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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 

• CHARITE – Universitaetsmedizin Berlin, Germany 
• EBRAINS, Belgium 
• Forschungszentrum Juelich GmbH, Germany  
• Stichting Radboud Universiteit, Netherlands 
• Universidad Pompeu Fabra, Spain 
• OSLO Universitetssykehus, Norway 
• tp21 GMBH, Germany 
• Fraunhofer Gesellschaft zur Foerderung der Angewandten Forschung eV, Germany 
• INDOC RESEARCH EUROPE gGmbH, Germany 
• Universitaet Wien, Austria 
• Universidad Complutense de Madrid, Spain  
• EODYNE Systems SL, Spain 
• ATHENA – Research and Innovation Center, Greece  
• University of Oslo, Norway 
• Universita degli Studi di Roma la Sapienza, Italy 
• Alzheimer Europe, Luxembourg  
• Institute National de Recherche en Informatique et Automatique, France 
• Centre Hospitalier Universitaire Vaudois, Switzerland 
• The University of St Andrews, United Kingdom 
• Eidgenössische Technische Hochschule Zürich, Switzerland 

  Find the partners on our website 

https://ebrain-health.eu/consortium.html
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3. Introduction 

In any brain imaging analysis, the first step is to load the data. It is often convenient to apply some 
basic data transformations and to turn the data in a 2D (samples x features) matrix, where the samples 
could be different time points, and the features derived from different voxels (e.g., restrict analysis to 
the ventral visual stream), regions of interest (e.g., extract local signals from spheres/cubes), or pre-
specified networks (e.g., look at data from all voxels of a set of network nodes). Think of masker objects 
as swiss-army knives for shaping the raw neuroimaging data in 3D space into the units of observation 
relevant for the research questions at hand. 
Nilearn is a generic, open-source and high-quality library to process neuroimaging data.  In the 
framework of D5.4 the following contributions to the Nilearn library have been performed: 

• The development of specific maskers objects dedicated to data sampled on the cortical surface 
(such as gifti or cifti files) 

• The development of masker reports that help the user to understand the numerical behavior 
of the masker 

Siibra is a tool suite for accessing brain atlases and linked multiscale datasets. It represents the main 
software interface to brain atlases in EBRAINS. The siibra-python library has been extended to directly 
connect with the new nilearn maskers and handling of timeseries fMRI NifTi and Gifti. This allows to 
extract signals directly using parcellation maps available in siibra, and access the resulting 
observations.  
 

4. Partners involved 

Inria, FZJ 
 

5. Description of work performed 

5.1. Development of surface-based maskers 

The purpose of SurfaceMasker, SurfaceLabelsMasker, SurfaceMapsMasker is to 
mirror the capabilities of NiftiMasker, NiftiLabelsMasker and NiftiMapsMasker that 
are already popular for brain volume data manipulation, but to extract data from SurfaceImage, 
i.e. data sampled on cortical meshes. These so-called masked objects can perform data extraction 
from 1D surface data (n_vertices), 2D surface data (n_vertices x samples) or list of 1D or 2D surface 
data with the same underlying mesh. 

The SurfaceMasker object, 

https://nilearn.github.io/dev/modules/generated/nilearn.maskers.SurfaceMasker.html 

Extracts the signal or time courses from a region defined on the cortical surface (left or right 
hemisphere or both). It returns one time point per mesh point 

The SurfaceLabelsMasker object, 
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceLabelsMasker.html 

Extracts the signal or time courses from a set of regions defined as a parcellation on the cortical 
surface (left or right hemisphere or both). It yields reguin-level signal averages, which can then be 
used for downstream analyses. 

https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceMasker.html#nilearn.maskers.SurfaceMasker
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceLabelsMasker.html#nilearn.maskers.SurfaceLabelsMasker
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceMapsMasker.html#nilearn.maskers.SurfaceMapsMasker
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.NiftiMasker.html#nilearn.maskers.NiftiMasker
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.NiftiLabelsMasker.html#nilearn.maskers.NiftiLabelsMasker
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.NiftiMapsMasker.html#nilearn.maskers.NiftiMapsMasker
https://nilearn.github.io/stable/modules/generated/nilearn.surface.SurfaceImage.html#nilearn.surface.SurfaceImage
https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceLabelsMasker.html
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The SurfaceMapsMasker object, 

https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceMapsMasker.html 

Extracts the signal or time courses from a set of regions defined as a set of maps on the cortical 
surface (left or right hemisphere or both). It yields region-level signal averages, which can then be 
used for downstream analyses. 

5.2. Development of Masker reports 

Once a maker has been fed with data, a report is generated to help the user understand how the data 
was processed. It contains a visual representation of the regions specification (whether in the brain 
volume or on the cortical surface), and the hyperparameters that govern signal and time series 
extraction, such as smoothing, filtering, signal summarization strategy etc. 
Reports are essential to assess the reproducibility of data analysis pipelines. 
 
5.3. Integration of Maskers in siibra-python 

Several extensions were implemented in siibra-python to support atlas-based signal extraction and 
time-series analysis workflows. Although siibra is not intended as a general-purpose data analysis 
library, it provides atlas access, spatial reference handling, and data retrieval while preserving the 
association between data and the corresponding atlas structures. The implemented functionality 
builds on this principle by improving interoperability with established analysis tools, in particular 
Nilearn, without detaching the data from its atlas context. 
 
Nilearn masker support was added to siibra Map objects through the as_nilearn_masker() 
method. This method allows atlas maps managed by siibra to be converted into Nilearn-compatible 
maskers, enabling region-wise signal extraction from volumetric and surface-based data. Since siibra 
handles differences between atlas resources, including variations in formats, and dissemination 
differences, the implementation provides a unified interface for using Nilearn maskers with the 
growing selection of complementary parcellation maps available through siibra. 
 
To further simplify signal extraction, the extract_signals_with_nilearn method was 
implemented. This method accepts siibra volume objects directly to extract signals from atlas regions. 
To achieve this, TimeSeriesVolume objects and capability to read GIFTI time-series data have been 
introduced to siibra-python, enabling workflows based on Nilearn’s SurfaceLabelsMasker. In 
addition, FreeSurfer fsaverage5 meshes are now shipped with siibra, as surface-based fMRI data are 
commonly represented at this or comparable mesh resolutions. 
 
The implemented functionality further supports workflows involving user-provided atlases and local 
analysis of sensitive patient data, since siibra can operate on locally available resources. An 
accompanying workflow notebook was created to demonstrate the use of the new Nilearn integration 
and signal extraction functionality, available through the  
siibra-python documentation 
 
Finally, siibra’s existing functionality for assigning volumetric data to atlas regions was extended to 
time-series volumes. This enables peak- and cluster-based analysis of fMRI and other signal-derived 
volumetric data across time. 
 

https://nilearn.github.io/stable/modules/generated/nilearn.maskers.SurfaceMapsMasker.html
https://siibra-python.readthedocs.io/en/feat_timeseries_volume/examples/showcases/fmri_anaylsis_workflow.html.
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6. Results 

The PRs introducing SurfaceMasker, SurfaceLabelsMasker and SurfaceMapsMasker were merged in 
Nilearn, available in release 0.11.0. (december 2024). 
The surface adding report for Surface maskers and Surface-level Generla linear models were merged 
in Nilearn release 0.12.0 (June 2025) 
This results is a uniform API (provide snippets) for the library 

 
 
 
 
 
 
 
 
 
 
 

The uniformity of the API makes it possible to replace a maker with another one if the user wished to 
change the way he/she specifies what brain regions he/she is interested in. 
Importantly, the Surface masker objects are the basis for all type of analysis on the cortical surface 
(General Linear Model, decoding, encoding, connectivity analysis). 
 
An example of Masker is available in Fig.1: it provides a description of the spatial model used to extract 
signal and time series from the data, as well as the hyperparameters that have impact on the numerical 
behavior of the method.  
 
 
A consequence of these additions is the growing usage of Nilearn: 100k downlads/month in 2025. 
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Figure 1: Example of SurfaceLabelsMasker report from Nilearn. See  
https://nilearn.github.io/dev/modules/generated_reports/masker_reports_examples.html  

https://nilearn.github.io/dev/modules/generated_reports/masker_reports_examples.html
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7. Conclusion, next steps 

Has fostered novel development of surface processing of fMRI data, such as  

• surface-level cluster detection (release 0.13.0, jan 2026) 

• smoothing on the cortical surface (upcoming 0.14 release) 

As it is available on a generic and popular open-source toolbox, it can be used either on the user’s 
machine but also on servers, platforms such as Ebrains. It can thus enterany workflow. The ability to 
perform surface-level data masking is a major achievement given the popularity of surface-based 
representations in brain imaging population data analysis.  
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