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1. eBRAIN-Health

The consortium eBRAIN-Health develops a distributed European research environment in which
multilevel health information can be analysed without abandoning the principles of privacy,
interoperability and reproducibility. The project connects molecular, cellular, anatomical, clinical and
behavioural information so that mechanisms of brain health and disease can be investigated across
scales rather than within isolated data silos.

A central scientific objective is to make heterogeneous evidence usable in personalised computational
models of the brain. Such workflows require harmonised datasets and explicit links between
biomedical concepts, mechanistic pathways and the anatomical coordinate systems used by
neuroimaging and whole-brain simulation. Without those links, knowledge graphs remain difficult to
compare with regional imaging signatures or translate into spatially resolved model parameters.

Deliverable D4.4 addresses this requirement through a knowledge graph adapter for spatial pathway
mapping. The implementation is centred on The Virtual Brain adapter of semantics (TVBase), which
transforms literature-derived associations and knowledge graph entities into standardised three-
dimensional brain maps. The adapter supports mechanistic interpretation, multimodal comparison
and preparation of biologically informed inputs for The Virtual Brain (TVB; Ritter et al., 2013).
Alzheimer's disease provides the principal demonstrator; transfer to other disease domains remains
to be evaluated.

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

e 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 Eidgendsssische Technische Hochschule Ziirich, Switzerland

Find the partners on our website
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3. Introduction

Dementia is a growing global health challenge, and Alzheimer's disease (AD) accounts for the largest
proportion of cases. Its clinical expression emerges from interacting processes that span genes,
proteins, cells, neurotransmitter systems, large-scale networks and cognition. This complexity limits
approaches that examine a single modality or biological scale in isolation and motivates computational
frameworks able to combine complementary forms of evidence (Livingston et al., 2020; Jack et al.,
2018).

Knowledge graphs and biomedical ontologies provide machine-readable descriptions of entities and
relationships. NeuroMMSig, for example, represents curated mechanisms of neurodegenerative
disorders, while STRING captures protein associations and Gene Ontology supplies a controlled
vocabulary for biological processes (Ashburner et al., 2000; Domingo-Fernandez et al., 2017; Szklarczyk
et al., 2023). These resources are well suited to pathway analyses, yet they normally lack direct
representation in the coordinate spaces used for human brain imaging.

The inverse problem also remains unresolved. Neuroimaging can identify a regional pattern associated
with pathology, symptoms or prognosis, but such a map does not by itself explain the molecular or
cellular processes that produced it. A spatial adapter can reduce this gap by assigning knowledge graph
entities to reproducible regional profiles and by comparing those profiles with empirical imaging
patterns.

TVBase implements this concept as a semantic meta-analysis framework. A biomedical query is
submitted to the literature-mining infrastructure SCAIView, anatomical co-occurrences are recognised
through the Uberon ontology, and their query-specific relevance is projected onto a curated cortical
and subcortical reference system (Mungall et al., 2012; Glasser et al., 2016). Standard template spaces
then permit translation to alternative parcellations and comparison with empirical maps.

The aim of D4.4 is to document the adapter, its technical components and the scientific evaluation
reported in the accompanying methodological preprint. The work builds on the multiscale dementia
principles documented in Deliverable D6.2 (eBRAIN-Health Consortium, 2025). It examines how spatial
information can enrich pathway graphs and connect mechanistic knowledge with patient-level
imaging; it does not constitute independent clinical validation.

4. Partners involved

Charité - Universitatsmedizin Berlin

Fraunhofer Institute for Algorithms and Scientific Computing SCAI

5. Description of work performed
5.1. Scope and functional requirements

The adapter was designed around five requirements. First, it had to accept both free-text concepts and
identifiers from controlled vocabularies. Second, every regional value had to retain a traceable
relationship to the publications and anatomical annotations from which it was derived. Third, the
output needed to be compatible with established surface and volume standards. Fourth, the mapping
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had to support entire entity sets from pathway resources rather than isolated concepts. Finally, the
resulting maps had to be suitable for state-of-the-art connectomics and for integration with whole-
brain simulation. These requirements summarise the framework described by Stefanovski et al. (2026),
which is the main source of this report.

Table 1. Main components of the implemented adapter. Methods and capabilities summarised from Stefanovski et al.
(2026).

Free text or identifiers from controlled A query-specific PubMed corpus with anatomical

Semantic input K X .
P vocabularies are passed to SCAIView. annotations.

Regional terms are weighted against their

Relevance . . . .

background frequency in the full literature A query-specific vector of regional relevance scores.
assessment

base.

Curated Uberon classes are assigned to cortical . . )

. . . A regional vector in the native TVBase reference

Anatomical bridge Glasser parcels and subcortical FreeSurfer space

regions. pace.

. Surface or volume data are resampled in Comparable maps across more than 46 anatomical

Atlas translation . :

fsaverage, fsLR and MNI-152 standard spaces. and functional parcellations.

Entities from a knowledge graph are mapped Spatially enriched conventional or multilayer
Pathway adapter ) ge s -p o PP P Y v

separately and linked by spatial similarity. pathway networks.

Maps and metadata are exposed through . L. L
Downstream . Reusable inputs for analysis, visualisation and
. software, database, APl and graphical . . ) . .
interfaces . biologically informed simulation.

interfaces.

5.2. Semantic evidence and entity standardisation

SCAlIView provides the evidence layer of TVBase. For each query, it identifies matching PubMed
records and returns anatomical concepts annotated in their abstracts. Uberon supplies the anatomical
vocabulary, whereas MeSH, HGNC and Gene Ontology support standardised queries for disorders,
genes and biological functions. This combination reduces ambiguity caused by synonyms and supports
consistent processing of pathway entities (Dérpinghaus et al., 2018; Mungall et al., 2012).

The regional relevance score is based on a query-specific adaptation of relative entropy. Negative
values, which indicate that an anatomical term occurs less often than expected from its background
rate, are set to zero. The resulting value therefore reflects anatomical specificity rather than
publication count alone (Stefanovski et al., 2026).

5.3.  From anatomical language to brain coordinates
A manually curated transformation matrix supplies the core spatial bridge. Evidence associated with

an Uberon term can consequently be accumulated in a standard regional vector while retaining its
semantic provenance (Stefanovski et al., 2026).

public document B e 5/12



Translational

[Controlled Vocabularies 200 Applications
i b ood)
| @2
\ UBERON MeSH Canidate Pathway T~V |
| e Q Identification i
| & o
|
HGNC GO k»—‘_——-’_&_A‘- it

(
= Common Brain ‘

Parcellations f \S
ﬂse -““’““"
N N High Performance
& %

e ,_- @@ Computing

\
)
—/

\ ‘\ Decoding Clinical

b —,1\5\ Imaging Data
T

“Standardized Imagmg y

Templates
Template Flow

o oo

“ Validation With State-of-the-Art Meta-Analysis Tools

NeuroSynth, NeuroQuery, Neuromaps...

Figure 1. Overview of the TVBase ecosystem. Literature mining and controlled vocabularies are linked to standard brain
templates, software interfaces and translational applications. Reproduced from Stefanovski et al. (2026) under CC BY-NC
4.0; caption rewritten for this deliverable.

The native representation combines 360 cortical Glasser parcels with 19 subcortical regions. Projection
through standard surface and volume templates allows the same semantic profile to be represented
in MNI-152, fsaverage and fsLR spaces (Fischl, 2012; Fonov et al., 2011; Glasser et al., 2013). It can then
be resampled to atlases including Desikan-Killiany, Destrieux and Julich-Brain, and to parcellations
distributed through Neuroparc (Amunts et al., 2020; Desikan et al., 2006; Destrieux et al., 2010;
Lawrence et al., 2021). This atlas-neutral design supports comparison across datasets and simulation
pipelines that use different parcellations (Stefanovski et al., 2026).

5.4. Spatial enrichment of pathway graphs

For pathway mapping, each graph entity is treated as an independent semantic query. The resulting
regional maps provide a spatial signature for that node. Pairwise map similarity can then be encoded
as a second class of edges alongside the curated molecular relations. In this way, the original graph
expresses known mechanistic or protein associations, while the added layer expresses whether two
entities are linked to similar anatomical distributions in the literature (Stefanovski et al., 2026).

A third layer was developed because co-occurrence-based relevance does not identify whether an
association is positive, negative or neutral. The research workflow used OpenAl's ChatGPT API model
gpt-4-1106-preview to classify the relationship described in each PubMed abstract; where an abstract
was unavailable, the title was used. A fixed single-shot prompt requested exactly one of three labels -
positive, negative or neutral - and the temperature was set to 0.0 (Stefanovski et al., 2026).

The resulting labels were aggregated to construct directionally weighted spatial profiles. The model
inputs consisted of publication abstracts or titles and did not include participant-level ADNI data.
Because the classifications may inherit errors and biases from both the literature and the language
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model, they were treated as an auxiliary probabilistic layer rather than as curated biological ground
truth.

Infomap was used to compare information flow and community structure between the original
pathway and its spatially enriched variants (Rosvall and Bergstrom, 2008). The analysis tested whether
anatomical context altered node prominence, separated mechanisms into different modules or
connected entities that were disconnected in the source graph. Such changes were interpreted as
hypotheses for expert review, not as evidence of a causal biological relationship.

5.5. Evaluation and reproducibility

Evaluation was performed at complementary levels. Anatomical mappings supplied an internal
reference test; NeuroQuery and Neurosynth provided coordinate-based comparators (Dockes et al.,
2020; Yarkoni et al., 2011); neuromaps supplied empirical multimodal maps (Markello et al., 2022);
and connectome analyses tested whether semantic co-relevance preserved recognised network
organisation. Disease applications assessed whether the maps added interpretable information to
pathway and patient-level data. Map-validation and graph analyses used Pearson correlation, whereas
the participant-level amyloid-PET analyses used Spearman rank correlation; permutation procedures
were applied where reported in the source preprint (Stefanovski et al., 2026).

TVBase version 0.1.0 was released on 9 March 2026 under the EUPL-1.2 licence. The package is
available from PyPl. The source repository is scheduled for public release on GitHub (release commit
e4489bb25fdf0db2977402d175410ac4d7elcaea). Programmatic, database, API and graphical
interfaces are described in the preprint (Stefanovski et al., 2026).

6. Results

6.1. Adapter implementation and coverage

D4.4 documents an initial public software release and an associated semantic-to-spatial workflow for
processing individual concepts or pathway entity sets. The results below are adapted from a public
preprint that has not undergone peer review and were not independently recalculated for this
deliverable (Stefanovski et al., 2026). They should therefore be interpreted as exploratory until
independently replicated.

The implementation supports two complementary operations: pathway nodes can be augmented with
literature-derived anatomical profiles, and empirical regional patterns can be compared with a library
of semantic maps to prioritise candidate mechanisms. These operations provide analytical support for
hypothesis generation rather than validated mechanistic inference. Figure 2 summarises the multilayer
construction used in the pathway demonstrator.
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Figure 2. Multilayer representation of an Alzheimer's disease pathway. STRING associations are complemented by
unweighted and directionally weighted TVBase similarity layers, enabling comparison of communities, flow and spatially
connected knowledge gaps. Reproduced from Stefanovski et al. (2026) under CC BY-NC 4.0; caption rewritten for this
deliverable.

6.2. Spatial mapping of Alzheimer's disease pathways

The first pathway demonstrator combined the Alzheimer's disease pathway from KEGG with STRING
protein associations and TVBase-derived spatial edges (Kanehisa et al., 2023; Szklarczyk et al., 2023;
Stefanovski et al., 2026). The network comprised 354 KEGG-associated protein nodes; 117 yielded non-
zero TVBase maps, and 88 retained directionally weighted maps.

In the two-layer model, 93% of information flow remained within the protein-interaction layer. Adding
the directionally weighted semantic layer increased the reported flow towards the spatial layers from
7% to 30%. The largest modular shift involved TNF, NF-kappa-B signalling and amyloid beta. Spatial
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edges also connected four nodes that were isolated in the protein-interaction network - RTN3, VDAC2,
GRMS5 and MT-CO3. These exploratory outputs identify candidates for targeted validation; they do not
demonstrate new molecular interactions (Stefanovski et al., 2026).

6.3. Interpretation of patient-level Alzheimer's disease imaging

A separate demonstrator evaluated associations between semantic symptom maps and empirical
amyloid PET. Data were obtained from the Alzheimer's Disease Neuroimaging Initiative (ADNI)
database (adni.loni.usc.edu), a longitudinal public-private study led by Michael W. Weiner, MD, that
combines imaging, biomarkers and clinical assessments to characterise progression from cognitively
unimpaired ageing through mild cognitive impairment to Alzheimer's disease (Weiner et al., 2017). The
source analysis used post-processed, parcellated 18F-AV-45 PET from 1,127 participants (552 female;
mean age 72 years) and generated TVBase maps for 37 symptoms from the NINCDS-ADRDA criteria
(McKhann et al., 1984; Stefanovski et al., 2026).
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Figure 3. Alzheimer's disease symptom maps provide spatial context for amyloid PET and are associated with individual
cognitive measures across the ADNI cohort. Reproduced from Stefanovski et al. (2026) under CC BY-NC 4.0; caption
rewritten for this deliverable.

6.4. Deliverable outputs

The work reported in D4.4 links machine-readable biomedical entities with spatially explicit pathway
representations. The principal outputs are summarised below. These outputs are summarised from
Stefanovski et al. (2026).

e A curated transformation between brain-related Uberon anatomy and the combined cortical-
subcortical TVBase reference space.
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A relevance model that converts query-specific literature evidence into regional semantic
association maps with provenance.

Interoperability with standard volume and surface templates and more than 46 parcellation

schemes.

e Software interfaces for single concepts, controlled vocabularies and complete pathway entity
sets.

o A multilayer graph workflow combining curated pathway edges, spatial similarity and
optional directionally weighted evidence.

e Validation against anatomy, coordinate-based meta-analysis, multimodal empirical maps and
connectome organisation.

e Disease demonstrators in Alzheimer's disease, including pathway enrichment and patient-
level imaging interpretation.

e A public Python package (version 0.1.0) and methodological preprint, with the source

repository scheduled for public release: TVBase version 0.1.0: The Virtual Brain knowledge

base adapter. EUPL-1.2; release commit e4489bb25fdf0db2977402d175410ac4d7elcaea.

GitHub source repository (scheduled for public release):

https://github.com/BrainModes/tvbase; PyPI: https://pypi.org/project/tvbase/

7. Conclusion and next steps
7.1. Conclusion

D4.4 documents a reusable adapter that links semantic and graph-based biomedical knowledge with
spatial standards used in human neuroimaging. TVBase combines literature mining, ontologies, a
curated anatomical transformation and atlas translation to produce interoperable regional maps. The
reported evaluation suggests correspondence with external anatomical, functional, molecular and
network-level evidence and shows that spatial layers altered pathway organisation in the reported
exploratory analyses (Stefanovski et al., 2026).

The Alzheimer's disease demonstrators illustrate two potential applications. At pathway level, spatial
layers changed information flow and highlighted inflammation-related modules and candidate
knowledge gaps. At patient level, symptom-derived maps provided clinically interpretable spatial
context for amyloid PET and showed modest associations with cognitive measures. Both applications
require independent replication and prospective validation.

7.2. Next steps

Future work will strengthen provenance, versioning and automated quality control as the literature
and source ontologies evolve. Further benchmarking will address alternative relevance measures,
spatial null models and independent disease datasets. Integration with EBRAINS services will support
persistent map publication, federated analysis and reuse across project work packages.

A subsequent modelling step is to translate spatially prioritised mechanisms into biologically
interpretable regional parameters for TVB (Ritter et al., 2013). This would allow pathway hypotheses
to be tested dynamically and compared with multimodal observations. Longitudinal, interventional
and independent validation studies will be required before assessing whether such priors improve
prediction of disease progression or treatment response.
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