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Connecting tubes

glioma

tumor cells form a network

most common primary brain tumor
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6 annual cases per 100,000
prognosis is dismal
cognitive dysfunction

unigue multiscale research

tumor cells connect to brain cells global network disturbances
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how do we construct brain networks at multiple scales?

scale

structural network methods

anatomical MRI _
covariance between

morphological features

of region pairs

diffusion MRI
reconstruction of
(probability of) white
matter bundles

diffusion MRI

morphology
reconstruction of cells
and cellular networks

morphology

functional network methods
(resting-state) EEG/MEG/fMRI

correlation or other connectivity
measure calculated between brain
activity time series from region pairs

intracranial single-cell recordings
spike sorting and subsequent correlation
calculated between spike trains of region
pairs

(resting-state) fMRI
intracranial single-cell recordings

intracranial EEG/MEA recordings
correlation or other connectivity measure
calculated between activity time series

calcium imaging recordings
correlation or other connectivity measure
calculated between activity time series
from cells

MEA recordings

single-cell recordings

calcium imaging recordings

dorien maas
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\i - structural links:
” reconstructed white matter
bundles (diffusion MRI)

Human Connectome Project, Siemens Connectom©



EEG: Avolt

functional links: synchronization
between time series of brain
activity (functional connectivity)

resting-state functional MRI (rsfMRI)

rsfMRI: ABOLD
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MEG | 151 nodes | functional connectivity

focal lesions like glioma associate with global network disturbances

healthy control’s
network

patient MRI patient’s network
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glioma patients have pathologically high network segregation,
but low integration

globally higher (pathological) loss of network integration and hub
connectivity, clustering and modular connectivity, particularly when
the healthy, small-world, modular . Y . & . . . . Y, P y- .
. segregation associate with seizure unifying different frequencies into a
brain network . . .
vulnerability and poorer prognosis multilayer network, relate to

cognitive deficits

MEG, rsfMRI, dMRI |various node sets | various measures

douw et al (2008) experimental neurology; douw et al (2010) bmc neuroscience; wang et al (2010) phys rev e; douw et al (2011) neuroscience; van dellen et al (2012)
ploS one; derks et al (2014) curr opin oncology; carbo et al (2017) scientific reports; derks et al (2017) neuroimage:clinical; derks et al (2019) brain & behavior; derks
et al (2021) brain connectivity; numan et al. (2022) brain; van lingen et al (2023) brain imaging and behavior; zimmermann et al (2024) journal of neuro-oncology



amsterdam cohort (n=83)

boston cohort (n= 121)

publically available tcga cohort (n=209)

but glioma does not
occur uniformly across
the brain (network)

low occurrence P 1ich occurrence

NELER I ER numan et al (2022) brain



nodal properties of the macroscale brain network correlate
spatially with cellular characteristics in collated datasets

Serotonin Dopamine Acetylcholine Glutamate

hansen et al (2022) nature neuroscience; markello et al (2022) nature methods



rsfMRI | 151 nodes | strength,

glioma occurrence coincides with greater hubness and higher brain activity
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higher brain activity actually causes tumor growth

1 I

Neuronal

i network

- :|‘f Gliomal
" network

Neurogliomal
synapse

Glioma network
activation

Invasion
Neuron Glioma cell Gap Glutamate Action potential EPSC Slow inward AMPA Calcium
junction current receptor ion
° . > ™ S
Tumour
microtube (TM)

venkataramani et al (2019) nature



but how do scales correlate in the same individual?

temporal lobe epilepsy . resected node
A micro-scale . middle temporal gyrus low versus high multilayer centrality

@ other nodes
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biocytin-labelling

/ multilayer eigenvector centrality

{ long dendritic length
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N'r total dendritic length

rsfMRI layer, MEG layer (theta 4-8 Hz)
interconnected multiplex
MST to normalize across layers

whole-cell recording

action potential
rise speed

douw et al (2022) cerebral cortex
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integrative properties go hand in hand across scales

A multilayer centrality and R centraiity | centrality
AP rise speed (1%)
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MEG |78 nodes| brain activity

... also in glioma patients jolanda

derks

neuroligin-3 measured in the tumor tissue as
a proxy of tumor-brain network integration -
O T - R ot e ) patients with low brain activity (and lower
tumor-brain integration) have twice as much
time until their tumor grows again
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there is a causal link between high MEG tumor connectivity
and more tumor-neuron connections

low functional high functional
connectivity (LFC) connectivity (HFC)
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so what can we do with these multiscale network insights?

virtual personalized non-invasive
neurosurgery brain stimulation




virtual neurosurgery




MEG, dMRI |78 nodes|structural & functional connectivity

individualized computational modeling of functional connectivity

High
Input +
Pyr
+,C2 +,C1
Inh Exc
: Low
each brain region is tractography structural connectivity simulation yields a
represented by a determines structural matrix determines time series per

single neural mass connectivity between coupling between brain region

brain regions neural masses

empirical simulated
functional functional
matrix matrix

kulik et al (2023) network neuroscience



MEG, dMRI |78 nodes|structural & functional connectivity

modeling tumor resections in glioma patients

we recapitulate the pathologically high regional pathological coupling decreases after virtual
coupling in most patients’ individualized models resection of the tumor areas
(a) A=10 (b) h=20
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van dellen et al (2013) neuroimage; alexandersen et al (2025) network neuroscience



personalized non-invasive brain stimulation

improves symptoms like
depression and
cognitive deficits

alters network topology,
also at a distance

impacts circuit activity

transcranial magnetic
stimulation (TMS) induces
action potentials




what does it
look like?

maxine operates the -

stimulation machinery,
increasing or decreasing the
simulation intensity
depending on the
(non)visible motor response

lucas operates the coil,
moving and angling it to
get a motor response

marieke is the “patient”



TMS is currently clinically used for . .
depression, obsessive compulsive can personalized network properties of the

disorder, migraine to restore  target node explain variations in clinical response?
lower network integration

subnetwork

does TMS targeted at the biggest hub
cause the most effect in terms of
restoring network integration?

symptom
improvement

symptom
improvement



rsfMRI|210 nodes|strength, betweenness centrality, promiscuity

TMS efficacy and hubness of the target region

n =19 unmedicated OCD patients

8001 ° @ real TMS
an{ @
200+ A A shamT™S
100 1 A

50 1 \ °

non-hub

bigger improvement

<
change in OCD-related distress after rTMS

40 50 60 70 80 90
hubness of the target

>

more network integration

non-hub

douw et al (2020) brain stimulation; fitzsimmons et al (2020) human brain mapping

patients with more
‘hubby’ targets had
greater symptom
reduction



rsfMRI|300 nodes|functional connectivity

network-based targeting with TMS to

improve cognitive complaints in glioma patients

TRUE-GRIT

* frontal glioma patients with cognitive complaints

o * target node = most strongly connected parietal node
e * rTMS sessions 3x per week, for 7 weeks

* cognitive strategy training to boost the TMS

. e n=4 so far!

maxine gorter



how else can we use these
multiscale network
neuroscience insights to
iImprove patient care?

I
prognostication

Survival
s =

Time

resective strategy

disease-modifying treatment

o
O

o

disease and treatment monitoring

- functional decline

- cognitive deterioration

- progression-free survival
- overall survival

- preoperative and peri-operative

functional mapping

- determining the epileptogenic zone
- selection of patients for awake

craniotomy

- (hyper)activity antagonists
- inhibitory (non-invasive) brain

stimulation

- disease monitoring, e.g. differentiating

between tumor progression and
radionecrosis

- monitoring treatment efficiency

- tailored (non-invasive) brain stimulation
- response prediction of interventions

aimed at symptom management
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