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ABSTRACT

Topology, in its many forms, describes relations. It has thus long been a central concept

in neuroscience, capturing structural and functional aspects of the organization of the
nervous system and their links to cognition. Recent advances in computational topology have
extended the breadth and depth of topological descriptions. This Focus Feature offers a
unified overview of the emerging field of topological neuroscience and of its applications
across the many scales of the nervous system from macro-, over meso-, to microscales.

From the early drawings of Ramon y Cajal to today, topological descriptions have played a
central role in neuroscience. In recent years, thanks to advancements in both mathematical
tools and data availability, the range and diversity of such descriptions are expanding rapidly,
spanning theoretical, computational, and experimental approaches to brain connectivity. This
Focus Feature on “Topological Neuroscience” aims at presenting the breadth of applicability
of topological data analysis (TDA) methods in neuroscience across scales and modalities.

Computational topology offers new frameworks for both the analytical description and the un-
derstanding of brain function. A common denominator to these new tools is their ability to find
meaningful simplifications of high-dimensional data. As such, TDA aims to capture mesoscale
patterns of disconnectivity and explicitly encode higher order interactions, that is, interactions
between more than two regions or components (Giusti, Ghrist, & Bassett, 2016). In addition
to the description of the shape of spaces derived from neuroimaging data, topology might play
an even more fundamental role in brain organization, as indicated by mounting evidence for
how the brain encodes space and memories (Dabaghian, Mémoli, Frank, & Carlsson, 2012).
Finally, the intrinsic robustness of TDA methods and the features they identify make them
powerful candidates not only to characterize healthy brain function but also potentially as
biomarkers for disease (Romano et al., 2014).

Recent seminal research has shown the potential and impact of topological approaches. Topo-
logical differences have been found at the population and individual levels in functional con-
nectivity (Lee, Chung, Kang, Kim, & Lee, 2011; Lee, Kang, Chung, Kim, & Lee, 2012) in both
healthy and pathological subjects. Higher dimensional topological features have been em-
ployed to detect differences in brain functional configurations in neuropsychiatric disorders
and altered states of consciousness relative to controls (Chung et al., 2017; Petri et al., 2014),
and to characterize intrinsic geometric structures in neural correlations (Giusti, Pastalkova,
Curto, & ltskov, 2015; Rybakken, Baas, & Dunn, 2017). Structurally, persistent homology
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