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Abstract

The analysis of brain connectivity, either structural or functional, namely connectomics, is
having a growing impact in the neuroscience community. The common approach to connec-
tome analysis is based on the investigation of graph theory indexes to quantify the brain
architecture across populations [1], i.e., healthy versus pathological conditions like mental or
neuro-degenerative diseases (e.g., autism, schizophrenia, Alzheimer etc.). One important task
in this field is, therefore, the discrimination of pathological states from healthy condition with
the aim of determining the features (brain areas or connections) that characterize the two
populations and their differences.

Various methods have been recently proposed to detect differences between groups directly
comparing the graphs. However, the direct comparison is limited by the fact that the commonly
used Euclidean distance does not reflect the real geometry of graphs intended as data points
on a manifold. To cope with this issue, two approaches have been pursued. On one hand,
different methods based on graph kernels have been proposed (e.g., [2], [3]). On the other
hand, manifold approaches based on the geometrical properties of positive definite matrices
have been introduced (e.g., [4], [5])

In this line we will discuss a general graph kernel classification framework that combines
the properties of manifold learning of semi-positive definite matrices and spectral graph the-
ory. In our framework, each graph is represented by its graph Laplacian transformed into a
positive definite matrix through a simple regularization. In this way graph Laplacians form a
Riemannian Manifold, over which a geodesic distance can then be computed to quantify graph
differences. In particular Log-Euclidean or Stein divergence can be used to define a positive
definite kernel which is then exploited by SVMs for classification [6]. Further, a subspace of
the Laplacian eigenspace, that define a manifold on the Grassmannian space can be used to
investigate which underlying functional sub-connectivity patterns characterize the populations
[7].

We tested our approach on functional and structural connectivity of different datasets,
showing the advantages of the framework and its potential for other applications.
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