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1. eBRAIN-Health

The Project eBRAIN-Health will deliver a distributed research platform for modeling and simulating
complex neurobiological phenomena of human brain function and dysfunction in a data protection
compliant environment. It will provide thousands of multilevel virtual brains from patients and healthy
human controls for research and innovation. Brain data from multiple sources will be pre-processed.
Solving the societal grand challenge of dementia is a big task. Yet it appears feasible in a collective
approach. Therefore, we will build an interdisciplinary digital twin for dementia for modeling and
simulating complex phenomena at the service of research infrastructure communities. eBRAIN-Health-
Cloud will offer end-to-end services for personalized complex brain modeling and simulations in
distributed e-infrastructures with data protection by design and by default and simulation-ready
human multiscale brain data that range from molecular (genomics, proteomics, metabolomics) and
cellular to electrophysiology and imaging to behavioural, clinical, life-style and environmental data as
well as data from wearables. Brain data are pre-processed and annotated such that they all relate to a
common reference 3D brain space.

eBRAIN-Health-Cloud constitutes a blend of three large-scale research programs: the FET Flagship
Human Brain Project with its EBRAINS Research Infrastructure, the EOSC project Virtual Brain Cloud
with its Virtual Research Environment for sensitive data and the H2020 project AI-MIND with intelligent
tools for dementia risk estimation. The project will have synergies to topics of the Digital Europe
Program, such as artificial intelligence, cybersecurity and supercomputing and the Health Data Space.

eBRAIN-Health-Cloud offers a next generation clinical research infrastructure and creates an open yet
protected space for groundbreaking digital health innovation by the research infrastructure
communities comprising academia and the private sector.

2. eBRAIN-Health consortium

e CHARITE — Universitaetsmedizin Berlin, Germany

e EBRAINS, Belgium

e Forschungszentrum Juelich GmbH, Germany

e Stichting Radboud Universiteit, Netherlands

e Universidad Pompeu Fabra, Spain

e OSLO Universitetssykehus, Norway

e tp21 GMBH, Germany

e Fraunhofer Gesellschaft zur Foerderung der Angewandten Forschung eV, Germany
e INDOC RESEARCH EUROPE gGmbH, Germany

o Universitaet Wien, Austria

e Universidad Complutense de Madrid, Spain

e EODYNE Systems SL, Spain

e ATHENA — Research and Innovation Center, Greece

e University of Oslo, Norway

e Universita degli Studi di Roma la Sapienza, Italy

e Alzheimer Europe, Luxembourg

e Institute National de Recherche en Informatique et Automatique, France
e Centre Hospitalier Universitaire Vaudois, Switzerland

e The University of St Andrews, United Kingdom

e Eidgendssische Technische Hochschule Ziirich, Switzerland

Find the partners on our website
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3. Introduction

Whole-brain modeling is central to eBRAIN-Health. Deliverable D9.5 applies it to a hard clinical
problem: designing a brain-stimulation protocol in silico within a personalized brain model before it
reaches the patient. Building on the project’s efforts modeling deep brain stimulation (DBS) in The
Virtual Brain (TVB) (Meier et al. 2022), we developed DBSpy (https://github.com/virtual-twin/dbspy)
(Martin, Meier, and Ritter 2026), an open-source Python toolkit that models all aspects of a clinical
DBS treatment.

DBSpy helps researchers represent electrode leads and their stimulation settings, simulate the
induced electric field, identify the white-matter tracts and fibers that the field activates together with
the cortical regions they innervate, and compute the resulting cortical activation. From this chain, it
predicts clinical outcome by three established methods, each correlating stimulation with
improvement at a different anatomical scale: 1) Voxel sweet spots (Dembek et al. 2019) locate the
tissue where stimulation helps most, 2) sweet streamlines (Baldermann et al. 2019) pick out the
white-matter pathways whose activation drives the benefit, and 3) cortical sweet regions (Horn et al.
2017) identify the cortical areas whose engagement predicts a good outcome. It also exports region-
wise input for dynamic whole-brain models, as specified with TVB.

Alzheimer’s disease is also indicated for stimulation treatment targeting the Papez memory circuit,
reached via fornix DBS (Neumann, Horn, and Kiihn 2023; Rios et al. 2022). The same pipeline also
generalizes to non-invasive stimulation of these networks, since the interface accepts a non-
invasively induced field as readily as an implanted one.

4. Partners involved

e Universitat Pompeu Fabra (UPF), Spain — lead. Multimodal human measurements under
non-invasive stimulation, and the whole-brain models that consume the demonstrator
output.

e Charité — Universitdtsmedizin Berlin / Berlin Institute of Health (BIH), Germany. Brain
Simulation Section (Prof. Petra Ritter). The DBSpy demonstrator and its coupling to The
Virtual Brain, developed within the TVB-DBS research line.

5. Description of work performed

5.1. DBSpy: An open-source toolbox for modeling the whole-brain stimulus response and
predicting clinical outcome

DBSpy takes a stimulation configuration in a given brain, predicts from cohort data whether it will
help, and converts the same electric field into input for a whole-brain model (Figure 1). It works in
four steps:

e Data layer. A typed, Brain Imaging Data Structure (BIDS)-aligned database pools electrode
reconstructions, stimulation settings, and clinical outcomes from multi-center datasets, with
full provenance (Moxon et al. 2021; Gorgolewski et al. 2016).

e Electric field. Interchangeable field solvers, from a fast template method (Baniasadi et al.
2020) through a native finite-difference solver to an OSS-DBS finite-element adapter
(Butenko et al. 2020), plus direct ingest of precomputed fields from Lead-DBS (Horn and
Kahn 2015; Neudorfer et al. 2023).
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e Outcome mapping. For each voxel, streamline, and cortical region, DBSpy correlates its
electric-field exposure with clinical improvement across the cohort (Spearman), producing
sweet spots (Dembek et al. 2019), sweet streamlines (Baldermann et al. 2019), and sweet
regions (Horn et al. 2017). It cross-validates these predictors and tests significance by
permutation, accelerated with JAX (Bradbury et al. 2018).

Whole-brain coupling. DBSpy projects the activated fibers onto their cortical endpoints,
giving a static map of activated cortical regions. Delaying each fiber’s stimulation pulse by the
axonal conduction delay corresponding to its arc length yields a region-wise activation time
series that The Virtual Brain reads directly (Sanz-Leon et al. 2015; Meier et al. 2022).

We validated the toolkit on the openly published multi-center cohort of Hollunder et al. (2024): 197
patients treated with DBS of the subthalamic nucleus (STN) at seven international centers, across
dystonia (DYT), Parkinson’s disease (PD), Tourette syndrome (TS), and obsessive-compulsive disorder
(OCD). Its de-identified electrode reconstructions and clinical outcome scores served as the input,
and the originally published sweet-spot and fiber maps as ground truth. DBSpy contributed no
patient data of its own; it re-analyses this existing cohort.
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Figure 1: The DBSpy demonstrator, end to end. Subject electric fields in a common analysis space; the
normative tractogram and cortical parcellation; sweet streamlines and a voxel sweet-spot map coloured
by correlation with clinical improvement; clinical prediction against measured outcome; and the cortical
activation time series, dispersed by conduction delay, that feeds whole-brain simulation.

6. Results

DBSpy reproduced the reference results closely (Table 1). Voxel sweet spots matched the published
correlations within Ar < 0.08 and fiber filtering within Ar < 0.01, with patient rankings preserved
(rank concordance 0.86—0.99) and correlation-map overlap (Dice) of 0.86. A cortical-region extension
added interpretable targets (r = 0.18-0.62). The three scales largely capture the same signal, so the
modality can follow the scientific question without a loss of accuracy. The full analysis ran in about 20
minutes on a laptop and produced the region-wise cortical activation time series, with conduction
delays, that a whole-brain TVB model consumes.
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-Il;ra—gz:ple Correlations Between DBSpy Predictions and Reference Maps, by Cohort

Cohort (N) Sweet spot rin (ref.) Fiber rin (ref.) Parcel rin
DYT (56) 0.48 (0.56) 0.43 (0.44) 0.44
TS (14) 0.69 (0.70) 0.85 (0.86) 0.62
PD (94) 0.48 (0.49) 0.48 (0.48) 0.18
0OCD (19) 0.47 (0.44) 0.64 (0.63) 0.49

Note. Cell values are in-sample Spearman correlations between predicted and observed clinical
improvement; reference values from Hollunder et al. (2024) are in parentheses. N = patients per
cohort; rin = in-sample correlation. DYT = dystonia; TS = Tourette syndrome; PD = Parkinson’s disease;
OCD = obsessive-compulsive disorder.

7. Conclusion, next steps

We delivered the computational core of the D9.5 demonstrator: a validated, open-source toolkit that
turns a stimulation setting into an outcome prediction and a whole-brain model input, in minutes on
a laptop. Beyond D9.5, DBSpy is developing into a full open-source, Python-native platform for
modeling connectomic deep brain stimulation, interoperable with Lead-DBS, the reference toolbox
for DBS imaging and connectomics (Horn and Kithn 2015; Neudorfer et al. 2023).

The immediate next step is to run candidate protocols through the whole-brain model and compare
the simulated network response with recorded brain activity, closing the design loop. Extending the
electric-field solvers to transcranial montages would then carry the same pipeline to non-invasive
stimulation, reaching the memory networks that fornix DBS targets in Alzheimer’s disease. Finally,
patient-specific tractography would replace the normative connectome where individual precision
matters (Nordin et al. 2023).

8. Availability

DBSpy is available at https://github.com/virtual-twin/dbspy under the European Union Public License
(EUPL) v1.2 (Martin, Meier, and Ritter 2026).

The validation used previously published, de-identified derivatives from Hollunder et al. (2024)
(electrode reconstructions, clinical scores, and reference maps), available on the Open Science
Framework (https://osf.io/zu9c6/); no raw imaging or directly identifiable personal data were
processed.
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