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Abstract

This study aims to investigate whether intra-neldynamic functional connectivity and causal
interactions of the salience network is alterethaninterictal term of migraine. 32 healthy
controls, 37 migraineurs without aura and 20 miggars with aura were recruited. Participants
underwent a T1-weighted scan and resting-state fMBtbcol inside a 1.5T MR scanner. We
obtained average spatial maps of resting-stateanksnusing group independent component
analysis, which yielded subject-specific time sexi@ a dual regression approach. Salience
network ROIs (bilateral insulae and prefrontal wed, dorsal anterior cingulate cortex) were
obtained from the group average map via clusteed#wesholding. To describe intra-network

connectivity, average and dynamic conditional datien was calculated. Causal interactions



between the default-mode, dorsal attention anérsadi network were characterised by spectral
Granger’s causality. Time-averaged correlation lwe®r between the right insula and prefrontal
cortex in migraine without aura vs. with aura aedlthy controls (p<0.038, p<0.037). Variance
of dynamic conditional correlation was higher irgnaine with aura vs. healthy controls and
migraine with aura vs. without aura between thhtrigsula and dorsal anterior cingulate cortex
(p<0.011, p<0.026), and in migraine with aura \ealthy controls between the dorsal anterior
cingulate and left prefrontal cortex (p<0.021). €ality was weaker in the <0.05 Hz frequency
range between the salience and dorsal attentiovonet in migraine with aura (p<0.032).
Overall, migraineurs with aura exhibit more fluding connections in the salience network,
which also affect network interactions, and coudcbnnected to altered cortical excitability and

increased sensory gain.
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Introduction

Migraine is associated with alterations of cortieatitability [1], more commonly in the subtype
where focal neurological symptoms precede the redeglanigraine with aura [15]. The effects
of altered cortical excitability on brain netwokniction are not clearly understood in migraine.
In other diseases that present with this featuge epilepsy, cortical hyperexcitability induces
acute and lasting changes in large-scale brainarksyimpacting intra- and internetwork
connections [31]. Migraine patients also exhibi¢dd network connectivity during and between
attacks, the background of which is unclear (fo\aew, see [12]), though areas belonging to

the default-mode, dorsal attention, salience aadalinetworks (DMN, DAN, SN and VN,



respectively) consistently show altered interic@hnections in several studies [18; 51]. These
studies, however, often investigate mixed grousedarding evidence that migraine with and
without aura could be separate entities [18; 41; ABo, stationarity of coupling between brain
regions is commonly assumed, which might be ansovglification, since functional
connectivity (FC) fluctuates on different time s=[8]. Migraineurs also exhibit altered
thalamocortical network dynamics [45], which metret inconsistent migraine resting state FC
study results could stem from differences in methogly, heterogeneity of samples or

neglecting dynamic changes in FC.

An emerging model of increased sensory gain in anmgr suggests increased flexibility of
network connections and altered response or ad@aptatextrinsic stimuli [6], possibly more
emphasized in migraine with aura due to mechanig@gortical hyperexcitability, or cortical
spreading depression [9]. Also, migraineurs shderadl levels of excitatory and inhibitory
neurotransmitters (e.g. glutamate and GABA, segffs(a review). Such a neurochemical
milieu would cause imbalance in network functiomjetr might be captured by the temporal
dynamics of network connections. In this model,3heis a network of special interest: it serves
as a “switch” between default-mode and task-paesitigtworks [40; 52], flagging extrinsic
stimuli as worthy or unworthy of further attentibma@sources. Extrinsic stimuli evoke
disproportionate responses from hyperexcitablesareaking it harder to distinguish between
their saliency. Accordingly, migraineurs performsdeefficiently in visual tasks where relevant
stimuli are to be selected from a noisy backgroeugd motion detection paradigms [1]. In
epilepsy - which shares pathophysiological featuigls migraine [29] -, cortical
hyperexcitability induces lasting changes in thegeral dynamics of SN nodes [31].

Consequently, altered temporal dynamics of SN fandh the interictal term might appear as a



network-level expression of altered cortical exuiity, providing further grounds to

differentiate between migraine subtypes.

In this study, we investigate dynamic connectioinhe SN in healthy participants and migraine
patients with and without aura. We hypothesisedititansic dynamics of the SN would prove
to be more variable in migraineurs and especiallinghose with aura, suggesting a measure of
network instability, which might influence betweeatwork interactions. Since the SN
comprises higher-order transmodal cortical aredsdaals with salient stimuli of all modalities
[16], we assess its function in relation to otheimmetworks involved in higher-order stimulus

processing, namely the DMN and DAN [52].

Methods

Participants

For this study, we recruited 20 migraine patienith @nd 37 patients without aura, and 32
healthy controls. Patients were recruited fromHieadache Outpatient Clinic at the Department
of Neurology, University of Szeged. Healthy condralere all recruited from the Szeged area
and encompassed colleagues, their family memberstadents from the University of Szeged.
Experienced neurologists (the authors JT and ZDih ith over 10 years of experience) made
the diagnosis of migraine based the diagnosis gfaitie on the criteria outlined in th& 3

edition of the International Classification of Heatie Disorders [14] and ruled out any
neurological or psychiatric comorbidity during teealuation process (further exclusion criteria
included a Hamilton Depression Scale score of #8ical diagnosis of any anxiety disorder and

abuse of alcohol or other psychoactive substanBeshographic data of the participants can be



found in Table 1. There were no differences in &} or sex distribution between groups
(one-way ANOVA for age and BMI: p<0.371, p>0.70@dfisher’s exact test for sex: p<0.744).
Healthy controls did not report any chronic coradis or medication use. Migraine patients had
no neuropsychiatric conditions apart from migrageg no chronic conditions apart from a few
cases of hypertension, subclinical hypothyreosisgastrooesophageal reflux, which were
treated adequately and did not cause manifest syngptSome of the patients took interval
therapy for migraine (migraine with aura grouppfiazochrome, migraine without aura group: 5
iprazochrome, 1 amytriptillin, 1 topiramate). Migraurs with aura had visual aura (symptoms
included photopsia, blurry vision and scotomasl &avo patients additionally had sensory aura
symptoms (unilateral numbness). In the migrainé atira group, all patients predominantly had
migraine attacks with preceding aura symptoms,eMmigraineurs without aura never
experienced aura symptoms. All participants praditihesir written consent, as per the Helsinki

declaration, and the local ethics committee appdhkie study (87/2009).

MR image acquisition

Participants were scanned on a 1.5T GE Signa EXéte MR scanner (GE Healthcare,
Milwaukee, Wisconsin, USA), at least one week afeir last migraine attack, in the interictal
period. We acquired 3D FSPGR (TE: 4.1 ms, TR: 1n83matrix: 256*256, flip angle: 15
degrees, FOV: 25*25 cm providing whole brain cogejeand 10 minutes of resting BOLD EPI
T2*-weighted images (TE: 40 ms, TR: 3000 ms, maB#*64, flip angle: 90 degrees, FOV:
30*30 cm, slice thickness: 6 mm, flip angle: 90&sulting in 200 volumes for every participant.

During the functional scan, participants were mstied to stay awake with their eyes closed.



Image pre-processing

A schematic depiction of analysis steps can bedonrFigure 1. We used FEAT 6.0 to pre-
process the acquired MR images, as contained inIBMBftware Library (FSL, version 5.0.10,
[39]). Steps of pre-processing included the remo¥#he first 2 volumes to avoid saturation
effects, consequent removal of non-brain tissud=@h’s Brain Extraction Tool [37], slice-
timing correction, grand mean intensity scaling aration correction using a rigid body (6
DOF) registration to the middle volume with MCFLIRfGllowed by high pass filtering with a
cutoff of 0.01 Hz and removal of linear trends. Weemalised the resulting volumes to standard
2 mm MNI space using a two-stage boundary-basastratpon process, as implemented in FSL.
For the multivariate analysis, volumes were resampd 4 mm standard space resolution.
Additionally, data underwent standardization afteing orthogonalized to the 6 motion
parameters from the MCFLIRT output to alleviate ¢tberelation bias introduced by head
motion [20]. The three groups did not differ inrter of mean absolute or relative displacement

during the scan (Kruskal-Wallis test, p<0.425 ar0.p53).

Group independent component analysis (ICA)

To acquire group-level spatial maps of restingesbain networks, we performed group
probabilistic independent component analysis wih'’s MELODIC (version 3.15, [3]), using
temporal concatenation ICA. Data dimensionality wstsmated automatically using the
Laplace-approximation to the posterior evidencthefmodel order. Resulting independent
components (ICs) were classified as signal or nadseisual inspection following recent

guidelines [22].



Statistical analysis

In order to describe the activity of the salieneeaork, we calculated different measures on the
level of ROIs and large-scale networks. In the adseithin network connectivity we calculated
dynamic conditional correlation between ROIs, &snational connectivity measure. On the
network level, dynamics are more often charactdragefluid transitions between distinct
patterns of node-to-node co-activations [46]. In case, we chose an approach utilising
Granger’s causality to measure information flownssgtn network activities, which provides us

with a single comparable measure without the needri a priori model.

Time series extraction

Statistical analysis was conducted using FSL tants MATLAB (version R2012, MathWorks,
Inc.). We estimated network-level time series facresubject by regressing the group level
spatial maps of ICs against the subjects’ fMRI dagd. For the salience network, we
investigated five major nodes: the bilateral insdlarsal anterior cingulate cortex and bilateral
anterior prefrontal cortices. ROl time series wextracted as the first temporal eigenvariate of
each node in the group average salience netwotlkakpmp. Node ROIs were identified using

FSL's cluster tool, as described later on.

Dynamic conditional correlation

To describe the variability of intrinsic connectsoin the salience network, we calculated their
dynamic conditional correlation [27], a parametnmdel-based dynamic functional connectivity
metric that has been shown to be more accurateediatile than the traditional sliding window

method [11; 27].

Dynamic conditional correlation is calculated irotatages. To begin with, a first-order

univariate generalized autoregressive conditioetgfoscedasticity (GARCH (1,1)) model [4] is
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fitted for each time series, which describes thedd@mnal variance at each time point as a

function of previous time point residuals and theiriance:
2 _ 2 2
ct=w+ayt1 +Po

whereo represents the time-dependent variance, y is @leBsignal at time t, and, o, p are

the model parameters estimated during the fittioggss. This model is used to compute
standardized residuals, which are then utilisegstomate framewise dynamic correlation values
(see [17; 27] for the full details). This model heen evaluated for usage with fMRI data [27],
and its summary measures have been subject teetest-reliability assessment, showing fair

reproducibility [11].

To get a measure similar to the static Pearsonigledion coefficient, we calculated the average

of dynamic framewise correlation values across timiats.

We compared this time-averaged correlation andeimporal variance of dynamic correlation
coefficients between groups in a general linearehtrdmework using a nonparametric
permutation test for inference [48], similarly teetapproach used in the FSLNets toolbox
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets).le designs we used were based on the GLM
ANOVA design described in the FSL manual at httfs:fmrib.ox.ac.uk/fsl/fslwiki/GLM. We
set the significance threshold at p=0.05. We peréat correction for multiple comparisons by
controlling the family-wise error rate. To see wWiertthe above-mentioned slight differences in
medication and comorbidity between the two migraraups had any effect on our results, we
repeated the GLM analysis with dummy covariatesngptbr medication use and the

aforementioned chronic conditions.



Granger’s causality

To characterise causal interactions between treuttehode, dorsal attention and salience
networks, we employed Granger’s causality [21],clthas been used to describe the
hierarchical organization of resting-state netwarkseuropsychiatric disorders before [28].
Although prone to limitations [36], the method Heeen shown to be viable in the analysis of
fMRI data, provided certain conditions are met [4id]this case, the time series involved do not
exhibit significant zero-lag correlation, and tapgical differences in the hemodynamic response
are averaged out during network time course estmaflso, we investigated differences
between groups, which rather means a measure ngetitaan actual baseline causality. Here we
calculated Granger’s causality in the frequency @omwhich can be intuitively described as the
fraction of power at a certain frequency in timae®X; that is supplied by time serieg R4].

In this case, the measure might be more accuratetiime-domain Granger’s causality, as
resting-state network nodes have been shown tgrateeacross multiple frequency bands, with
main large-scale networks having the highest powtre slow-5 and slow-4 frequency bands
[19]. This is also corroborated by the fact thagéa neural networks tend to be recruited during
slower oscillations [7] and also the low-pass fikéfect the haemodynamic response exerts on

underlying neural signals (e.qg. [34]).

Therefore, usually the 0.01-0.1 Hz range of netwamillations is investigated. In our case, we
divided the 0.01-0.1 Hz range into two bands (0840H05Hz and 0.05Hz<0.1Hz), and
calculated the pairwise Granger’s causality of eztiwork-network relationship in these
frequency bands using the MVGC toolbox [2]. We ased the group effect via the same

approach as described in the previous section.
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Results

Group ICA

The temporal concatenation ICA decomposed theid&i880 independent group average
components, from which we retained those 3 thamééed the default-mode, dorsal attention
and salience networks in their spatiotemporal pitogse[38]. Spatial maps of the selected
components are depicted in Figure 2. The MELODI&ugriCA analysis reported 4.5%, 3.6%

and 3.4% variance explained by the DMN, DAN and &dspectively.

Five regions usually considered as nodes of thersad network (bilateral anterior insula, dorsal
anterior cingulate cortex, and bilateral antericfppontal cortex, similarly to [52]) were specified
as regions of interest (ROI) via the following apgeh. The corresponding group average
independent component probability map was thregubo#éd p=0.9, then we used FSL'’s cluster
tool to obtain separate ROI maps (see Figure 3Ag¢s& ROl maps served as masks, and we

extracted the principal eigenvariate of underlywogel time courses for each participant.

Within-network connections

The variance of dynamic conditional correlation \wagher in migraine with aura vs. healthy
controls and migraineurs with vs. without aura leswthe right anterior insula and the dorsal
anterior cingulate cortex, and in migraine withaaus. healthy controls between the dorsal
anterior cingulate cortex and left anterior prefedicortex (p<0.011, p<0.026 and p<0.021,
corrected for multiple comparisons; see Figure 3B time-averaged dynamic conditional
correlation was lower between the right anterisula and right anterior prefrontal cortex in
migraine without aura vs. migraine with aura andltingy controls (p<0.038 and p<0.037,

corrected for multiple comparisons).
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Causal network interactions

In the frequency domain, the sum of causal intesagiower in the 0.01<0.05 Hz frequency
range from the salience network to the dorsal attemetwork was significantly weaker in
migraine with aura (p<0.032, corrected for multiptemparisons). A trend of weaker interaction
from the DMN to the DAN could be observed in migeawith aura, which did not reach
statistical significance (see Figure 4). No sigrfit differences were observed in the 0.05<0.1

Hz frequency range.

The GLM analysis that contained medication usedmdnic conditions as covariates yielded

similar results in all comparisons.

Relation to clinical variables

Variance of dynamic conditional correlation:

Spearman’s rank correlation was calculated betizge@ variance and clinical parameters
(attack frequency, disease duration). We foundhiteraction between DCC variance and clinical
parameters in the aura group. In the non-aura grarance of the bilateral PFC correlation and
right anterior insula — rPFC correlation diminishradderately with increasing attack frequency
(R=-0.516, p<0.003 and R=-0.456, p<0.012, p wkarected for multiple comparisons via

Bonferroni).

Spectral causal interactions:

Spearman’s rank correlation was calculated betwaesal interaction power and clinical
parameters (attack frequency, disease duratiom) DIMN-DAN interaction diminished
moderately with longer disease duration in the airgg with aura group (R=-0.5248, p<0.036, p
values corrected for multiple comparisons via Baiwigl). These interactions were absent in the

migraine without aura group.
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Effect of intrinsic network stability on networktaractions

To investigate whether the increased volatilityoéle correlations in the salience network affect
causal network interactions (seeing as degradedbniestability might exert harmful influences
on internetwork dynamics), we calculated Spearmeari& correlation between causal

interaction strength and node-to-node correlatamance.

The SN-DMN interaction diminished moderately witicieasing variance of the dACC — rPFC
correlation in the migraine with aura group (R=5@%, p<0.045, p values corrected for multiple

comparisons via Bonferroni).

Discussion

In this study, we showed that (i) migraineurs vétira exhibit more fluctuating interregional
connections within the salience network, (ii) effee connectivity between the salience and
dorsal attention resting-state networks is reduicedigraine with aura, (iii) that are both a
function of clinical parameters and the extentarfrgection instability within the salience
network. We used dynamic conditional correlatiofgidy novel method that has been scarcely
used to investigate pain disorders. One study iigednvestigate links between the salience
network and multiple sclerosis-associated painr tlesults show that neuropathic pain features
are associated with larger fluctuations of dynafuictional connectivity between lower-order
sensory cortical seeds and salience network re¢gdnadnother study demonstrated that the
consistency of task performance during the adnmatisin of painful stimuli correlates with
variability of DCC in the salience network [10]. Vilened to describe salience network

instability by the hypothetically increased variaraf interregional intrinsic dynamic correlations
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and then proceeded to examine whether between-rietmteractions are affected by the

salience network’s intrinsic instability. We dissufese points further below.

The physiological basis of dynamic functional cactivety has been the target of a considerable
body of research in recent years, which linked tbéhavioural and cognitive measures [13], the
power of the EEG signal in certain frequency bgdAd$ and showed that its parameters differ in
certain disease conditions. It has been linkedttaal hyperexcitability in the case of temporal
lobe epilepsy, where the variance of dynamic fumal connectivity in networks related to
seizure propagation (especially the midline cingutreas) was shown to increase with longer
disease duration [31]. Our study showed that t@mection between the right anterior insula and
dorsal anterior cingulate cortex (areas that carstihe core regions of the salience network
[40]) is more variable in migraineurs with aura. Wgothesise that this instability might come

from multiple origins.

(i) Since this network deals with salient stimatiore frequent inputs from hyperexcitable brain
regions (such as the visual cortex In the caseigifaime) might strengthen the structural
connections between network nodes, providing a refi@ed link that allows a greater range of
synchronization. This would be corroborated by prnavious study, which showed increased
fractional anisotropy, and lower mean and radifiugivity in various white matter tracts
(including the cingular white matter) in migrainewvith aura, compared to controls [41]. Such a
constellation of diffusion parameters is usualleipreted as a sign of more compact and defined
white matter microstructure, possibly a consequengtastic changes in the brain [35]. Also,
migraineurs without aura did not exhibit the saragrde of variability in salience network
integration, and in their case, a lower variancmsdilar connections was associated with higher

attack frequency and longer disease duration.

14



(i) The instability of the salience network’s carennections might stem from an increased
amount of glutamate in the dACC present in mignaiag¢50], which might allow less salient
stimuli to elicit a stronger response, making digion between noise and stimulus harder.
Furthermore, functional connectivity of the dACGlmeen described to strengthen with
increasing glutamate levels, suggesting a highel kef synaptic efficiency in dACC
connections [26]. This might, in part, represefdrectional adaptation to the higher ratio of
extrinsic stimuli entering the processing strearmiciv might be connected to the altered
temporal patterns in the stimulus-processing streggnaineurs exhibit compared to healthy
controls [45]. Behavioural results show that migeairs navigate stimuli mixtures of competing
features with less ease: Antal et al. showed trat judgment of motion direction in the case of
coherently moving dots against an incoherent batkgt lags behind that of healthy participants
[1], which was confirmed by other studies as welt( [44]). Another interesting phenomenon is
that when confronted with perceptual rivalry (éfge Necker-cube illusion, where extended
viewing of a dot within a schematic drawing of dewvill introduce two alternating visual
percepts), migraineurs show increased intervalsdmt perceptual switches in the interictal
term as a function of their headache frequency. [S86ging as cortical spreading depression is
thought to underlie the migraine aura, and ariseseneadily in case of a cortical
excitatory/inhibitory imbalance [33], this mightsal show that the ability to differentiate

between competing stimuli may be dependent onxtentof altered cortical excitability.

(iif) The core regions of the salience network @s® involved in pain processing [25], which
might imply that the network’s intrinsic instabylits the consequence of an increased allostatic
load that migraine attacks present. This woulddygradicted by our result, which shows that

the intrinsic instability of the salience networikers between the two migraine groups, although

15



migraineurs without aura showed significantly geeattack frequency in the studied population
(two-tailed Student’s t-test, p<0.01). Considetinig, still, network variability relates differemtl
to attack frequency and disease duration in thegrwaps. Further investigations are required to

establish the pathophysiological basis of the mareable insula-dACC connection in migraine.

The salience network has been suggested to plalg anrthe transition between default mode
and active brain function [40; 52]. It is one oéthierarchically organized, anticorrelated
networks that has been suggested to be importanomitive functioning [23]. In migraine, the
functional and effective connectivity of the satemetwork to other large-scale networks are
altered [51]. Our study found similar differencaghe information flow between the default-
mode network and two networks associated with iiffeaspects of saliency detection. We also
showed that this might be explained.in part byititensic instability of the salience network.
More variable connections in the network might léad larger extent of node-to-node
synchronization. This might allow the generatiomfre frequent signals from the anterior
insula, which could make further processing ofratesl stimuli inefficient, and result in
dysfunctional large-scale network dynamics. Althoitglid not reach statistical significance, a
tendency of diminished information flow from the DMo the SN might suggest that the
switching function of the SN is harder to evokenigraine patients. This might be due to plastic
changes in network function, which might constitateadaptation to a lower threshold for
stimulus saliency. Our results, that higher attae§uency and longer disease duration come
with more hampered network interactions, may prewdme basis for this hypothesis. However,
more targeted studies are needed to address tossibipties, which employ paradigms that

recruit saliency detection networks in a consisggrtt more discernible way.
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Our study has several limitations. First of alg hysiological basis and methodology of
dynamic functional connectivity is still an actikesearch area, and there is a plethora of metrics
in the literature, with no best one that suits gvesearch question in the topic. Here we chose a
metric that has been evaluated to be fairly aceuaat reproducible, but future research might

develop more prompt ways to characterize time-wgrjunctional connections.

The temporal resolution of fMRI provides smalleasg for interpreting dynamic changes,
restricting observation to the scale of severabsds. Future research might aim to employ
combined modalities to gain more information alihettemporal reorganization of brain

networks that might illuminate their functional clges in pathology more accurately.

Lastly, studying dynamic changes in the restingestaight be less informative in the case of

saliency detection than targeted paradigms.

Conclusion

In this study, we found that the salience netwotthilgits more variability in its intrinsic
connections in migraineurs with aura compared &dthg controls and migraineurs without aura,
which also impacts between-network interactionss Tiirthers the need for distinction between
the two migraine types, and adds to the curreny lob&nowledge pertaining functional brain

architecture that underlies disease phenomenagraime with aura.
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Figure legends

Figure 1.: Analysisflow chart. (A) The fMRI scans underwent preprocessing includiragnbr
extraction, motion correction, spatial smoothingisance regression and temporal filteri(i)
Preprocessed volumes were fed into temporal conatd® ICA with FSL's MELODIC(C) To
characterize dynamic connections between regiongarest (ROIs) in the salience network,
first we used FSL'’s cluster tool to segment thréddu group average component maps to obtain
node spatial maps. We extracted time series frathR@ls and calculated their dynamic
conditional correlation (for details see Method%)en we compared the temporal variance and
average of dynamic conditional correlation valuesMeen groupgD) We characterized

network interactions by calculating the spectraditgrer’'s causality between pairs of subject-
specific network time series, obtained via a degtession approach. We compared the sum of

causal interactions in the 0.01<0.5 Hz and 0.05#2 tange between groups.

Figure 2.: Spatial maps of group-level independent components. Spatial maps of the salience,
default mode and dorsal attention networks, oveidai a standard MNI brain template volume.

We created three-dimensional maps using BrainNeiwgi [49]. Color bars represent Z-values
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describing how a given voxel conforms to networkdty as estimated by the independent
component analysis. Two-dimensional maps showsstitat contain the voxel with maximal Z-

value. MNI-coordinates of these voxels are as ¥adldx, y, z):

+ Salience network: 46 -2 4
* Default mode network: 10 -58 28

» Dorsal attention network: 46 -38 48

Figure 3.: Time-varying properties of intrinsic salience network connections. (A) Spatial
maps of regions of interest in the salience netywavkrlaid on a glass brain. The correlation
matrix represents the temporal average of pairdysemic conditional correlation between
regions of interest. Abbreviations: r/IAl = riglgft anterior insula, r/IPFC — right/left prefrontal
cortex, dACC — dorsal anterior cingulate cori@). Boxplots representing significant group
wise differences in the temporal variance of dyraooinditional correlation between salience
network regions of interest. Migraineurs with aaxhibit greater variability of correlation
between right anterior insula, dorsal anterior alage and left prefrontal cortex activity, as

demonstrated via representative subject@3)n

Figure4.: Information flow between resting state networks. (A) We calculated spectral
Granger’s causality between the salience, defaottenand dorsal attention networks (SN, DMN
and DAN, respectivelyXB) Boxplots showing group wise differences in sub+zcausal
interactions. Migraineurs with aura show signifittarlecreased information flow from the
salience network to the dorsal attention netwonkl show a tendency of decreased information
flow from the DMN to the DAN(C) depicts the full array of pairwise causal interactstrength

between the three investigated networks.
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Tables

Healthy controls

Migraine without

Migraine with aura

aura
N 32 37 20
Age (years, mean +/{ 35.4 +/- 11.3 35.9+/-9.1 32.2+/-7.8
SD)
Sex (male/female) 3/29 3/34 3/17
Disease duration - 15.4 +/- 11.2 154 +/-8.4
(years, mean +/- SD)
Attack frequency - 54.3 +/- 43.9 28.3 +/- 24.8
(total attacks/year,
mean +/- SD)
Attack duration - 31.4 +/-26.4 19.9 +/- 18.3
(hours, mean +/- SD
Allodynia score - 3.6 +/- 3.7 1.6 +/-1.7
(mean +/- SD)
Pain intensity during | - 8.6+/-1.4 7.5+/-15

headache (VAS,

mean +/- SD)

Table 1.: Demographic data of the participants. Abbreviati®i3 — standard deviation, VAS —

visual analog scale
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