mode of distribution can be found among the four groups
although it became more even when the severity of AD went up. The lowest CC appeared in Pz and Fz, which seemed to be
preserved in the patients; meanwhile, the highest ones were concentrated in the central (C3, Cz and C4), F3, F4, P3 and P4,
which gradually decreased with the worsening of AD. Significant between-group differences were found in most electrodes
(p < 0.05/19). Post-hoc comparisons indicated that patients in group AD2 displayed the lowest CC in the majority of the
electrodes, followed by AD1 and MCI groups. The nodal CC did not differ between the HC and MCI groups.
3.2. Correlation of network measures with cognitive assessment
Table 4 lists the partial correlation coefficients between network measures and assessment of cognitive functions,
controlling for age and education. Significant correlations (p < 0.05) have been found between verbal fluency and aver_CC
as well as GE in the alpha band. As shown in Fig. 5, a higher level of verbal fluency was accompanied by a larger aver_CC and
GE. The network measures did not correlate significantly with MMSE, digit-forward or digit-backward task results in any
frequency band.
Fig. 6 shows the partial correlation between assessment of cognitive functions and CC of each node in the alpha band,
controlling for age and education too. The weakest correlation was found at Fz regardless of the assessment and significant
correlations found when the verbal fluency or digit-backward assessments were used. There were significant correlations
between the score of verbal fluency and CC in 13 out of 19 nodes, which were mostly located in the central-posterior regions;
meanwhile, there were 8 out 19 nodes showing significant correlations between the score of digit-backward and CC, with
most of them located in the central-frontal area.
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Table 3
Values of nodal CC (mean ± sd) in alpha band and the results of statistical analysis.
Electrodes

HC

MCI

AD1

AD2

ANOVAp

Post-hoc analysis

Fp1
Fp2
F7
F8
F3
F4
T3
T4
C3
C4
T5
T6
P3
P4
O1
O2
Fz
Cz
Pz

0.56 ± 0.10
0.56 ± 0.10
0.55 ± 0.11
0.56 ± 0.10
0.59 ± 0.09
0.59 ± 0.09
0.54 ± 0.10
0.53 ± 0.09
0.60 ± 0.09
0.59 ± 0.09
0.53 ± 0.08
0.53 ± 0.08
0.58 ± 0.08
0.58 ± 0.08
0.54 ± 0.08
0.54 ± 0.08
0.40 ± 0.04
0.60 ± 0.09
0.39 ± 0.04

0.56 ± 0.08
0.56 ± 0.08
0.54 ± 0.09
0.55 ± 0.08
0.58 ± 0.08
0.58 ± 0.08
0.52 ± 0.09
0.53 ± 0.08
0.58 ± 0.08
0.59 ± 0.08
0.53 ± 0.08
0.54 ± 0.08
0.58 ± 0.08
0.58 ± 0.08
0.54 ± 0.07
0.54 ± 0.07
0.40 ± 0.03
0.60 ± 0.08
0.39 ± 0.03

0.51 ± 0.07
0.51 ± 0.07
0.50 ± 0.07
0.50 ± 0.07
0.53 ± 0.07
0.53 ± 0.07
0.47 ± 0.07
0.48 ± 0.07
0.54 ± 0.07
0.54 ± 0.07
0.48 ± 0.06
0.48 ± 0.06
0.53 ± 0.06
0.53 ± 0.06
0.50 ± 0.06
0.50 ± 0.06
0.38 ± 0.04
0.55 ± 0.07
0.38 ± 0.03

0.47 ± 0.05
0.47 ± 0.05
0.46 ± 0.06
0.47 ± 0.05
0.49 ± 0.05
0.50 ± 0.06
0.45 ± 0.05
0.44 ± 0.06
0.50 ± 0.06
0.50 ± 0.06
0.46 ± 0.05
0.46 ± 0.05
0.49 ± 0.05
0.49 ± 0.05
0.46 ± 0.05
0.47 ± 0.05
0.37 ± 0.02
0.51 ± 0.06
0.37 ± 0.02

0.0003
0.0003
0.0008
0.0001
0.0002
0.0002
0.0002
0.0002
<0.0001
<0.0001
0.0008
0.0001
<0.0001
0.0001
0.0001
0.0002
0.0535
<0.0001
0.0446

HC = MCI > AD2
HC = MCI > AD2
HC = MCI > AD2
HC = MCI > AD1 = AD2
HC = MCI > AD2
HC > AD1, HC = MCI > AD2
HC > AD1, HC = MCI > AD2
HC = MCI > AD1 = AD2
HC > AD1, HC = MCI > AD2
HC = MCI > AD2
HC = MCI > AD2
MCI > AD1, HC = MCI > AD2
HC > AD1, HC = MCI > AD2
HC = MCI > AD2
HC = MCI > AD2
HC = MCI > AD2
HC > AD1, HC = MCI > AD2

Fig. 5. The scatter plots a correspondence between network measures and scores of verbal fluency across all AD patients. Abbreviations: aver_CC: average
clustering coefficient; GE: global efficiency.
Table 4
Partial correlation coefficients between network measures and cognitive functions in different frequency bands.
aver_CC

delta
theta
alpha
beta
gamma

GE

MMSE

Verbal fluency

Digit-forward

Digit-backward

MMSE

Verbal fluency

Digit-forward

Digit-backward

−0.038
−0.005

0.034
0.033
0.212*
−0.117
−0.048

−0.092
−0.014

−0.105

−0.036
−0.020

0.036
0.014
0.217*
−0.079
−0.020

−0.080
−0.030

−0.101

0.129
−0.085
0.046

0.099
−0.126
−0.120

0.059
0.183
−0.133
0.023

0.135
−0.049
0.068

0.108
−0.091
−0.106

0.056
0.188
−0.101
0.040

Note: Abbreviations: aver_CC: average clustering coefficient; GE: global efficiency.
*Symbol represents for a significant correlation (p < 0.05).

4. Discussion
In this paper, we constructed weighted and undirected brain networks using resting-state scalp EEG signals derived from
AD patients and healthy controls. The key findings were as follows: (1) Both the average clustering coefficient and the global
efficiency in alpha band during eyes-closed EEG recording were reduced in AD patients; (2) the nodal clustering coefficients
from Fz and Pz electrodes seemed to be preserved in AD while those from the frontal and central-parietal regions, such as
F3, F4, C3, Cz, C4, P3 and P4, were affected significantly by the disease; and (3) the EEG network topology was reorganized
according to the severity of AD and altered topological measures were associated with cognitive impairment measured by
the verbal fluency and digit-backward tests in AD patients.
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Fig. 6. Topographies of correlation coefficients between assessment of cognitive functions and CC of each node in alpha band. Symbol ‘*’ represents for a
significant correlation (p < 0.05). Abbreviation: CC: clustering coefficient.

Graph theory have been applied in neuroscience to study the relationship between network structure and brain function,
and how the brain network property could change under pathological conditions. Compared to age-matched healthy
controls, altered network topology in both local and global scale was widely found in individuals suffering neurodegenerative or psychiatric disorders, such as Parkinson’s disease [47], autism spectrum disorders [9], bipolar disorder [19] and
schizophrenia [48,49]. The present work extended the results of the previous studies to AD based on a larger sample,
which might further support the idea that AD is a brain network disease and confirm the vital role of network analysis in
pathophysiology of neuropsychiatric disorders. Furthermore, the abnormalities of functional brain network in AD observed
in the current study have also been found by other researchers who using computer imaging modalities, such as functional
magnetic resonance imaging (fMRI) [50,51].
It is worth noting that the altered topology in AD was observed only in alpha band in the current study. As reviewed by
Lizio et al., there is consensus that alpha rhythm represents the dominant resting oscillations of the adult, awaken human
brain and has been linked to intelligent quotient, memory, and cognition [52]. Because our EEG recording is specifically
obtained during resting, wakeful and eyes closed session, during which the alpha rhythm should be dominated, it is reasonable to expect the stronger difference in alpha band network. In fact, for AD patients, the topological reorganization of brain
function network in alpha band observed here is consistent with several previous studies as shown in Table 1 [13,17,27,29–
31]. Such a result supports the view that EEG alpha activity is altered with AD and might be related to the deficiencies in the
procession of physiological information just as Delbeuck et al. pointed out [53].
Moreover, Lizio et al. reviewed that the prominent decrease of alpha band coherence has been found to be associated
with Apolipoprotein E (ApoE), which is a major cholesterol carrier that supports lipid transport and injury repair in the
brain [52]. ApoE polymorphic alleles are the main genetic determinants of AD risk [54]. Drawing inspiration from Lizio’s
review, we further calculated the average phase coherence in each EEG band for each participant. The results showed that
only in alpha band, there is a significant effect of group on the coherence (F(3,119) = 2.681, p = 7e−5) and the post-hoc test
revealed a decline of coherence in both AD1 and AD2 groups compared to HCs. In the literature, Locatelli et al. found that the
cognitive impairment is negatively correlated with the degree of EEG coherence in alpha band especially [55]. Wang et al. [29]
also observed a significant decline of EEG alpha band coherence in AD patients. Such a decreased functional connectivity
might directly lead to the topological reorganization of functional brain network in AD.
Consistent with previous research, there was no significant correlation between MMSE scores and CC or GE for the AD
patients with diverse severity [26,56,57]. According to Klimesch et al. [58], however, the EEG alpha activity is generally
considered to be associated with cognitive function. In the study of Stam et al. [26], when the AD patients and the healthy
controls were merged as one group, a significant correlation between MMSE scores and L of the EEG functional network
for this group was found. However, similar to the current work, for the AD patients alone, such a correlation does not exist.
It might be attributed to the inability of MMSE to detect a specific cognitive domain that was related to brain network
deficit. In fact, a statistical correlation between EEG alpha network characteristics and verbal fluency, a measure for semantic
and phonemic memory, was found in the current work. To our knowledge, this has not been reported, although a recent
study shows marked association between small-world characteristic in EEG gamma frequency band and the scores in digit
span tests [40]. Tests of verbal fluency were among the most widely used measures for assessing the cognitive impairment
in neurological disorders. Additionally, verbal fluency has been found to be correlated well to the severity of AD in a
meta-analysis [59]. Our observation of the EEG network topological reorganization might represent a marker of cognitive
deterioration in AD patients.
Although a relatively large cohort of AD patients with different severity levels were used in the current study, there were
certain limitations or works requiring further investigation. First of all, the EEG data was acquired during the routine EEG
examination when patients visit the dementia clinics. It is possible the short duration of closed eyes resting-state EEG could
prevent from observation of alpha brain wave. Secondly, although our results suggested that network parameters can detect
differences in EEG dynamics between mild AD and healthy control, no significant difference has been found between patients
with mild cognitive impairment and normal subjects, might suggesting that brain network is not affected significantly in the
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very early stage of AD or more advanced imaging technique, such as fMRI should be used alternatively. Lastly, regular 10/20
EEG montage used in this study may be insufficient to investigate the spatial network of the deeper brain using source
localization methods. High density EEG which provides more precise spatial information should be more suitable for the
research of deregulation mechanism of AD. However, because we found that network efficiency in certain surface location
of EEGs, such as those in frontal or central-parietal brain regions, was particularly affected in the AD, tracking AD severity
might be possible with a simple EEG device based on specific scalp EEG channels.
In conclusion, AD patients show significant alterations in both local and global scale of the brain functional network, and
those alterations are correlated to the severity of AD symptoms and cognitive assessment. Our findings may lead to future
studies to develop objective biomarkers based on graph theory measures for the assessment of AD severity and symptoms
using surface EEG recordings.
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