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Abstract

Background: Migraine is the most common primary headache disorder encountered in clinical practice and is associated with a signifi-
cantly reduced quality of life. Despite abundant research, the underlying pathophysiological mechanisms behind migraine development
remain unclear. Literature reviews indicate that most studies utilized functional magnetic resonance imaging (fMRI) and electroen-
cephalography (EEG), often yielding inconsistent results. In contrast magnetoencephalography (MEG) offers superior temporal and
spatial resolution, making it better suited for capturing the neural dynamics underlying migraine without aura (MwoA).Methods: MEG
data were obtained from 33 migraine cases and 22 healthy controls (HC). We used Minimum norm estimation (MNE) combined with
Welch’s technique for spectral power analysis, and graph theory for network topology analysis. Results: Significant group differences
were observed in the theta and alpha bands spectral power, with the MwoA group exhibiting increased theta power and decreased alpha
power relative to HC. Graph theory analysis revealed a higher path length in the MwoA group compared to the HC group. Conclusions:
Individuals with MwoA demonstrate distinct alterations in cortical excitability and functional network organization. These findings
suggest that MwoA is associated with impaired information integration. The opposing patterns of increased and decreased cortical ex-
citability across frequency bands further underscore the complex and multifaceted nature of MwoA pathology. These findings may
contribute to a deeper understanding of the neural mechanisms and functional network disruptions underlying MwoA pathophysiology.
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1. Introduction
Migraine, a debilitating neurological disorder, im-

pacts over a billion individuals globally, with an age-
standardized prevalence of 14.4% as reported by the World
Health Organization [1]. The condition’s pathophysiology
remains incompletely understood due to its heterogeneous
and multifactorial origins, where multiple mechanisms may
interact or overlap [2]. Recent progress in neuroimag-
ing has significantly enhanced insights into migraine’s un-
derlying processes. Techniques like functional magnetic
resonance imaging (fMRI) and electrophysiological meth-
ods, including quantitative electroencephalography (EEG),
have been employed to study brain function in migraine
patients during rest and sensory stimulation [3]. Exami-
nations of neural oscillations across frequency bands have
uncovered distinctive patterns of intrinsic brain activity in
migraineurs [4–6]. Migraine is related to primary neural
dysfunction, which can lead to various extracranial and in-
tracranial changes [7] as well as imbalance between excita-
tory and inhibitory neuronal activity [8]. Numerous studies
support abnormal neural activity in migraine [9,10].

“Resting state” describes a state of wakefulness with-
out engagement in any cognitive or motor activities. Ac-
cording to a comprehensive study [11], cognitive tasks raise

the brain’s energy expenditure by no more than 5% com-
pared to baseline, demonstrating that the brain remains
highly active even in the resting state. Robust and well-
defined intrinsic neural activity underlies the oscillatory dy-
namics and functional connectivity in the resting-state cor-
tex. Given the endogenous and self-generated nature of
neural activity, resting-state methodologies are utilized to
examine functional architecture of the brain and its mod-
ifications in nervous system diseases [12–15]. However,
neuronal activity in the resting state in individuals with mi-
graine without aura (MwoA) has not been well studied. To
address this research gap and more intuitively understand
the functional network characteristics of the brain, this
study adopts graph theory. Through graph theory [16,17],
a crucial step in the analysis of brain connectivity, it has
been shown that the brain is a complex network, similar
to other large networks, and can be divided into intercon-
nected sub-networks. In graph theoretical terms, the brain’s
connectome may be modeled as G = (V,E) [17], with V
corresponding to vertices (each symbolizing a distinct brain
area) and E to the edges linking these vertices/regions. Dif-
ferent features can be extracted from the graphs, allowing
for the analysis and study of brain pathologies, individual
differences, etc. Graph theory is an ideal tool for examining
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brain topology, and provides a opportunity to understand
integrative aspects of brain structure in migraineurs [18–
20]. Graph theory enables quantitative characterization of
brain networks (represented as nodes and edges correspond-
ing to cortical regions and their connections) through multi-
ple neurobiologically meaningful metrics [21], and has re-
cently been employed to demonstrate both structural and
functional connectivity alterations in migraine populations
[22–26].

As noted, most studies of migraine pathophysiology
have used fMRI and EEG imaging techniques. Magnetoen-
cephalography (MEG), a non-invasive modality capturing
magnetic fields generated by neuronal currents [27], com-
bines higher temporal resolution than fMRI with greater
spatial precision than EEG [28]. This advantage motivated
our use of MEG to investigate migraine-related neural dy-
namics.

In summary, this study used MEG to analyse cortical
excitability and brain network topology in MwoA cases at
rest and invoked graph theory concepts to quantify network
metrics, and our research is a whole brain global analysis.
Thus, better understanding of the characteristics of neural
activity in the migraine cerebral cortex could contribute to
the treatment of migraine neurophysiology.

2. Materials and Methods
2.1 Study Participants

For this study, we recruited 33 patients with MwoA
who attended the Headache Clinic, Department of Neurol-
ogy, Brain Hospital of Nanjing Medical University from
January 2022 to December 2022 and 22 age- and gender-
matched healthy controls (HCs) recruited from the commu-
nity through advertisements.

All the patients in the MwoA group met the diagnostic
criteria of the third edition of the International Classifica-
tion of Headache Disorders and had not received preventive
medication for migraine. During the magnetic resonance
imaging (MRI) scan, there were no migraine attacks or dis-
comfort. Medication-overuse headache was excluded.

The HC group was selected from healthy individuals
who were matched with the MwoA group in terms of age
and gender, and who had no history of headache or family
history of headache.

The age range of all the subjects was between 18 and
60 years old. They were right-handed, had no history of
drug abuse, and all excluded those with any neurological
or mental disorders. Patients who were unable to undergo
MEG examination or who were uncooperative were ex-
cluded.

Information Collection
Migraine information was collected including when

patients had migraine onset, monthly headache frequency,
headache duration, headache severity, and medication use.
The visual analog score (VAS) was used to measure pain in

migraine patients. All participants completed various scales
including the Hamilton Anxiety Rating Scale (HAMA), and
Hamilton Depression Rating Scale (HAMD).

2.2 Study Design
2.2.1 MEG Recording

MEG data were acquired using a whole scalp CTF
275-channel MEG system (VSM MedTech Systems, Inc.,
Coquitlam, BC, Canada) in the magnetically- shielded
MEG room of Nanjing Brain Hospital. Prior to data ac-
quisition, all metallic objects were removed from each par-
ticipant’s body. Three coils were positioned and secured
at the nasion and pre-auricular points as anatomical land-
marks for precise coregistration with subsequent MRI. A
3-minute empty-room measurement was conducted before
MEG recordings to characterize sensor and background
noise, enabling noise covariance calculation for source-
level analyses. The sampling frequency of MEG data is
6000 Hz, and the acquisition time of each group of MEG
data was 120 s, and a total of 6 groups of data were acquired.
Noise reduction processing was required while acquiring
the data. During MEG data acquisition, participants were
required to remain in a supine position with eyes closed
while maintaining a relaxed yet awake state. Pre- and post-
recording head localization was performed to maintain ≤5
mm head displacement. Sessions with significant motion
artifacts or unintended sleep states were excluded and re-
peated. For MwoA patients, MEG was performed during
the interictal phase with the requirement that the patient was
free ofmigraine attacks 48 h before and 24 h afterMEGdata
collection, otherwise a new MEG was required.

2.2.2 MRI Recording
MRI scans were performed using a 3.0 T MRI sys-

tem (Siemens, Munich, Germany). To avoid MRI bias due
to changes in head orientation, the MRI acquisition coordi-
nates were calibrated by the preplaced marker positions of
the three coils in the MEG recordings. This method allows
the anatomical location of the MRI to be determined after
visualization ofMEG data, ensuring accurate fusion of each
participant’s MRI and MEG data.

2.2.3 Data Preprocessing
To remove non-neural signals and environmental arti-

facts from MEG data, the following processing steps were
implemented: (1) manual artifact rejection to eliminate
noise caused by head displacement or external interference;
(2) 50 Hz power line noise filtering (including harmonic
frequencies) to eliminate electrical contamination; (3) initi-
ation ofMEG recordings with a 3-minute empty-roommea-
surement to capture ambient and sensor noise for comput-
ing noise covariance matrices, enabling subsequent offline
source analysis that accounts for residual instrumental, sen-
sor, and environmental noise components. Cortical models
for source analysis were performed using the FreeSurfer im-
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age analysis package (Version 7.11, Athinoula A. Martinos
Center for Biomedical Imaging, Boston, MA, USA), which
reconstructs T1-weighted structural images into surface-
based representations. The software executes a detailed
geometric reconstruction of the scalp and brain grey and
white matter, providing a three-dimensional topographical
description of the brain surface for assessing grey and white
matter boundaries. To avoid interference of peak discharges
with the MEG signal, a 60 s continuous segment was se-
lected for each group of participants. The following six fre-
quency bands were selected for MEG analysis: delta (2–
4 Hz), theta (5–7 Hz), alpha (8–12 Hz), beta (15–29 Hz),
gamma1 (30–59 Hz) and gamma2 (60–90 Hz).

2.2.4 Analysis of MEG Data

For source-level cortical activation estimation inMEG
data, we employed minimum norm estimation (MNE), a
method previously validated as highly stable [29]. The for-
ward model for MNE analysis was constructed using the
overlapping spheres approach, modeling each cortical ver-
tex (approximately 15,000 in total) as a current dipole. Cur-
rent source distributions were then estimated with: (1) re-
stricting the direction of the current sources to be orthog-
onal to the cortical surface; (2) a depth-weighting algo-
rithm to compensate for the inhomogeneous sensitivity of
the current directions and depths; and (3) use of a regular-
ization parameter λ2 = 0.33 to minimize numerical insta-
bility, reduce the sensitivity of MNE to noise, effectively
obtain spatially smooth solutions, and define the inverse
of the signal-to-noise ratio (SNR) of the MEG recordings.
To analyze the depth-weighted MNE, we used Brainstorm
software (http://neuroimage.usc.edu/brainstorm), which is
freely available online using the GNU General Public Li-
cense. Whole-brain cortical parcellation was performed us-
ing the Desikan-Killiany (DK) atlas to enable source-level
oscillatory power estimation through mean current density
calculation across all cortical regions. Spectral analysis
was conducted via Welch’s method (5-second window du-
ration, 50% overlap) to derive power spectral density (PSD)
for each cortical parcel. PSD values, representing spec-
tral power at individual parcels, were normalized to the
total spectral power at each frequency bin using the for-
mula: relative PSD(f) = PSD(f)/Σ[total PSD(fi)], where fi
denotes discrete frequencies from the absolute PSD. This
normalization procedure has been empirically validated for
standardizing PSD values across brain regions and subjects
[30].

We calculated the oscillatory functional connectivity
(FC) values of 68 brain regions using corrected ampli-
tude envelope correlation (AEC-c) analysis using DK map-
ping [31,32]. Previous studies support that AEC-c anal-
ysis is reproducible and stable [33–35]. Consistent with
prior research, we extracted cortical oscillatory signals from
each brain region derived from source-reconstructed activ-
ity within each frequency band. Prior to envelope compu-

tation, signal pairs were orthogonalized to eliminate spuri-
ous connectivity arising from volume conduction and field
spread effects [36]. The MEG signals were then subjected
to Hilbert transform to obtain amplitude envelopes, repre-
senting temporal fluctuations in signal power. Pearson cor-
relation was employed as the FC metric to compute am-
plitude envelope correlations between regional pairs, as
quantified by AEC-c values. Higher AEC-c values indi-
cate stronger synchronization of amplitude envelope fluc-
tuations between two regions. For all patients, we com-
puted these values across all brain regions, generating a
68 × 68 adjacency matrix. To ensure data quality, we es-
tablished a significance threshold (p < 0.05) for Pearson
correlations—any non-significant connections (p > 0.05)
were set to AEC-c = 0, indicating no functional correlation
between regions.

Graph theory serves as a robust analytical frame-
work that has been extensively employed in both struc-
tural and functional brain research to quantify connectiv-
ity patterns and characterize topological properties of neu-
ral networks [37]. Within this mathematical construct, net-
works are represented as graphs comprising nodes (corre-
sponding to cortical regions in our study) interconnected by
edges (weighted by AEC-c values [33,34]). To comprehen-
sively evaluate global and local network topology across
frequency-specific neural networks, we computed four fun-
damental graph metrics: (1) nodal strength (S)—defined as
the summation of weights from all edges connected to a
given node, with mean S representing the average connec-
tion strength of all nodes; (2) clustering coefficient (C)—
quantifying the likelihood of interconnectedness among a
node’s neighbors, where the mean C reflects the network’s
clustering propensity; (3) path length (L)—calculated as the
shortest path length between node pairs in weighted net-
works (with edge lengths defined as the reciprocal of con-
nection weights [21,38]); and (4) global efficiency (E)—
measuring the network’s capacity for parallel information
transfer [39,40]. All graph theoretical analyses were imple-
mented using NetworkX (https://networkx.org/).

2.2.5 Statistical Analysis

Group differences in demographic and clinical data
were assessed using the independent samples t-tests, one-
way analysis of variance (ANOVA), or chi-squared test, as
appropriate. We conducted a Shapiro-Wilk test on the data
to check for normality, and the results showed that the data
did not conform to a normal distribution. Therefore, U-
tests were used to compare the values of spectral power and
graph theory correlation parameters in six frequency bands
between the MwoA and HC groups, with Bonferroni cor-
rection for multiple comparisons. Finally, linear regression
analysis was conducted to confirm the above group differ-
ences of connectivity measures after adjustment of anxiety,
and depression. The MEG measures showing group dif-
ferences were tested for clinical correlation with VAS and
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Table 1. Demographic and clinical data (mean ± SD) of study participants.
Variable MwoA group HC group p

Gender 13M/20F 9M/13F >0.05
Age (years) 37.82 ± 7.04 37.91 ± 7.04 >0.05
Frequency of headaches (days/month) 13.67 ± 5.44 - -
Duration of headaches (years) 2.33 ± 1.17 - -
Frequency of headache medication use (days/month) 5.00 ± 2.27 - -
HAMA 14.42 ± 2.07 5.68 ± 1.40 <0.001
HAMD 9.61 ± 2.59 4.68 ± 1.09 <0.001
VAS 5.73 ± 1.26 - -
SD, standard deviation; MwoA, migraine without aura; HC, healthy control; HAMA, Hamilton Anx-
iety Scale; HAMD, Hamilton Depression Scale; VAS, visual analog score; M, male; F, female.

psychometric scores by using the Pearson correlation. The
threshold for statistical significance was p < 0.05. All sta-
tistical analyses were performed using SPSS 24.0 (SPSS
Inc., Chicago, IL, USA).

3. Results
3.1 Demographic and Clinical Information

Information about the 33 MwoA patients and 22 HCs
included in the analysis is provided in Table 1. There were
no significant group differences in terms of gender or age.
HAMA and HAMD scores were higher in the MwoA group
(Table 1).

3.2 Spectral Power in the MwoA and HC Groups
Using DK mapping, 68 regions of the whole brain

were analyzed. Comparison of spectral power revealed that
the MwoA group had greater power than the HC group in
the theta (5–7 Hz) frequency range (p = 0.030) (Fig. 1) and
lower power in the alpha (8–12 Hz) frequency range (p =
0.024) (Fig. 2).

3.3 MwoA and HC Network Parameter Differences
Graph theory analysis for the whole brain revealed

that, in the alpha (8–12 Hz) band, the MwoA group had
a larger L than the HC group (p = 0.001), but no differences
in terms of S, C, or E (Fig. 3). For the other five bands
(delta, theta, beta, gamma1 and gamma2), there were no
group differences in S, L, C and or E.

3.4 Clinical Correlations
Taking into account the influence of HAMA and

HAMD on the spectral energy and graph theory analysis re-
sults ofMwoA, we used linear regression analysis to correct
for the control variables HAMA and HAMD, and then ob-
tained the above results of MwoA, which still had statistical
significance. We conducted Pearson correlation analyses
between the spectral energy ofMwoA in the theta frequency
band and alpha frequency band, as well as the L value, and
the clinical variable data (HAMA, HAMD, VAS). No sig-
nificant correlations were found.

4. Discussion
This study compared differences between MwoA and

HC groups in terms of spectral power and brain network
connectivity, with the aim of obtaining a characterization of
neural activity in MwoA cases, thereby possibly providing
theoretical basis for the magnetic stimulation therapy and
drug treatment of MwoA in clinical practice.

We introduced graph theory analysis to quantify net-
work connectivity strength and weaknesses to more intu-
itively understand the characteristics of the variations. We
observed differences in the MwoA group in terms of both
spectral power and network connectivity.

4.1 Spectral Power Differences
The spectral function of MwoA varies in a band-

dependent manner. We observed that spectral power in the
MwoA group increased in the theta band and decreased in
the alpha band, which is consistent with the findings of a
prior study [41]. Bjørk et al. [5] noted that migraine fea-
tures higher theta wave power in the parieto-occipital and
temporal regions. As early as 1964, Smyth and Winter [42]
found that 43% of migraineurs showed abnormal theta ac-
tivity in EEG (68%). Our findings that MwoA exhibits low
cortical excitability in the alpha band are consistent with
those of Javier Gomez-Pilar et al. [43], who used EEG to
study excitability of the MwoA cortex and similarly found
low cortical excitability in the alpha band in MwoA, a sta-
tistically significant difference that spread over the entire
scalp.

Our study found differences in the spectral power and
network topology of MwoA in the alpha frequency band.
The alpha rhythm represents the most prominent neural os-
cillation in the human brain, particularly evident during
eyes-closed wakefulness [44]. Previous studies have shown
that migraineurs differ from healthy controls in alpha band
activity at rest [45] or under repetitive light stimulation
[46,47]. The alpha band rhythms of migraineurs vary dur-
ing the migraine cycle (pre-ictal, early-ictal and inter-ictal)
[48] and over the course of the disease [5]. Prior studies
of migraine neural activity in various frequency bands have
found characteristic excitatory changes in the alpha band.
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Fig. 1. Differences in spectral power in the theta band between the migraine without aura (MwoA) and HC groups. (A) Spectral
power plot of the MwoA group. (B) Spectral power plot of the HC group. (C) Differences in spectral power between the MwoA and HC
groups.

Fig. 2. Differences in spectral power in the alpha band between the MwoA and HC groups. (A) Spectral power plot of the MwoA
group. (B) Spectral power plot of the HC group. (C) Differences in spectral power between the MwoA and HC groups.

Clemens et al. [49] and O’Hare et al. [45] compared mi-
graineurs and HCs, finding increased spectral power of the
occipital cortex in the alpha band in migraineurs. However,
Neufeld et al. [50] observed a decrease in spectral power in

the alpha band in patients with classical migraine. Gomez-
Pilar et al. [43] analyzed the frequencies of interest and also
observed a decrease in the spectral power of the occipital
lobe in the alpha band in migraine patients. In a source-
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Fig. 3. Comparison of network parameters between theMwoA and HC groups. * denotes higher spectral power in the MwoA group
than in the HC group; * p < 0.05 after Bonferroni correction.

based analysis, Clemens et al. [49] reported an increase
in spectral power in the alpha band in the anterior cuneate
and posterior middle temporal gyrus in migraineurs, but a
decrease in the alpha band bilaterally in the medial frontal
cortex, anterior cingulate cortex, supra-frontal gyrus, and
medial frontal gyrus. These inconsistent findings regard-
ing neural activity in the alpha frequency band in the same
cerebral cortex area in migraine patients may relate to the
study methodology, study sample, and complexity of mi-
graine headaches. Accordingly, results of migraine neu-
roexcitability should be interpreted with caution and future
research is needed to increase the study population size, in-
clude patients from as many centers as possible, and use
more advanced techniques to obtain more accurate data.

4.2 Graph Theory

In contrast to traditional functional connectivity stud-
ies, graph-theoretic assessment of connectivity incorporates
topological analysis, which combines algebraic topology,
pure mathematics, and applied mathematics tools to study
the shape or structure of complex networks [51]. Our find-
ings refer to four main graph theory parameters, namely S,
C, L and E.

L is a measure of integration of brain regions, which
characterizes how easy or difficult it is for regions to com-
municate [21]. Shorter pathways imply stronger integra-
tion, whereas longer pathways imply weaker integration
due to the longer distances that information must travel to
flow between brain regions. In the current study, L in the
alpha frequency band was greater in the MwoA group than
the HC group, indicating that cortical information integra-
tion is weaker in MwoA. The longer L in migraine cases
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may relate to the multidimensional pain experience and its
modulation [52]. The observed disruption of network topol-
ogy in these brain regions in the MwoA group may be asso-
ciated with ongoing stress and persistent pain. Changes in
the network topology of the brain may imply that migraine
is associated with functional reorganization, which makes
migraine attacks more likely [53].

S is the average of possible connections between all
signal sources, which reflects the tightness of connections
in different brain regions. C indicates the likelihood that a
node’s neighbors are also connected, while its mean value
measures the tendency to form local clusters in the network.
E denotes efficient transmission of information through a
complex network [21,38]. Prior study reports that E is low
in migraine, suggesting that parallel information transfer
is less efficient in the functional networks of migraineurs
[54]. Similarly, the study of changes in multilayer neural
networks reports that C and S are lower in migraine [55].
A study by Michels et al. [56] involving 19 HCs and 29
migraine patients similarly found that the migraine group
had lower C and S in graph theoretic analyses. Migraineurs
have been reported to exhibit abnormal local network topol-
ogy, with one study finding high L and low C and E in mi-
graine, suggesting that migraine brain topology is charac-
terized by weakly integrated networks, inefficient informa-
tion transfer, low centrality, and abnormal segregation [57].
In the present study, we did not observe group differences
in these aspects of S, C and E, which may relate to the het-
erogeneity of migraine in the enrolled sample and the com-
plexity of migraine pathophysiology.

4.3 Limitations
This study is subject to several limitations. First, this

is a cross-sectional study. It would have been better if a
longitudinal view of changes in neural activity that occur af-
ter the initiation of migraine treatment had been conducted.
Our study was a spectral energy and graph theory analy-
sis of the overall brain region and did not examine specific
MwoA brain regions of interest, which does not provide an
effective target for precise magnetic stimulation of MwoA
in clinical practice. We plan to follow up with a study of
specific brain regions of interest to provide a better theo-
retical basis for the precise diagnosis and treatment of mi-
graine.

5. Conclusion
By usingMEG to analyze the spectral power and brain

network topology of MwoA cases in the resting state, this
study has shown that, compared to HCs, (1) MwoA cases
have high cortical excitability in the theta frequency band;
(2) MwoA cases have low cortical excitability in the alpha
frequency band; and (3) MwoA cases have a greater path
length value in the alpha frequency band. These findings
suggest that changes in MwoA excitability are frequency-
dependent and reflect the complexity of migraine disease.

The great path length value suggests MwoA cases less ca-
pable of processing information.
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