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Abstract

Most neuroimaging modalities use regular grids of voxels to represent the three-dimensional
space occupied by the brain. However, a regular 3D voxel grid does not reflect the anatomical
and topological complexity represented by the brain’s white matter connections. In contrast,
tractography reconstructions based on diffusion MRI provide a closer characterisation of the
white matter pathways followed by the neuronal fibres interconnecting different brain regions.
In this work, we introduce hypervoxels as a new methodological framework that combines the
spatial encoding capabilities of multidimensional voxels with the anatomical and topological
information found in tractography data. We provide a detailed description of the framework and
evaluate the benefits of using hypervoxels by carrying out comparative voxel and hypervoxel
cluster inference analyses on diffusion MRI data from a neuroimaging study on amyotrophic
lateral sclerosis (ALS). Compared to the voxel analyses, the use of hypervoxels improved the
detection of effects of interest in the data in terms of statistical significance levels and spatial

distribution across white matter regions known to be affected in ALS. In these regions, the
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hypervoxel results also identified specific white matter pathways that resolve the anatomical
ambiguity otherwise observed in the results from the voxel analyses. The observed increase in
sensitivity and specificity can be explained by the superior ability of hypervoxel-based methods
to represent and disentangle the anatomical overlap of white matter connections. Based on this
premise, we expect that the use of hypervoxels should improve the analysis of neuroimaging data
when the effects of interest under investigation are expected to be aligned along distinct but

potentially overlapping white matter pathways.

1. Introduction

Neuroimaging has become an essential tool for the investigation of the living human brain. The
analysis of neuroimaging data allows researchers to address multiple questions about the structure
and function of the brain and its pathologies. In addition to the individual numerical values of
each data point in an image, knowledge of the relative position and topological relationship
between different points is fundamental to be able to compare image values across different
subjects, and to directly link findings to anatomical regions. This topological information,
required for the analysis and interpretation of the image data, depends on the format used for the
encoding and representation of the images. In neuroimaging, the most common format consists
of multidimensional data matrices representing spatial arrangements of volumetric units called
voxels. To fully interpret the information conveyed by a 3D image, each voxel value has to be
compared with the values from surrounding voxels (i.e. its topological neighbourhood) and
progressively, with the rest of the voxels forming the image. It is the topology of the voxel grid
which makes it possible to encode information beyond the numerical values of individual voxels.
Without the use of the voxel topology, important information present in the images, such as the
underlying anatomy, would be inaccessible and virtually indistinguishable from noise (Fig.1-A).

The topology of a 3D voxel grid corresponds with the structure of a 3D lattice graph that preserves
important properties of the 3D Euclidean space. For example, the 3D Euclidean space is isotropic
and homogeneous, i.e., its geometrical properties are invariant to rotations and translations.
Analogously, the 3D voxel grid shows isotropic connectivity and spatial homogeneity in the sense
that the connectivity between neighbouring voxels is defined by a pattern that remains invariant
to rotations and translations within the grid (Fig.1-B). This facilitates in great manner the spatial
manipulation of 3D data with efficient mathematical computations, which makes the voxel grid
a convenient framework for the representation of 3D images using a format that is also
independent of the object depicted. The use of the voxel grid by early computational methods for
the anatomical registration and the statistical analysis of brain images (Alpert et al. 1990; K. J.
Friston, Jezzard, and Turner 1994; K. J. Friston et al. 1995; Worsley et al. 1992; Wright et al.
1995) paved the way for the development of publicly available software packages for
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neuroimaging analysis based on voxels, such as, FSL (Jenkinson et al. 2012), SPM (Ashburner
2012), and AFNI (Cox 2012). However, it is often the case that the information of interest present
in the images involves topological aspects of the brain anatomy that do not align with the structure
of the 3D voxel grid, in which case its use may not be the most appropriate for an effective
analysis of the imaging data.

For example, to increase their sensitivity, many methods use spatial inference techniques that
identify “blobs” or “clusters of voxels™ associated with the presence of an effect of interest in the
data over an extended region of space. They provide supporting evidence of the implication of
the underlying brain regions in the investigated phenomena. In most cases, however, it is not
possible to ensure the anatomical specificity of the results because the interconnected voxels that
make each cluster can span multiple brain regions or/and anatomical structures. Also, individual
voxels can represent more than one brain structure, sometimes due to the coarse resolution of the
images, but often as a consequence of the intrinsic anatomical overlap between brain structures
that the voxel topology cannot resolve. The anatomical uncertainty of the voxels is even amplified
in methods like TBSS that project the voxel values into an image skeleton to boost the sensitivity
of the analysis (Bach et al. 2014; S. M. Smith et al. 2006). In all these scenarios, the mismatch
between the voxel topology and the brain anatomy could be contributing to the apparent trade-

off between the sensitivity of the analyses and the anatomical specificity of their results.

The other topological aspect of the brain anatomy that differs from the voxel grid is its structural
connectivity. In contrast to the isotropy and homogeneity that characterise the connectivity of the
voxel grid, the alignment of the neural connections across the brain is neither isotropic nor
homogeneous. For example, in grey matter regions, the orientation of the neural fibres reflects
the organisation of neurons in layers and columns. Relative to the cortex, connections are vertical
between neurons in the same column, and mostly horizontal between neurons in the same layer
(Schnepel et al. 2015). When we look at the white matter, we find myelinated axons arranged
into bundles that overlap or intersect each other forming complex patterns of parallel or crossing
fibres that also change across different regions [Castro et al. (2005); Silva and Andrade (2016)].
In addition, the intricacy and spatial overlap of the neural connections reflect a topological
complexity in the brain that exceeds anything achievable by the connectivity of a 3D voxel grid
[Bassett et al. (2010); Pineda-Pardo et al. (2015)], however useful such information would be to

the analysis of the images.

In this context, diffusion MRI tractography emerges as a neuroimaging technique that aims,
among other things, to characterise the structural connectivity of the living human brain. By
analysing the patterns of water diffusion across brain voxels, this technique generates streamlines
that aim to represent the white-matter pathways of neuronal axons connecting different brain
regions. This ability to display white-matter connections has found several clinical applications
(Farquharson et al. 2013; Yamada et al. 2009; Nimsky, Ganslandt, and Fahlbusch 2006) and has
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advanced the study of the brain’s anatomy and its structural connectivity (Catani et al. 2002;
Johansen-Berg and Rushworth 2009). Tractography has also made an important contribution to
the analysis of neuroimaging data with its application to tractometry (Bell et al. 2011; Yeatman
et al. 2012) and to connectomic analyses (Hagmann 2005; Hagmann et al. 2010; Sporns, Tononi,
and Kotter 2005). In tractometry, the streamlines are used to identify white-matter pathways in
voxel-based images from which quantitative values are extracted, averaged and analysed. This
can be done for specific tracts in the fashion of region of interest (ROI) analyses to increase the
statistical power and the anatomical specificity of the results (Jones and Nilsson 2015), or across
the entire white matter using analysis methods based on automated tractography clustering
techniques (Siless et al. 2020; Zhang, Wu, Ning, et al. 2018). In a connectomic analysis, the
brain’s structural connectivity is modelled as networks of grey matter regions (nodes)
interconnected by the streamlines (edges) that are analysed as graph-theory objects in terms of
connectivity strength or other topological properties (Fornito, Zalesky, and Breakspear 2015). In
all these analyses, incorporating the topological information provided by the streamlines entails
exchanging the spatial resolution of the voxels with the “anatomical” resolution associated with
the white-matter tracts or with the interconnected grey matter regions. However, the streamlines
also provide a geometrical approximation to the architectural complexity associated with the local
fibres (F. Dell’ Acqua and Tournier 2019; Jeurissen et al. 2019), and their connectivity applies to
all the voxels intersected by the streamlines and not just to the grey matter regions interconnected
by them. This information can be used to increase the anatomical specificity provided by the

voxels and to redefine the topological relationship between them (Fig.1-C).
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[Fig.1] A) Contribution of the voxel topology to the interpretation of an image: The anatomical
information is lost after a change in the voxel topology exemplified by a random permutation of
the voxel positions (right) showing the critical role played by the topology in the encoding and
interpretation of the original image (left). B) Topological properties of a 3D voxel grid: Given an
arbitrary neighbourhood of voxels (left) its topology is defined by a pattern of connectivity that

remains invariant to rotations and translations within the voxel grid (right). C) Anatomical and
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topological information provided by tractography: At the macroscale, tractography data provide
anatomical pathways used to characterise the structural connectivity of the brain (left). At the
voxel level, tractography streamlines can resolve the heterogeneous neuroanatomical complexity
represented by axonal fibres and redefine the topological relationship between neighbouring
voxels (right).

In this paper, we introduce hypervoxels as a new framework for the representation and analysis
of neuroimaging data that combines the spatial encoding capabilities of multidimensional voxels
with the geometrical and topological properties of tractography streamlines. We extend the 3D
voxel grid with additional spatial dimensions that encode local and global information about the
geometry of the streamlines that intersect each voxel. The newly defined hypervoxel grid allows
us to represent the streamline space in a voxel-compatible framework that maintains the spatial
resolution of the images. At the same time, we go beyond the traditional connectivity of the
regular voxel grid by providing a new anatomically inspired topology directly based on the
geometry of fibre bundles. This new topology identifies hypervoxels in the hypervoxel grid that
are either connected or adjacent to each other according to the trajectories of the streamlines from
a given tractography dataset. The result is a hypervoxel encoding, i.e., a high-dimensional voxel-
like topological discretization of the ‘“anatomical” space represented by a collection of
tractography streamlines. We provide examples on how to perform this hypervoxel encoding and
how to use it in the analysis of neuroimaging data. For that, we first construct a hypervoxel
template using tractography data obtained from a group of healthy individuals. Then, we provide
the hypervoxel implementation of two standard methods used in the statistical analysis of
neuroimaging data: cluster-level inference and threshold-free cluster enhancement (TFCE).
Finally, we use these two methods to analyse MRI data acquired on previous neuroimaging
studies and compare the results obtained using either the voxel or the hypervoxel version of each
method.

2. Methods

2.1. Hypervoxels: local information

Hypervoxels extend the space represented by a voxel grid with extra dimensions that represent
additional geometrical information about the streamlines. We start by considering the Position-
Orientation (P-O) space (Tuch 2002; Hagmann 2005) representing all possible combinations of

3D positions and local angular orientations.

P-O space = R® ® §?
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In P-O space, every streamline s has associated a sequence (pi, Bi) of vertex positions and local

angular orientations where each local orientation 6; corresponds to the unit vector tangent to the

trajectory of s at each vertex position p; (Fig.2 - centre-up).
s - (P;,0;)i=1.n 0; istangent to s at p;

To encode this combined information of positions and orientations, we extend a 3D voxel
position grid [X, Y, Z] with an additional dimension O that represents an orientation in a
particular discretisation of the sphere (Fig.2 - centre-down) . The result is a tessellation of P-O
space in the form of a hypervoxel grid [X, Y, Z, O] that allows us to represent each streamline

as a sequence of hypervoxels defined by their corresponding hypervoxel coordinates

[x:, Vi, 2i, 0;].
Bi, 8;) ~ [x1,vi, 21 5:] € [X,Y,Z,0] grid in R? ® §2

The P-O hypervoxel with coordinates [x;, v;, z;, 0;] locally represents all streamlines intersecting
voxel [x;,V;,2;] at an angle within the spherical section given by the grid element [o0;]. This
constitutes a ‘“one-to-many” correspondence between each hypervoxel and the locally
represented streamlines. Here, the granularity of the angular encoding is determined by the
resolution of the hypervoxel grid in the [O] dimension. For example, a homogeneous parcellation
of the sphere in 100 regions would yield an angular resolution of 47 /100 steradians per voxel.
This is the analogy of the granularity of the spatial encoding given by the voxel resolution
(i.e. 1,2,3, etc mm).

2.2. Hypervoxels: global information

Together with local information we are also interested in using hypervoxels to capture
information about the trajectories followed by the streamlines outside the voxel. Such
information can be encoded as a global parameter using additional hypervoxel dimensions. One
example is to encode the centre of mass (CoM) of each streamline as a global trajectory parameter
t that summarises the entire trajectory of each streamline. The motivation for choosing this
parameter is that streamlines connecting the same pair of brain regions tend to follow similar
trajectories throughout the brain and therefore have similar CoM. The inclusion of the parameter
t in the definition of each hypervoxel allows us to locally represent streamlines that follow
different trajectories outside the voxel as different hypervoxels. Now, each streamline s
corresponds with a sequence of vertex positions, local orientations, and global trajectory

parameters in a Position-Orientation-Trajectory (POT) space.
s - {p,, 0;, t:}ic1n 0; is tangent to s at p, t; CoM of s

(pi, 0;, fl-) € P-O-T space = R? ® $? ® R3
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To represent P-O-T space, we extend again the hypervoxel grid with additional dimensions U, V
and W to encode the global trajectory parameter ¢ in R3. In the extended hypervoxel grid [X, Y,
Z, 0, U, V, W] each streamline is represented by a sequence of 7D hypervoxels.

(pi’ 51-,&) ~ [xi,yi,zi, oi,ui,vi,wl-] € [X,Y, Z, 0, U, V, W] grld in ]R3 ® SZ ® ]R3

Each hypervoxel now distinguishes between streamlines that intersect a given voxel with distinct
local orientation and follow different global trajectory (measured by the CoM) outside the voxel.
As for the local orientation, the granularity of the encoding of the global trajectory will be

determined by the resolution chosen for the hypervoxel grid.

s {(®;,0 D)? _1 n Streamline trajectory in P-O-T Space = R*x §? x R?

Vertex Position Local Orientation Global Trajectory (CoM)

('ﬁi,b'i,fi) - [x;,vi,2;,0:,u;, v;,w;] hypervoxel coordinates in R?x $?x R? Grid

[xi yi, 2]

[X,Y,Z] = R3 grid [0] = S2 grid [U,V,W] = R® grid

[Fig.2] Each streamline corresponds with a trajectory of points in P-O-T Space given by vertex
positions, local orientations and a global trajectory parameter defined by each streamline’s centre
of mass. The hypervoxel grid provides a discretisation of P-O-T Space so each combination of
position, orientation and trajectory parameter corresponds with an unique hypervoxel in the

hypervoxel grid.
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2.3. Alternative global encodings

The combination of local orientation and global trajectory parameters allows the hypervoxel grid
to disentangle the anatomical complexity represented by the streamlines intersecting each voxel.
Nevertheless, other streamline information could also be used for the definition of the
hypervoxels. For example, we could encode the position of the streamline’s termination points

as they provide specific information regarding the end-to-end connectivity in the brain.

s - (pi, S, éi)i:l...n S; start point of s €; end point of s

In this case, the space and the corresponding hypervoxel grid would have 10 dimensions to
encode vertex position ([X, Y, Z]), local orientation ([O]), start point (|[SX, SY, SZ]) and end
point ([EX, EY, EZ]) of each streamline.

(pi,§i,§i) ~ |x;,vi, z;, 05, SX;, SV;, 5Z;, ex;, ey;, ez;] € [X,Y,Z,0,8X,SY,SZ,EX,EY, EZ]
gridin R3 ® $2 ® R3 ® R3

This alternative hypervoxel encoding would allow the differentiation at the voxel level between
intersecting streamlines that interconnect different brain regions, information that can be
particularly useful for connectomics applications. In general, multiple and distinct global (and

local) parameters can be included in the hypervoxel framework.

2.4. Hypervoxel encoding of tractography data

Given a tractography dataset and a hypervoxel grid defined by rules to encode some hypervoxel
parameters (e.g. local orientation, CoM, etc), the associated tractography hypervoxel encoding is
the smallest set of hypervoxels from the hypervoxel grid that represents all the streamlines in the
tractography dataset. The following algorithm describes the hypervoxel encoding of a given

tractography dataset {s;} using the local orientation and the CoM as hypervoxel parameters:
CREATE HYPERVOXEL ENCODING
*  Inputs: TractographyDataset, HypervoxelGrid, Output : HypervoxelEncoding
*  For each streamline s in TractographyDataset:
—  Forevery vertex v in s:
*  Get the voxel coordinates [X,y,z] corresponding to the position of v.

«  Calculate the local angular orientation 6 = (ox, 0y, oz) defined by the unit

vector tangent to s at vertex v.
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e Obtain the local orientation coordinate [0] corresponding to 6 in the

discrete parcellation [O] of the sphere.

«  Calculate the global trajectory parameter t = (tx, ty, tz) at v defined by

the relative position of the CoM of the streamline s respect to the vertex v.

*  Obtain the global trajectory coordinates [u,v,w] by discretising the global
trajectory parameter ¢ along the [U, V, W] dimensions of the
HypervoxelGrid.

*  Add the hypervoxel defined by coordinates hv=[x, y, z, o, u, v, w] to the

sequence of hypervoxels {hv(s)} representing the streamline s.
—  Add the hypervoxels in {Ahv(s)} to the HypervoxelEncoding.
*  Remove any duplicated hypervoxels from the HypervoxelEncoding

The encoded hypervoxels represent only a fraction of the total number of potential hypervoxels
in a hypervoxel grid, even for a whole-brain tractography dataset. Also, the encoded hypervoxels
are more sparsely distributed (in hypervoxel space) than the voxels intersected by tractography
streamlines (in 3D space). The sparsity of the hypervoxel encoding reflects the fact that the
streamlines intersecting each voxel represent only a small fraction of the potential trajectories

available within the hypervoxel grid.

2.5. Hypervoxel topology

Once the hypervoxel encoding is applied to a set of streamlines, we can define a new topology
on the encoded hypervoxels that better reflects the connectivity and geometry associated with the
streamlines. For that purpose, we take inspiration from the geometry of mathematical fibre
bundles (Ivancevic and Ivancevic 2007) that resemble the anatomical fibre bundles associated
with white matter tracts. A mathematical fibre bundle corresponds /ocally with the product of
two spaces referred to as the base manifold and the fibre. The local geometry at each point is
given by the direct sum of two vectorial components, one vertical and one horizontal (Kolaf,
Slovék, and Michor 1993). The vertical component is the vertical bundle formed by the vectors
that are tangent to the fibres. Its complement is the horizontal bundle given by an Ehresmann
connection (Ehresmann 1950). The Ehresmann connection is a mathematical object that allows
the definition of horizontal sections in the fibre bundle and the parallel transport of vectors across

the horizontal sections and along the fibres (Fig.3).

10
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Fibre bundle geometry - hypervoxel connectivity and adjacency

Fibre

Base manifold

Vectors tangent to
the fibres correspond
with the local orientations
encoded by the hypervoxels

The parallel transport
of the vectors

along the fibres

Is represented by

the connectivity
between hypervoxels

An Ehresmann connection defines
the parallel transport of vectors
across sections of the fibre bundle
represented by the adjacency
between hypervoxels

[Fig.3] Fibre bundle geometry. The connectivity and adjacency between hypervoxels is inspired
by the geometry of fibre bundles. The hypervoxel connectivity reflects the vectorial parallel
transport along the fibres. The adjacency between hypervoxels is inspired by the parallel transport

of vectors across horizontal sections of the bundle, as defined by an Ehresmann connection.

When we identify a bundle of streamlines with a mathematical fibre bundle, the local orientations
of the streamlines encoded by the hypervoxels correspond with the tangent vectors that form the
vertical bundle, while the cross sections of parallel axonal fibres corresponds with the horizontal
sections defined by an Ehesmann connection. Based on this analogy, we use the parallel transport
of vectors along the fibres and across horizontal sections of a fibre bundle to motivate the

following complimentary criteria of connectivity and adjacency between hypervoxels:

Hypervoxel connectivity: two hypervoxels are longitudinally connected if there is a streamline
that is locally encoded by both hypervoxels (i.e. they are “intersected” by the same streamline)
and they are not separated from each other more than a predefined distance threshold used to
account for tractography propagation errors. This longitudinal connectivity criterion gives rise to

a hypervoxel along-tract connectivity matrix HV,, a square binary matrix indicating which

11
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hypervoxels are interconnected to one another by at least one streamline and separated along the

streamline no more than the specified distance threshold.

Hypervoxel adjacency: two hypervoxels are radially adjacent if their “voxel” coordinates are
adjacent to each other and they have the same coordinates for the rest of hypervoxel parameters
(Fig.4). The corresponding hypervoxel radial adjacency matrix HV, indicates which hypervoxels

are radially adjacent to each other in the hypervoxel encoding.

The hypervoxel connectivity and adjacency matrices provide the hypervoxel encoding with a
new topological structure that reflects the organisation of the streamlines as fibre bundles. Here,
connected hypervoxels form the vertical component of a bundle (i.e. the fibres), while adjacent
hypervoxels form the horizontal component of the bundle (i.e. the cross-sections ). This new
topology constitutes a departure from the connectivity of the voxel grid where each voxel is
“isotropically” connected to all the surrounding voxels (Fig.1-B). Following a hypervoxel
encoding, most hypervoxels will be “disconnected” from surrounding hypervoxels in the grid
except from those that are part of the same fibre bundle, either as connected or as adjacent
hypervoxels. The basic principles of the hypervoxel topology are schematically illustrated in
(Fig.4). For a more comprehensive visualisation of the hypervoxel topology following the

encoding of a whole-brain tractography dataset, see (Fig.7)-B-D-E.

Voxels intersected by a Connected hypervoxels Radially Adjacent
bundle of streamlines hypervoxels

3D voxel Local orientation o

L Hypervoxel hv = (p, 0, t )
Streamline — Global trajectory t . \

[Fig.4] Hypervoxel topology. The intersection of voxels by a bundle of parallel streamlines
produces a collection of hypervoxels topologically related with each other. Connected
hypervoxels: those hypervoxels representing voxels intersected by streamlines that follow the
same trajectory within the bundle. Radially adjacent hypervoxels: hypervoxels representing

adjacent voxels intersected by streamlines following parallel trajectories within the bundle.

12
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2.6. Hypervoxel clustering

Based on the hypervoxel topology, we can define a hypervoxel clustering algorithm capable of
disentangling overlapping patterns of streamline configurations in regions of “crossing” and
“kissing” fibres (Basser et al. 2000). Given a set of voxels intersected by an arbitrary number of
tractography streamlines (Fig.5), the objective is to obtain separate clusters of hypervoxels where
each cluster represents a differentiated bundle of fibres. This problem cannot be solved in general
by conventional voxel-clustering algorithms because each voxel can only be assigned to one
cluster, even if the voxel is intersected by multiple fibre populations. Instead, this problem can
be overcome by projecting first the voxels into the hypervoxel encoding that represents the
tractography data, and then by clustering the resulting subset of hypervoxels using the topological
information provided by the connectivity and adjacency matrices. The cluster-growing algorithm
iterates through all the hypervoxels in the subset and parsimoniously adds each hypervoxel to an

existing cluster if it is either connected or radially adjacent to a hypervoxel already in the cluster.

Voxels + streamlines Voxel clustering Hypervoxel clustering

il - o
v 7S

‘ 3D voxel 3 —— Local orientation o Bl \
Streamline Cluster Number — Global trajectory t Hypervoxel hv = (p, 0, t)

[Fig.5] Clustering of voxels vs clustering of hypervoxels. Voxel clustering produces 3 clusters
defined exclusively by the spatial adjacency between voxels. Hypervoxels allow the
disentangling of regions characterised by the presence of crossing and kissing fibres into separate
clusters, each one representing a different group of interconnected or adjacent hypervoxels that

reflect the fibre bundle topology associated to the streamlines.

2.7. Hypervoxel template

The hypervoxel encoding of tractography data can be applied separately to individual
tractography reconstructions or done simultaneously to multiple tractography datasets registered
within the same space. We use the term hypervoxel template to refer to the hypervoxel encoding
of tractography data obtained from multiple subjects and normalised to the same 3D image
template such as the MNI152 T1 Imm template (Fonov et al. 2009). A hypervoxel template also
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has associated hypervoxel connectivity and radial adjacency matrices previously defined for its
hypervoxel encoding. These matrices provide the information required to perform different
topological operations on the hypervoxels, such as the segmentation of a given set of hypervoxels
into separated regions of interconnected hypervoxels. To illustrate the topological properties of
a hypervoxel template and to demonstrate its applications in neuroimaging, we constructed a
hypervoxel template based on whole-brain spherical deconvolution tractography from single-
shell diffusion MRI data acquired on 20 healthy adult participants from the BRC-Atlas
neuroimaging study on healthy volunteers. These data were collected at KCL Centre for
Neuroimaging Science under ethical approval number KCL REC PNM/10/11-163. Each
individual tractography dataset was normalised to standard MNI space by applying the same
combination of affine and non-linear transformations used to register each of the corresponding
FA brain maps to the FMRIB58 FA template available through the FSL software
(www.fmrib.ox.ac.uk/fsl) using FSL FLIRT and FNIRT commands (Jenkinson and Smith 2001;
Jenkinson et al. 2002, 2012). A series of filters was subsequently applied to the combined
tractography data to remove anatomically implausible streamlines including loops, streamlines
terminating in the middle of the white matter and streamlines longer than 200mm or shorter than
15mm. In addition, streamlines with trajectories underrepresented across the 20 subjects were
filtered down to 100000 streamlines. To reduce the computational demand required to construct
the hypervoxel template, we randomly selected a final number of 30000 streamlines using the
skip function implemented in Trackvis (Wang and Wedeen 2017).

2.8. Hypervoxel cluster analysis and hypervoxel TFCE

Once a hypervoxel template is available, any voxel-based neuroimage data defined in the
underlying 3D anatomical space such as the MNI T1 2mm template can be projected to the
hypervoxel template to be analysed in hypervoxel space. The projection of data onto the
hypervoxel template would generally produce a one-to-many mapping from voxels to
hypervoxels covering the entire hypervoxel encoding. In addition, we can apply the previously
defined hypervoxel clustering algorithm to the projected data. The strategy of projecting voxel-
based data into hypervoxel space before performing a hypervoxel clustering allows us to
elegantly extend already existing methods of statistical inference based on voxel clustering also

to the hypervoxel framework.

Two examples of cluster based statistical methods that have become standard in the analysis of
neuroimaging data are cluster-wise inference analysis (Poline and Mazoyer 1993) and threshold-
free cluster enhancement (TFCE) (S. M. Smith and Nichols 2009). These two related
methodologies work on the assumption that after a whole-brain voxel-level statistical inference
analysis, large clusters of statistically significant voxels extending beyond the spatial
autocorrelation of the noise are likely to reflect the presence of true effects of interest in the
images (Poline and Mazoyer 1993). This same assumption can be applied equally to the analysis
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of voxel data projected onto a different spatial domain where the topology of the alternative space
is used to determine the formation of clusters and their statistical properties (Fischl 2012; Lett et
al. 2017; D. A. Raffelt et al. 2015; Zhang, Wu, Ning, et al. 2018). In all these approaches, the
topology of the new space is used to determine the formation of clusters and their statistical
properties. In a similar manner, we use the hypervoxel topology to implement the hypervoxel
versions of cluster-wise inference and TFCE for the analysis of voxel data projected onto a

hypervoxel template.

The general workflow of a hypervoxel cluster analysis or a hypervoxel TFCE can be subdivided
into four stages that resemble a traditional cluster-wise inference or TFCE in voxel space. Firstly,
a typical voxel-level analysis is carried out on the original imaging data using permutation tests
(Winkler et al. 2014). This generates for each permutation whole-brain statistical maps that
represent the results of evaluating a test hypothesis at the level of individual voxels. Secondly,
the statistical maps are projected onto a hypervoxel template created following the steps
described in the previous sections. Then, the hypervoxel topology is used to produce for each
map either clusters of suprathreshold hypervoxels (in the case of hypervoxel cluster analysis) or
the cluster support of each hypervoxel (in the case of a hypervoxel TFCE analysis). The clusters
of suprathreshold voxels are obtained by applying the hypervoxel clustering algorithm to those
hypervoxels that have a value above a selected arbitrary threshold of the statistic. For the TFCE,
the cluster support of each hypervoxel is formed by all other hypervoxels with less or equal value
of the statistic connected to a neighbourhood of adjacent hypervoxels. Finally, the cluster-level
statistic for each cluster or the TFCE value for each hypervoxel are computed for each
permutation test, and their statistical significance under the null hypothesis calculated, using for
the control of false positives a family-wise error (FWE) correction based on the distribution of
maximal values of the statistic or the TFCE across all permutations.
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1. Voxel-level 2. Hypervoxel template
inference creation
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Hypervoxel Hypervoxel Cluster Analysis or Hypervoxel
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[Fig.6] Hypervoxel-based analysis workflow. 1) Statistical maps representing the results of
whole-brain voxel-wise statistical inference analysis, for example to detect group level
differences between two groups. 2) Hypervoxel template and corresponding connectivity and
adjacency matrices obtained from the hypervoxel encoding of tractography data registered to the
same of the statistical maps. 3) The statistical maps are projected to the hypervoxel template to
be analysed with techniques adapted to the hypervoxel framework such as hypervoxel cluster

analysis or hypervoxel TFCE.

2.9. Application to neuroimaging data

To evaluate the hypervoxel framework, we used hypervoxel cluster analysis and hypervoxel
TFCE analysis to detect group-level differences in the brain images of patients diagnosed with
amyotrophic lateral sclerosis (ALS), a disease characterised by the selective degeneration of
motor neurons along the corticospinal tract (CST) although the pathology also extends to other
brain areas (Saberi et al. 2015; Al-Chalabi et al. 2012). In addition to the hypervoxel analyses,
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we carried out traditional voxel cluster and voxel TFCE analyses on the same data to make direct
comparisons between the performance of the two versions of each method (i.e. voxels vs
hypervoxels). The analysed data consisted on fractional anisotropy (FA) brain maps derived from
diffusion MRI data acquired on 24 (5 female) healthy controls (48.0 years £8.8 years) and 25 (3
female) limb-onset ALS patients (53.1 years £12.5 years) using a 3T MRI system (GE Medical
Systems HDx) at KCL Centre for Neuroimaging Sciences. Ethics approval for the collection and
analysis of the data was obtained from The Joint South London and Maudsley and The Institute
of Psychiatry NHS Research Ethics Committee (07/H0807/85) and written informed consent was
obtained from each participant following the Declaration of Helsinki.

Each diffusion MRI dataset was acquired using a spin-echo echo-planar imaging twice refocused
sequence along 60 contiguous axial slices with the following parameters: TE 104.5 ms, (voxel
size 2.4 - 2.4 - 2.4 mm, matrix 128 - 128), 32 diffusion-weighted directions (b-value 1350 s/mm?2)
and 4 non-diffusion-weighted volumes. The acquisition was gated to the cardiac cycle using a
digital pulse oximeter placed on participants’ forefinger. Datasets were pre-processed for motion
and eddy current distortion correction using ExploreDTI (Leemans et al. 2009) with the
corresponding reorientation of the b-matrix (Leemans and Jones 2009). The diffusion tensor at
each voxel was estimated using a non-linear least square approach (Jones and Basser 2004) to
produce a whole-brain FA map for each subject that was subsequently normalised to a common
anatomical space applying non-linear registration as previously described in (S. M. Smith et al.
2006) using the tbss 2 reg FSL script and the FSL FMRIB58 FA template.

We carried out each of the four separate analyses with the aim to detect lower FA values in ALS
patients with respect to healthy controls, the most common findings reported by the literature
(Gabel et al. 2020; Li et al. 2012). All four analyses investigated the effect of clinical status in
voxel FA values using a general linear model (GLM) that included age and sex as covariates and
employed permutation tests (5000) for the statistical inference. The first and second analyses
consisted of the same voxel-level analysis carried out using the SnPM MATLAB toolbox and
followed by separate cluster-level inferences in voxel or hypervoxel space. For each case, clusters
of voxels or hypervoxels were computed using the same cluster-forming suprathreshold
(equivalent to a p-value = 0.01) followed by the calculation of their cluster-mass (Bullmore et al.
1999). In the case of hypervoxels, we used a modified version of the SnPM toolbox to run the
hypervoxel cluster analysis based on the provided hypervoxel template. The third and fourth
analyses consisted respectively on a voxel and a hypervoxel TFCE analysis of the same FA voxel
data. In both cases, the “E”, “H” and neighbourhood-connectivity parameters used for the TFCE
calculations were set to the recommended values (E=0.5 and H=2) (S. M. Smith and Nichols
2009) using FSL randomise and our modified SnPM MATLAB toolbox for the voxel-TFCE and
the hypervoxel TFCE analyses respectively. The results for all four analyses were finally

corrected for multiple statistical comparisons using a family-wise error (FWE) p-value = 0.05
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based on the distribution of maximal values of the statistic (cluster-level or TFCE) across

permutations.

2.10. Control for false positives

A requirement for the statistical validity of any inference method is good control for false
positives. In a hypervoxel clustering analysis, false positives are expected to occur at a rate no
greater than the nominal FWE rate used for the correction of multiple statistical comparisons that
controls the probability of reporting one or more false positive results in the analysis. To assess
that nominal FWE rates correspond accurately with observed false-positive rates, we empirically
measured FWE rates in a hypervoxel cluster analysis by applying the same strategy used by
(Eklund, Nichols, and Knutsson 2016) for the detection of group level differences across groups
of subjects drawn from a population of healthy controls. In this scenario all positive results are,
by definition, false positives. Therefore, the FWE is given by the proportion of analyses that give
rise to any significant results. To estimate the FWE rate, we used Fractional Anisotropy (FA)
maps based on diffusion MRI data acquired from 200 subjects (50% male) randomly selected
from the Human Connectome Project (HCP) (Essen et al. 2012). We retrieved diffusion and T1w
images in fully pre-processed form (Glasser et al. 2013), including co-registration and
normalisation to the MNI152 T1 Imm template, from the HCP database. We used StarTrack
(www.mr-startrack.com) to compute the diffusion tensor and produce FA maps based on the b =
2000 s/mm?2 diffusion images. We then applied the affine and warp transformations provided by
the HCP to these FA maps, bringing them into the space of the MNI template. We split the 200
FA maps into two random groups of equal size (50% male each) and ran hypervoxel clustering
analysis to detect group-level differences in FA. Clusters of supra-threshold hypervoxels
(FAgroup-1 < FAgroup-2, p-value < 0.01 uncorrected) were considered statistically significant
if their cluster mass demonstrated an associated FWE p-value < 0.05. We repeated this process
1000 times using different random permutations of the group labels for each run. We compared
the empirical FWE rate with its predicted 5% value by plotting the cumulative curve of runs with

statistically significant results against the total number of runs.

3. Results

3.1. Hypervoxel Template

The encoding of the hypervoxel template resulted in approximately 1.5 million encoded
hypervoxels representing over 30000 streamlines intersecting around 135000 voxels (Fig.7-A).
The distribution of the hypervoxel density in terms of number of hypervoxels per voxel follows
a power law distribution where 21% of voxels have a hypervoxel density equal or less than 2,
58% of voxels have a density between 3 and 16, and 21% of voxels have more than 16
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hypervoxels per voxel. Voxels with higher hypervoxel density could reflect regions with high
number of crossing fibres such as those shown in NuFO maps depicting the number of distinct
fibre orientations in each voxel (Descoteaux et al. 2009; F. Dell’Acqua et al. 2013), but they
could also indicate the presence of fanning fibres or local parallel fibres that diverge outside the
voxel. The overlap of multiple hypervoxels at the same voxel location can be appreciated in a
sectional grid of the hypervoxel template depicted as a 3D slice (Fig.7-B) and in the magnified
view displaying a selected rectangular region of the same 3D slide (Fig.7-D). All the streamlines
that intersect this rectangular region are represented by the hypervoxels depicted in (Fig.7-C). In
all these figures, each hypervoxel is depicted by an oriented cube RGB coloured according to its
local orientation. However, in the hypervoxel template each hypervoxel is usually disconnected
from other hypervoxels occupying the same voxel position. Instead, each hypervoxel can be
either connected or adjacent to neighbouring hypervoxels as determined by the hypervoxel
connectivity and adjacency matrices. These two relationships allow us to calculate for each
hypervoxel an associated region of inter-connected and adjacent hypervoxels, which allow us to
“disentangle” the overlapping hypervoxels from (Fig.7-C) and (Fig.7-D) into separate regions
illustrated by (Fig.7-E). The topological relationship between hypervoxels within the same
“connected” region is now better appreciated by the colour coding of the edges in the template:
blue edges indicate the connectivity between neighbouring hypervoxels while red edges indicate

their radial adjacency.
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[Fig.7] Hypervoxel template. A) 3D visualisation of a whole-brain hypervoxel template where

each hypervoxel is represented by an oriented cube with matching RGB colour indicating the
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local orientation of the hypervoxel. B) Coronal slice of the hypervoxels template at coordinate
Y=54 and a delineated 7 x 9 rectangular region within the slide. C) Hypervoxels representing all
the streamlines that intersect the 7 x 9 region showed in B. D) Augmented zoom views of the 7
x 9 rectangular region from B showing coloured links indicating the connectivity (blue) and the
adjacency (red) between hypervoxels. E) Eight separated connected components obtained from

the clustering of the hypervoxels represented in C and D.

3.2.  Control of false positives

From a total 1000 random hypervoxel cluster analysis tests aimed at detecting group-level
differences in FA, only 44 tests reported false-positives in the form of one or more clusters with
a statistically significant cluster mass. The empirical false-positive rate associated with the

battery of tests follows the predicted 5% FWE rate and remains mostly below it (Fig.8).

False-positive rate of hypervoxel cluster analysis for group-level differences in FA
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[Fig.8] Empirical false-positive rate of a hypervoxel cluster analysis applied to the detection of
group level differences in Fractional Anisotropy (FA) between random groups of subjects from
the same normal population. Results based on 1000 independent random analysis tests, each one
based on a different random split of 200 HCP subjects into two different groups of equal sizes.

Each false positive represents one analysis reporting one or more statistically significant clusters
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of suprathreshold hypervoxels (suprathreshold uncorrected p-value < 0.01, cluster-mass FWE-
corrected p-value = 0.05). The empirical false-positive rate remains robustly around or under the
predicted 5% FWE rate.

3.3.  Voxel cluster analysis vs hypervoxel cluster analysis

The results from the voxel cluster analysis show two large separate clusters of adjacent
suprathreshold voxels where FA is lower in ALS than in healthy controls (Fig.9-Left). One cluster
is aligned with part of the inferior branch of the right CST, while the other cluster partially
overlaps the superior branch of the left CST and other nearby white matter regions such as the
Corpus Callosum (CC) or the left Superior Longitudinal Fascicle (SLF-I). In comparison, the
results from the hypervoxel analysis identify a higher number of white matter regions where the
FA is significantly lower in ALS (Fig.9- Centre and Right). In total, the cluster-level analysis
found 19 clusters of interconnected suprathreshold hypervoxels (FA, s < FAgc, p-value < 0.01
uncorrected) with statistically significant cluster mass (p-value < 0.05 FWE-corrected). Each
cluster lay along one of five major white matter pathways, based on the trajectory of the
underlying streamlines (Fig.9-Center): the right-anterior corticospinal tract (CST) (9 clusters,
0.006 < p-value < 0.025 ), right-posterior CST (1 cluster, p-value = 0.029), left-anterior CST
(6 clusters, 0.003 < p-value < 0.042 ), Ileft-posterior CST (2 clusters, p-values =
(0.006,0.048) ) and the CC (1 cluster, p-value = 0.003).

Voxel Cluster Analysis Hypervoxel Cluster Analysis
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[Fig.9]. Voxel vs Hypervoxel Cluster Analysis of reduction in fractional anisotropy (FA) in ALS.
Left) Statistically significant clusters of voxels colour-coded by p-value (cluster mass). Centre)
Statistically significant clusters of hypervoxels categorised into five white-matter tracts based on
the underlying streamlines: right-anterior corticospinal tract (CST) (9 clusters), right-posterior
CST (1 clusters), left-anterior CST (6 clusters), left-posterior CST (2 clusters) and corpus
callosum (CC) (1 cluster). Right) Same statistically significant clusters of hypervoxels colour-

coded by p-value (cluster mass) and displayed along with underlying streamlines.

3.4. Voxel TFCE analysis vs hypervoxel TFCE analysis

The TFCE analyses approximately replicated the results from the cluster analyses but at the
spatial resolution of individual voxels and hypervoxels. There were around 500 statistically
significant voxels distributed within the same space occupied by the two clusters from the voxel
cluster analyses (Fig.10-Left). In comparison, the threshold-free cluster enhancement analysis
yielded more than 6,000 significant hypervoxels with p-values between 0.001 and 0.05 (Fig.10-
Right). The significant hypervoxels were extensively distributed along the CST and many of
them along the part of the CC that interconnects the left and right motor cortices. A smaller
number of significant hypervoxels were also found on the part of the SLF-I that overlaps with
the left CST and also along the superior cerebellar peduncles.
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[Fig.10]. Voxel vs Hypervoxel TFCE Analysis of fractional anisotropy (FA) reduction in ALS.
Left) Statistically significant voxels colour-coded by p-value (TFCE). Right) Statistically
significant hypervoxels colour-coded by p-value ( hypervoxel TFCE) and displayed along the
underlying streamlines. Compared to the voxel analysis, the hypervoxels with significant low FA
extend also dorsally to the hand region of the precentral gyrus and ventrally along the entire

course of the CST, including the fibres of the pyramidal eminences.

4. Discussion

The differences observed between the results from the voxel and the hypervoxel analyses reveal
the effect that the topological information provided by the hypervoxel template has in the ability
of the methods to detect significant effects of interest across the brain. Qualitatively, the results
from the hypervoxel analyses can be interpreted with a greater degree of anatomical specificity,
both at the scale represented by clusters and the level of individual hypervoxels. Clusters from
the hypervoxel cluster analysis appear coherently aligned with the anatomy of specific white-
matter tracts, even if the clusters happen to overlap with each other (partially or entirely) in 3D
space. This reflects the ability of the method to independently detect separate effects of interest
specific to different but overlapping anatomical regions (i.e. white-mater tracts). This is clearly
illustrated by the overlapping clusters that correspond separately to callosal and corticospinal
pathways, and by the different clusters that partially overlap over sections of the CST. The white-
matter pathways associated with each cluster of hypervoxels are determined by the different
group of streamlines that the corresponding hypervoxels represent. This anatomical specificity
also applies, at the level of individual hypervoxels, to the results from the hypervoxel TFCE
analysis. Each statistically significant hypervoxel denotes the presence of an effect of interest
specific to the white-matter pathways (i.e. tractography streamlines) locally represented by the
hypervoxel. This again represents an increase in “anatomical” resolution with respect to the
corresponding voxel analysis that can also be observed by comparing the results from both TFCE
analyses. At each voxel location, the hypervoxel TFCE analysis can differentiate between
multiple hypervoxels to determine which of them are statistically significant. Such degree of
anatomical specificity cannot be achieved, in general, by any voxel-based analysis because the
anatomical information provided by voxels is limited to 3D spatial positions and because the

topology of the voxel grid is devoid of any anatomical content.

The other noticeable effect is the overall increase in the quantity, statistical significance, and
anatomical distribution of the results in the case of the hypervoxel analyses. There were 19
statistically significant hypervoxel clusters (p-value < 0.05,mean p-value = 0.015) compared to
only 2 statistically significant voxel clusters (p-value < 0.05,mean p-value = 0.026). Also, there
were 6277 significant hypervoxels (p-value < 0.05,mean p-value = 0.0383) compared to only
514 significant voxels (p-value < 0.05,mean p-value = 0.0383) in the TFCE analyses. The fact

that the hypervoxel results were more widely spread across the entire CST, the white matter
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pathway most severely affected in ALS (Foerster et al. 2012; Foerster, Welsh, and Feldman 2013;
R. A. L. Menke et al. 2017; Miiller et al. 2016), suggests an increased capacity to detect the
location of neurodegenerative processes in this disorder, a thesis also supported by the higher
statistical significance in the results from the hypervoxel analyses. The robust control for false
positives, demonstrated by the empirical estimation of its value at 5% FWE, adds further
credibility to the validity of the results including those detected outside the CST. In this respect,
the significant results specific to the CC and the SLF agree with previous reports of differences
in diffusion MRI metrics in that area in ALS (Filippini et al. 2010; Gabel et al. 2020; D. A. Raffelt
et al. 2015; Ricarda A. L. Menke et al. 2014) . The results located towards the cerebellum also
concur with reported FA reductions in cerebro-cerebellar tracts and the cerebellar peduncles
based on a much larger sample of ALS patients (Bede et al. 2021). This apparent increase in
“sensitivity” should be mostly attributed to the effect that the topological and anatomical
information provided by the hypervoxel encoding has on the statistical inference, as everything
else was kept fundamentally the same across the different analyses. The statistical significance
of each result (either cluster or TFCE) depends on the magnitude of its cluster-level statistic
(under the null hypothesis) with respect to the distribution (across permutation tests) of maximal
values of the statistic over all regions (either clusters or TFCE supports). Therefore, the
effectiveness of the analysis depends on its capacity to automatically select regions where the
values of the final statistic are consistently higher under the null hypothesis than across random
permutations of the data. In a hypervoxel analysis this is precisely the case when the effects of
interest in the neuroimaging data are topologically aligned with the anatomy represented by the
tractography streamlines. In the analysis of the FA images in ALS data this hypothesis holds true
to a high degree, hence the observed increase in the statistical significance of the results with
respect to the voxel-based analyses.

The tractography data used to create the hypervoxel template should be regarded as anatomical
hypotheses introduced a priori by the hypervoxel framework for the analysis of the neuroimaging
data. In this respect, there are no general restrictions for the tractography data other than the final
hypervoxel template should be relevant to the research hypothesis. For example, a study focused
only on short-range connections could use tractography data containing only u-shape fibres. In
this study we used whole-brain tractography data to demonstrate the ability of the method to
detect effects of interest across the entire white matter. Had we been interested in detecting
differences along the CST and the CC only, we could have used tractography data containing
only those tracts to boost the statistical power in the same fashion of a region of interest (ROI)
analysis. Another factor to consider is the population from which the tractography data are
obtained. We used high-quality tractography data acquired on 20 healthy individuals from
another study (Howells et al. 2018) to show that a hypervoxel analysis does not require
tractography data from the same subjects whose images are analysed. This allows the framework
to be applied in studies where no tractography or even no diffusion data are available and

facilitates the comparison of results across studies where the same hypervoxel template is used
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for the analysis. This should not prevent the use of study-specific hypervoxel templates when
deemed necessary, for example when the anatomical variability of the population of interest
deviates significantly from that of the normal population. A last factor to consider is that the
presence of tractography artefacts could increase the likelihood of finding anatomically
implausible results (Maier-Hein et al. 2017; C.-H. Yeh et al. 2021), therefore the use of quality
tractography data is key. We used comprehensive anatomical filters to remove artefacts from the
tractography data at the risk of also removing streamlines representing genuine anatomical
connections. This trade-off will remain until specific criteria that confirm the validity of the
anatomical connections represented by the streamlines become available. In this respect, the
hypervoxel framework will benefit from any future improvements in the field of tractography
and at the very least, the number of false-positive results in a hypervoxel analysis (anatomically
plausible and implausible) will always remain below the chosen statistical significance level for
the analysis (i.e. the p-value). Above all, the framework provides users the flexibility to create a
hypervoxel template based on their own choice of tractography data such as third-party
tractography atlases (Catani and Schotten 2008; Hansen et al. 2021; Roman et al. 2017; F.-C.
Yeh et al. 2018; Zhang, Wu, Norton, et al. 2018) or by using the latest tractography methods

available in the field.

In this study, we use the hypervoxel framework only for the final analysis of the statistical maps
that resulted from the voxel-level analyses. This approach does not utilise all the potential of the
hypervoxels for dealing with the limitations that arise from the interindividual variability found
in the white-matter anatomy (Flavio Dell’Acqua and Catani 2012). In a voxel-level analysis, the
same voxel in common space can represent very different tracts across subjects. This problem
cannot be solved by spatial normalisation of the 3D images alone because the topological
embedding of the neuronal connections can be very different from subject to subject and even
entire tracts can be missed in some subjects. However, this situation could be greatly ameliorated
by starting the analysis of the image data directly in the hypervoxel space defined for each
individual, which would be the scope of future works. This approach will be particularly pertinent
for the analysis of the apparent fibre density (AFD) (D. Raffelt et al. 2012) and the Hindrance
Modulated Orientational Anisotropy (HMOA) (F. Dell’ Acqua et al. 2013) given by the amplitude
of the lobes of the fibre ODF obtained through the spherical deconvolution of the diffusion MRI
signal (F. Dell’Acqua et al. 2007, 2010; Tournier et al. 2004; Tournier, Calamante, and Connelly
2007). Also promising is the prospective analysis of tract-specific measurements provided by
methods that use tractography data to predict at the voxel level the signal from diffusion MRI
(Daducci et al. 2015; R. E. Smith et al. 2015; S. Schiavi et al. 2020) and other image modalities
(S. Schiavi et al. 2022). The high specificity of the hypervoxels with respect to the streamlines
from which these measurements are derived should made of them an ideal framework for the

analysis of this kind of data.
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5. Conclusions

In this work, we introduce hypervoxels as a new methodological framework that combines the
encoding capabilities of multidimensional voxels with anatomical and topological information
provided by tractography data. By extending the 3D voxel grid with new dimensions to encode
information about the streamlines, the new framework reconciles the “voxel space” of the 3D
images with the “streamline space” defined by diffusion MRI tractography reconstructions. The
added dimensions increase the anatomical specificity of the hypervoxel grid and allow the
definition of a new hypervoxel topology that better reflects the structural connectivity of the brain
as represented by the tractography streamlines. The use of hypervoxels in the analysis of diffusion
MRI data from a study on ALS was associated with improved ability to detect significant effects
of interest in the images and greater anatomical accuracy in the results. The apparent increase in
sensitivity and specificity can be explained by the greater ability of the hypervoxels to represent
the anatomical and topological complexity of the brain’s white matter. We expect that the
adoption of a hypervoxel methodology would improve the performance of neuroimaging
analyses, especially when investigating phenomena that manifest in the images with a high degree

of spatial correlation with respect to the white matter anatomy.
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