NeuroImage 263 (2022) 119600

journal homepage: www.elsevier.com/locate/neuroimage

Contents lists available at ScienceDirect

Neurolmage

Neurolmage

Bundle-o-graphy: improving structural connectivity estimation with N

Check for

adaptive microstructure-informed tractography e

Matteo Battocchio®%*, Simona Schiavi®’, Maxime Descoteaux®, Alessandro Daducci?

a Department of Computer Science, University of Verona, Verona, Italy
b Department of Neuroscience, Rehabilitation, Ophthalmology, Genetics, Maternal and Child Health (DINOGMI), University of Genoa, Genova, Italy
¢ Sherbrooke Connectivity Imaging Laboratory (SCIL), Departement dInformatique, Universite de Sherbrooke, Sherbrooke, Quebec, Canada

ARTICLE INFO

Keywords:

Microstructure-informed tractography
bundle-o-graphy

structural connectivity

clustering

MCMC adaptation

ABSTRACT

Tractography is a powerful tool for the investigation of the complex organization of the brain in vivo, as it al-
lows inferring the macroscopic pathways of the major fiber bundles of the white matter based on non-invasive
diffusion-weighted magnetic resonance imaging acquisitions. Despite this unique and compelling ability, some
studies have exposed the poor anatomical accuracy of the reconstructions obtained with this technique and chal-
lenged its effectiveness for studying brain connectivity. In this work, we describe a novel method to readdress
tractography reconstruction problem in a global manner by combining the strengths of so-called generative and
discriminative strategies. Starting from an input tractogram, we parameterize the connections between brain
regions following a bundle-based representation that allows to drastically reducing the number of parameters
needed to model groups of fascicles. The parameters space is explored following an MCMC generative approach,
while a discrimininative method is exploited to globally evaluate the set of connections which is updated ac-
cording to Bayes’ rule. Our results on both synthetic and real brain data show that the proposed solution, called
bundle-o-graphy, allows improving the anatomical accuracy of the reconstructions while keeping the computa-
tional complexity similar to other state-of-the-art methods.

1. Introduction

First tractography algorithms for inferring the macroscopic fiber tra-
jectories, called streamlines, of the white matter (WM) were based on
“local” integration procedures of the fiber orientations estimated in each
voxel from the measured diffusion-weighted magnetic resonance imag-
ing data (DW-MRI). This approach is very fast but also rather sensitive
to estimation errors of the local orientations (Mori et al., 1999). Maier-
Hein et al. (2017) showed that such algorithms tend to follow the easiest
path available in crossing regions, which represent the majority of WM
voxels (Jeurissen et al., 2012), and thus fail to reconstruct some anatom-
ical bundles, i.e. false negatives. To deal with this inadequacy of trac-
tography to explore the whole space of brain connections, probabilistic
alternatives were proposed that use probability distributions estimated
in each voxel to allow uncertainty in the propagation of the trajectories.
These methods have demonstrated their ability to recover hard-to-track
connections and to cover the WM more adequately (Coté et al., 2013);
however, this improved capability of exploring brain anatomy leads also
to the reconstruction of implausible fascicles that do not anatomically
exist, i.e. false positives. The effects of such false-negative and false-
positive connections in tractography reconstructions has been recently

* Corresponding author.
E-mail address: matteo.battocchio@univr.it (M. Battocchio).

https://doi.org/10.1016/j.neuroimage.2022.119600.

investigated and, in particular, Zalesky et al. (2016) have demonstrated
that these spurious connections are detrimental to the study of brain
connectivity networks and they can heavily bias all analyses based on
this technique.

The advent of the so called “global” tractography algorithms marked
an important milestone on the road to significantly improve the qual-
ity of the reconstructions. These approaches introduced the use of
global optimization to reconstruct the set of streamlines, i.e. trac-
togram, that are most consistent with the acquired DW-MRI data and,
indeed, the resulting reconstructions showed improved anatomical ac-
curacy (Christiaens et al., 2015; Close et al., 2015; Fillard et al., 2009;
Kreher et al., 2008; Mangin et al., 2013; Reisert et al., 2011; ). First
solutions were based on Monte Carlo Markov Chain (MCMC) stochas-
tic procedures for constructing the optimal set of streamlines, but this
strategy turned out to be computationally very heavy given the large
amount of parameters that need to be optimized and do not ensure the
biological plausibility of the reconstructed connections (Girard and De-
scoteaux, 2012; Smith et al., 2012).

One major step to reduce the complexity of this generative strategy,
while keeping a global approach, was made with the introduction of
discriminative approaches. The idea behind these methods is to iden-
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Fig. 1. Bundle-o-graphy workflow. Given an input tractogram the first step aims to reduce the number of streamlines needed to represent pathways between pairs
of regions. Additionally, each streamline is parameterized using a subset of the initial points to approximate their trajectory. The second step is characterized by
the shift from streamline to bundle-based representation. Here a volume is assigned to each streamline, allowing to mimic the contribution of a set of aligned fibers
centered around the original trajectory. Finally the bundle-based configuration is optimized by adapting their shape and geometry following a MCMC optimization

approach.

tify the optimal subset of streamlines from a pre-computed set of can-
didates, constructed using standard tractography algorithms, that are
most compatible with the measured DW-MRI data; for this reason, they
are sometimes referred to as filtering methods (Daducci et al., 2016).
Different formulations exist; for instance, in SIFT/SIFT2 (Smith et al.,
2013; 2015) streamlines are selected based on the agreement between
their trajectories and the local fiber orientation distributions, whereas
the full measured DW-MRI data is considered in COMMIT/COMMIT2
and LiFE (Daducci et al., 2015; Pestilli et al., 2014; Schiavi et al., 2020).
These discriminative methods allowed reducing the computational cost
required to perform global tractography dramatically, and showed great
potential to further improve the quality of the reconstructions, notably
alleviating the problem of false positives as well as improving the bio-
logical interpretability of the tractograms (Jbabdi and Johansen-Berg,
2011; Schiavi et al., 2020; Smith et al., 2020). However, unlike gen-
erative methods, they assume a static input configuration, i.e. shape /
position of the candidate streamlines is fixed and cannot be modified,
which means that the quality of the reconstructions remains indissol-
ubly bounded to the quality of the algorithm used to build the candidate
pathways.

In this work, we present a hybrid method which allows inheriting
the strengths of both generative and discriminative approaches. Our so-
lution tackles tractography reconstruction from a different perspective:
the idea is to move away from streamline-based tracking with the aim to
directly reconstruct bundles of them; for this reason we call it bundle-o-
graphy. Thanks to a convenient parameterization, we can model groups
of coherent streamlines using a minimal set of parameters which, in
turn, allows us to extend a state-of-the-art discriminative method, i.e.
COMMIT (Daducci et al., 2015), with the possibility of efficiently adapt-
ing the configuration of the bundles as in generative approaches. Our
experiments conducted both on synthetic and real data clearly indicate
the potential of our solution for improving the anatomical accuracy of
the reconstructions.

2. Methods

The general structure of the algorithm is presented in Fig. 1
and the general workflow takes inspiration from our previous
work (Battocchio et al., 2021). Bundle-o-graphy takes as input a trac-
togram that can be the computed using any tractography algorithm, or it
can be the combination of different reconstructions. As first step, we di-
vide the input tractogram based on a GM parcellation. Each connection
is then clustered to reduce the number of streamlines by keeping only
the most representative ones, which are parameterized using splines. As
second step, the resulting fibers are used as prior to represent fascicles

of coherent streamlines aligned along each pathway, hence introducing
the concept of bundle-based representation. The set of bundles consti-
tutes the configuration to optimize using an MCMC iterative approach,
that allows to adapt their shape and extent along with the possibility to
add and remove entire connections. The configuration is globally eval-
uated and the process is driven by a Bayesian framework to find the
optimal configuration that best explains the observed signal.

In the following, we provide more details about each stage of the
algorithm.

2.1. Streamline reduction and simplification

Streamline reduction is performed based on hierarchical clustering,
following the approach implemented by Schiavi et al. (2020). We first
divide the streamlines with respect to anatomical information, in par-
ticular based on the regions they connect given a cortical and sub-
cortical brain parcellation (Fig. 2A). Secondly, each group of stream-
lines is clustered based on geometrical criterion, in our case represented
by their average euclidean distance. To this aim, we exploit QuickBun-
dle (Garyfallidis et al., 2012) (Fig. 2B) to reduce the number of stream-
lines needed to represent connections between regions. The clustering
threshold can be manually chosen by the user and for our tests, we set it
to 3 mm. Thanks to this procedure we can simplify the bundle represen-
tation and reduce the tractogram complexity. In particular, by removing
unwanted redundancy we are able to downsize the input tractogram us-
ing, on average, only the 2% of the initial set of streamlines.

The resulting streamlines are then simplified to minimize the num-
ber of parameters needed to represent each trajectory, as in the work
of Lemkaddem et al. (2014), using the Douglas-Peucker reduction algo-
rithm (Douglas and Peucker, 1973), which selects the minimal subset
of coordinates given an approximation threshold (Fig. 2C). We reduce
the number of coordinates to represent each streamline using between
4 and 6 control points, in line with previous works (Jbabdi et al., 2007;
Lemkaddem et al., 2014). The set of points is then interpolated using
a particular class of cubic B-splines, named Catmull-Rom (Catmull and
Rom, 1974)(Fig. 2D), characterized by several desirable properties. First
of all, they preserve the starting and ending points, i.e. the first and last
points remain the original ones, meaning that the original connectivity is
preserved giving the fact that the reduced streamlines connect the same
regions. Secondly, the interpolated trajectories intersect all the control
points, which permits a better supervision of their spatial position and
to avoid the reconstruction of pathways outside white matter regions.
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Fig. 2. Streamline reduction workflow: the first step implies separating the input tractogram into subsets based on a cortical and subcortical regions segmentation.
Fig. 2A is an example showing a set of projection fibers segmented based on Freesurfer atlas. Each connection is than clustered (Fig. 2B) keeping only the representative
streamlines for each cluster. These are simplified using Ramer-Douglas-Peucker algorithm (Fig. 2C) which reduces the number of points needed to approximate the
streamline trajectories. Finally these coordinates are interpolated using cubic b-splines (Fig. 2D).

2.2. Bundle representation

Once the input tractogram has been reduced and simplified, we as-
sign a volume to each streamline by exploiting a feature embedded in
COMMIT. In particular, each tract is considered as the centroid of a
cylinder, with constant radius, extending along the whole trajectory.
Following COMMIT formulation, the signal contribution of a streamline
can be computed based on the trajectory, i.e the voxel it traverses, and
the response function adopted. To extend the contribution of a stream-
line to the neighbor voxels we create a set of replicas displaced equidis-
tantly over concentric circles of increasing radius centered around each
point of the fiber. These are computed internally, meaning that no fur-
ther streamlines are added to the configuration. Starting in correspon-
dence of the initial point, all circles lie on a plane that is always or-
thogonal to the streamline direction. Each point of the replicas is then
computed based on Frenet-Serret frames (Frenet, 1852; Serret, 1851)
which allows to compute the displacement of the replicas’ following
points along the streamline trajectory. The circles discretization, i.e.,
the number of replicas created, and the number of circles used to sample
the space are empirically fixed. The signal contribution corresponding
to the bundle is computed considering all the voxels traversed by the
centroid and its replicas. While the signal contribution is constant along
the trajectory, it can vary as we move outward from the center to take
care of uncertainty at the boundaries of the bundle. To do so we imple-
mented a blurring function, used to radially scale the signal contribution,
shown in Fig. 3 and defined as follows:

1 ifx<oe,
P = )2 1
) exp <—w> otherwise. M
20,

Based on Eq. 1, the signal contribution of the bundle core, which
extent is modulated by the parameter o, is not scaled, while the signal
corresponding to the replicas falling farther is exponentially reduced
depending on the distance x from the center according to a Gaussian
damping function regulated by o;. A more detailed description of the
bundle creation process can be found in Daducci et al. (2021). Following

this implementation, bundle simulation turns into modeling the space
of influence of a streamline which requires only the parameter o while
o is empirically fixed.

2.3. Optimization

The resulting set of bundles constitutes the initial configuration to
adapt. More specifically, the collection of control points representing
each bundle trajectory, along with their corresponding blur extent, con-
trolled by o, represent the parameters to optimize. In particular, the
shape and the volume of each bundle is adapted following a generative
approach, based on MCMC, which permits to exploit global information
to better adapt the reconstruction with respect to the underlying WM
structure. Given the observed data d and a set of competing models for
the data {M,|i = 1,2,3...}, each defined by a set of parameters ¢', we
can compute the posterior probability distribution function following
the Bayes’ theorem:

p(d|M)p(M;)
pd)

where p(d|M;) represents the likelihood of observing the experimental
data given the model M;, p(M,) is the prior probability of the model
parameters and p(d) is a normalizing constant.

In this context, M; represents the parametric representation of a set
of bundles defined by 6’ control points coordinates in the 3D space along
with the corresponding blur extent o, and p(d|M;) scores how well the
configuration M; explain the measured diffusion data d.

At iteration i, the probability of a given configuration is defined by
the following distribution:

_Ep(M,, d)> oxp <_ EP(M,-)>’
T; T,

1 1

p(M;|d) = )

fr(M;) = eXP( 3)

where, in our case, f; represents the non-normalized joint distribution

p(d|M)p(M;)  p(M;|d). “
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Fig. 3. Bundle simulation: the contribution of each original streamline can be modeled as a cylinder centered along the trajectory. The volume can be radially
adapted using a blurring function to allow uncertainty as we move outward from the central pathway. The two parameters, o and o regulate the extent of the core

and the Gaussian dumping respectively.

Ep(M;.d

In particular, the first term, e D(Ti ), defines the likelihood func-
tion, while the second is independent from the measured data and de-
fines the prior probability. Finally 7; is the system temperature at it-
eration i, a parameter used to speed up the convergence. The likeli-
hood function scores how well the bundles configuration explains the
observed data. This is computed as the differences between the original
and the reconstructed signal computed based on a local forward model.
In our case, instead of the full DW signal, we choose to fit the Intra-
cellular (IC) signal fraction using a simple forward model that assigns
a contribution, i.e., volume or cross-sectional area, to each bundle i of
the input tractogram proportionally to its length L, inside each voxel v.
The voxel-wise signal can be expressed as:

N
S, =Y 5L Q)
i=1

where N is the number of bundles passing through the voxel and x; rep-
resents the actual contributions of the bundle i, estimated with COM-
MIT, needed to explain the acquired data d. Based on Eq. 5, the likeli-
hood becomes

Ep(M;,d) = (6)

where V is the number of voxels in the WM volume and d,, the measured
voxel signal.
Our prior knowledge is represented by E(M;) as follows:

Ep(M;) = 4| B;| + pIM,], @)

where |B;| represents the number of connections, in the configuration
M;, between pairs of regions of the cortical and subcortical parcellation
and |M;| the total number of blurred streamlines, i.e. bundles, consti-
tuting these connections. Finally, A and g are fixed parameters to con-
trol the regularization terms to balance likelihood and priors in the cost
function.

To maximize the posterior probability we adopted a MCMC
Metropolis-Hastings-Green (Green, 1995; Hastings, 1970; Metropolis
et al., 1953) sampling approach and Simulated Annealing (Perrin et al.,
2005) optimization to explore the space of parameters (see Fig. S1 in
the supplementary details for further details on the sampling efficiency
and convergence).

Given the current configuration M;, a new configuration M, is ac-
cepted with probability:

Paccept = min(1, R) ®)
where R is the Green’s ratio
Sr(Mi ) p(M;IM1,) (M)

R= s
fr(M;) P(Mi+1 |M,) q(M;)

©

with p describing the probability density functions associated to the pro-
posal to move from configuration M; to configuration M, , and q is the
probability to choose one among the four proposals listed below:

. add connection

. remove connection
. refine trajectory

. change blur extent

HWN -

Regarding the first proposal, a new connection is added to the con-
figuration by drawing randomly and uniformly from the set of connec-
tions A,which is composed by all the connections removed from M dur-
ing the optimization. The associated probability density takes the form
p(M,;,IM,) = |A|"! where |A| is the number of connections in A. Con-
versely, the removal of a connection from the configuration is equal to
the probability of uniformly sampling from the current configuration
M;, meaning p(M;|M,,,) = |B;|~!. The corresponding Green’s ratio be-
comes:

_ fr(Miyp) | B! 4r
frMy) AL g,

where ¢, and ¢, are, respectively, the probabilities for choosing the Re-
move and the Add transitions.

While, for the first and second proposals, the probability density
functions are asymmetric, meaning that p(M;|M,, ) # p(M,,{|M,), refin-
ing the trajectory and change the blur extent rely on normal probability
density functions, which are symmetric. In particular, the trajectory can
be adapted in two ways: by moving a single control point or by moving
the whole bundle. The first consists in sampling the plane orthogonal
to the bundle direction from a normal distribution of points centered
around the coordinates of each control point. For the movement of an
entire bundle we use the same sampling approach, but extended to all
the control points. The last proposal randomly picks a bundle from M
and adapts its blur extent, i.e the bundle cross-sectional area, by sam-
pling the new value of o from a normal distribution. Given these sym-
metric proposals, the acceptance probability becomes proportional to
how likely each of the current state M; and the proposed state M, are
under the full joint density. Hence, the Green’s ratio for these proposals
is given by:

R= ITMin) an
fr(M))

Based on the simulated annealing approach, at the beginning, the
system is characterized by a high temperature (7'), which decreases as
the process advances. High values of T' imply that “bad” configurations
are accepted, allowing the system to explore a wider range of configu-
rations. In previous works, it has been shown how a geometric lowering

(10)
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schedule of the temperature ensures the convergence (Lieshout, 1994;
Perrin et al., 2005) and, at the same time, improves the chances to sam-
ple from maxima of P(M;|D). Starting from a model M,_, the space of
its parameters is explored by altering the configuration.

To better asses convergence we run two separate optimizations. In
the first case, the system is allowed only to add or remove connections
while, in the second, all four proposals are adopted.

2.4. Data and Experiments

To show the effectiveness of the method, we tested it on both syn-
thetic and real data.

Synthetic data. We used the dataset provided for the IEEE Interna-
tional Symposium on Biomedical Imaging (ISBI) 2013 Reconstruction
Challenge (Caruyer et al., 2014), which simulates an acquisition pro-
tocol with 64 directions at b-value=3000 s/mm?, 1 mm isotropic voxel
and signal-to-noise ratio of 30. This dataset consists of 27 fascicles ar-
ranged in a configuration mimicking most of the challenging bundle
configurations that can be found in the brain, like bundles with various
diameters branching, kissing and crossing at different angles. From the
signal reconstruction point of view, the phantom reproduces both par-
tial volume effects, given by the presence of multiple fiber compartments
within the same voxel and cerebrospinal fluid (CSF) contamination. We
performed streamline reconstruction with three different tractography
algorithms iFOD2 (Tournier et al., 2010), SD_Stream (Tournier et al.,
2012), Trekker (Aydogan and Shi, 2021), generating 1 million stream-
lines using default parameters for each. We divide the tractograms into
bundles based on the parcellation provided with the dataset and then
performed clustering to reduce the number of streamlines used to rep-
resent each connection.

In vivo brain data. We also evaluated bundle-o-graphy on in vivo
human data from the HCP test-retest dataset (Van Essen et al., 2013).
We downloaded the preprocessed diffusion data corresponding to sub-
ject 172332 and the structural T1-weighted image with the correspond-
ing standard Desikan-Killiany (Desikan et al., 2006) parcellation in
85 gray matter ROIs performed with FreeSurfer (Fischl et al., 2004).
To do so, we first segment the T1-weighted image using FMRIBs au-
tomated segmentation tool (Zhang et al., 2001) to derive the multi-
tissue image. This allowed performing the tissue-informed multi-shell
spherical deconvolution and to recover the fiber orientation distribu-
tions (Jeurissen et al., 2014). We performed three whole brain recon-
structions, using SDStream, iFOD2 and Trekker. For the deterministic
and probabilistic methods we perform anatomically constrained tractog-
raphy (Smith et al., 2012) with default parameters, generating 3 million
streamlines, while, for Trekker, we used the white matter mask as the
seed region for the tracking, generating 1 million streamlines.

2.5. Evaluation metrics

For each dataset we computed the IC signal fraction maps in
each voxel. Different models can be used for the estimation, as stan-
dard models like neurite orientation dispersion and density imag-
ing (NODDI) (Zhang et al., 2012) or spherical mean technique
(SMT) (Kaden et al., 2016), implemented as open-source available at'.
We believe that the choice of the model to use does not affect the va-
lidity of our method and, in our case, we arbitrarily decided to use the
SMT.

For the synthetic dataset we processed the three input tractograms
and computed the total white-matter overlap based on the correspond-
ing IC maps, i.e., the total percentage of WM volume covered by the
streamlines. For all the reconstructions, we investigated the connectiv-
ity, reporting the strength and the L1- and L2-distances between esti-
mated and ground-truth (GT) connectivity matrices. In our case, a ma-

1 https://github.com/ekaden/smt
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trix entry reflects the connectivity strength between two regions, de-
fined as the sum of the bundles cross-sectional area each multiplied by
the corresponding weight estimated by COMMIT from the fiber den-
sity map. We assessed the number of true positive connections (TPCs),
i.e., number of connections between pair of regions known to be con-
nected and the false positives connections (FPCs), i.e., the number of
those connecting regions known to be disconnected. We also reported
the connectivity estimation focusing on a well known hard-to-track con-
nection along with the WM coverage computed by segmenting the the
WM mask to isolate that specific connection. Then, we carried the same
analysis on the resulting configuration showing the effects of bundle-o-
graphy optimization.

For the in vivo brain dataset, we compared the estimated IC maps
computed by COMMIT and the signal fitting root-mean-square-error
(RMSE) corresponding to the three reconstruction before and after the
application of bundle-o-graphy. We also carried out analysis focusing on
three major connections, Corpus Callosum (CC), Pyramidal Tract (PyT)
and Arcuate Fasciculus (AF), reporting the corresponding estimated IC
maps before and after the optimization along with their WM coverage.

3. Results

A visual inspection of the impact of bundle-o-graphy is shown in
Fig. 4. The first row shows the IC maps estimated by COMMIT from
the static reconstructions, performed with the three tractography algo-
rithms, of a well known hard-to-track connection. We also reported the
respective connectivity strength and WM overlap. On the second row the
corresponding results of the optimization with bundle-o-graphy. Start-
ing from an underrepresented connection, the method is able to better
distribute the streamlines inside the WM volume and adapt their spatial
extent, converging to the same connectivity value across tractograms
computed with different methods. Table 1 is a summary of the results on
the synthetic dataset. Quantitatively, bundle-o-graphy allows to reach
full coverage of WM using less then 2% of the input streamlines. The
impact is particularly notable on the hard-to-track connection between
region 5 and 6, where the WM coverage increases by almost three fold
for SD_STREAM after the adaptation. This, in turn, allows to better esti-
mate its connectivity strength, which converges to similar values across
the three adapted configurations. At global level, the presented method
drastically reduces the number of false positives while all the true posi-
tives connections are preserved (see Fig. 5), which, in turn, is reflected
by the decrease in L1 and L2 connectivity distances with respect to the
GT.

Results on in vivo dataset are shown in Fig. 6 and Fig. 7. The first
shows a comparison between the signal fitting error associated to the
three input tractograms before (first row) and after bundle-o-graphy op-
timization (second row). In all three optimized tractograms, the reduc-
tion in the RMSE is coupled with an improved streamlines density esti-
mation, as can be see in Fig. 7 (second row). Thanks to bundle-o-graphy
we are able to increase the overall WM coverage while improving den-
sity homogeneity at the same time. Fig. 8 shows the results focusing on
three specific tracts, comparing the reconstructions before and after the
application of bundle-o-graphy. For each connection we computed the
IC maps using COMMIT, reporting in the first row those corresponding
to the input and in the second row the adapted configurations. The bun-
dles adaptation allows to improve the tracts WM coverage while better
representing the underlying anatomy, converging to connections that
shares similar signal density patterns along their trajectories. For the
deterministic tractogram, bundle-o-graphy increases the tracts volume
by three folds, while, for the input tract recovered using iFOD2 and
Trekker, the improvement is by two folds on average. As for the syn-
thetic dataset, bundle-o-graphy complexity reduction allows to achieve
these results using a fraction of the initial number of streamlines, in par-
ticular around 7% for SD_STREAM, 32% for iFOD2 and 16% for Trekker.
Finally, Fig. 9 shows the comparison between the cortical surface projec-
tions of the CC tract corresponding to the input reconstruction (first row)
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SD_Stream

#Streamlines: 13, Overlap: 31.6%, Strength: 0.116

#Bundles: 9, Overlap: 97.2%, Strength: 0.640

#Streamlines: 10, Overlap: 25.4 %, Strength: 0.005

#Bundles: 10, Overlap: 92.6 %, Strength: 0.474
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Trekker

<

#Streamlines: 56, Overlap: 67.3%, Strength: 0.197

#Bundles: 34, Overlap: 100%, Strength: 0.705

o

Fig. 4. Impact of the optimization on different reconstruction algorithms on the synthetic phantom. On the first and second row are the intra-cellular signal fraction
maps corresponding to the vertical hard-to-track connection of the input and optimized configurations respectively, viewed from two different perspectives.

Table 1

Summary table of the comparison between SD_STREAM, iFOD2 and Trekker reconstructions before and after the optimization on the synthetic dataset.The size
corresponds to the number of input streamlines for the static case, where only those connecting were kept, while it refers to the number of bundles for the adaptive
one. The metrics include the total WM overlap and the one corresponding to a hard-to-track connection along with its estimated connectivity strength. Bundle-o-
graphy improves overall white matter coverage and improves connection-specific and global connectivity estimation. The optimized tractograms present a reduced

number of FPCs, while keeping all the TPCs.

overlap overlap conn. distance | distance hhemm
strength
SD_STREAM
Static 112793 | 80.21% | 32.34% 0.116 21142 0.36 0.105
Adaptive 3798 | 99.89% | 91.25% 0.640 2116 0.23 0.094 1:40
iFOD2
Static 50331 | 99.81% | 4278% 0.005 21/365 0.59 0178
Adaptive 3398 | 99.71% | 92.61% 0.474 2119 0.35 0.134 2:21
Trekker
Static 453'233 | 9851% | 67.35% 0197 21/490 0.48 0120
Adaptive 8'848 | 99.95% | 100% 0.709 2110 0.01 0.003 4:31

and the respective optimized connections. The results show how sub-
cortical WM volume coverage is coupled with a significantly improved
cortical projection extent.

4. Discussion

Results on both synthetic and real data show the impact of our
bundle-based approach. Bundle-o-graphy is able to improve the sen-

sitivity/specificity trade-off of tractography by considering two funda-
mental observations, as previously done by Schiavi et al. (2020), about
brain anatomy to drive the adaptation process: (i) Streamlines can be
“quantified” based on the underlying microstructure, and (ii) the WM
structure is organized into bundles (Rheault et al., 2019; Schilling et al.,
2020; Wasserthal and Neher, 2018; Wasserthal et al., 2019). To achieve
that we exploit two priors: the first, | B;|, minimizing the total num-
ber of connections and the second, |M;|, to specifically leverage the
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Fig. 5. Impact of the optimization on the removal of false positives connections. The connectivity graphs show in red the connections between pair of regions if they
represent false positives connections or in green if they correspond to true positive ones. In the first row are the connectivity graphs of the input tractograms, while
on the second row are the connectivity evaluated after bundle-o-graphy optimization.
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Fig. 6. Comparison between the voxel-wise RMSE maps corresponding to the input tractograms computed with the three different reconstruction algorithms (first
row) and the adapted configurations (second row).
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Fig. 7. Comparison between the estimated IC maps of the input tractograms (first row) and the adapted configurations (second row).

ability of the blur to reduce the complexity of the problem. In fact,
the empirical image data can be equally explained using a configura-
tion with many streamlines without blur, or using a configuration with
fewer streamlines which have a blur associated to them (i.e. bundles).
Clearly, this configuration requires less parameters to be estimated, and
this second priors promotes this type of solutions (see Fig. S2 in the sup-
plementary materials for further details on the impact of the priors in
the optimization process). In this context, it’s important to notice that
adding/removing a connection and changing the o, value of a bundle
does not have the same effect because they act at two different levels.
The first allows for the addition or removal of the whole set of bun-
dles representing a connection between two regions, while the second
adapts the extent of an already existing bundle. For instance, a missing
connection can be recovered only by adding a bundle, because the over-
lap between bundles belonging to a neighbor connection is limited and
does not cover the whole extent of a connection.

With COMMIT2, Schiavi et al. (2020) achieve notable results by us-
ing a linear optimization approach but, differently from their work and
discriminative methods in general, bundle-o-graphy is capable of im-
proving tractography reconstructions by adapting the shape and the
position of each bundle. The adaptation performed by the presented
method has many benefits, both qualitatively and quantitatively. The
first advantage is crucial in the case of WM pathways poorly recon-
structed and hence underrepresented, as shown in Fig. 4, where, thanks
to bundle-o-graphy, we were able to isolate and improve the recon-
struction of the connection. In the second case, the removal of invalid
connections and the bundles adaptation in terms of geometry and ex-
tent, allows to be remarkably independent from the tractography al-
gorithm used to compute the initial set of streamlines, converging to
similar connectivity estimates. Moreover, the possibility to represent
groups of streamlines as set of packed and aligned fascicles leads to a
more homogeneous and smooth tract density (see Fig. 7), which reduces
the variability introduced by tracking algorithms. This is particularly
evident for connections going through or passing by hard-to-track re-
gions, where tractography algorithms are known to have challenges (see
Fig. 6).

The idea of direct modeling groups of streamlines has been already
explored in previous works, as in Close et al. (2015). However these
methods often rely on many empirically tuned parameters to shape the
geometry of the bundle and to compute the corresponding signal as well
as the fact that the initial setup for each bundle need to be manually
defined and they cannot reconstruct multiple bundles at once.

In our case, we don’t aim to represent complex configurations with
single bundles but, instead, modeling groups of streamlines by adopting
a convenient parameterization. Following our approach, a connection
between two regions is reconstructed using a set of bundles that, in the
case of complex architecture, e.g fanning, allows to properly represent
the whole extent of the tract, as shown in figure S6. One of the crucial
step to reducing the number of parameters is represented by the stream-
lines reduction, described in section 2.1, coupled with the blur function
that allows us to model groups of similar streamlines with much fewer
parameters. The amount of streamlines kept, constituting the configura-
tion we need to adapt, is influenced by three main factors: the input trac-
togram, the parcellation used and the clustering threshold applied. The
amount of pathways reconstructed, either true or false positives, highly
depends from the tracking algorithm used to compute the inital trac-
togram (see Fig. 5 first row). This fact, along with the adoption of atlases
with different parcellation resolution, affects the initial total number of
connections. Lastly, the clustering threshold used affects the number of
representative streamlines extracted for each connection. In our exper-
iments, using standard Desikan-Killiany atlas and clustering threshold
of 3 mm, we reported a drop of 98% in the number of streamlines. The
reduction in the number of coordinates to represent the streamlines is
another fundamental step. This is combined with the interpolation using
polynomial curves that closely follow the original anatomical trajectory.
In Supplementary Fig. S4 we show how the fitting error changes with
respect to the number of control points used to simplify the input stream-
lines on the synthetic phantom. In particular, we can see how the fitting
error increases exponentially as we progressively reduce the number of
control points. In our case, we chose an average number of 6 control
points per streamline, shown by the blue vertical line, which represents
a good trade-off between fitting error and parameters reduction. Control
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Fig. 8. Comparison between the IC maps, estimated with COMMIT, corresponding to the CC, PyT and AF reconstructed with the three different tractography
algorithms. For each method, the first row shows the the connection segmented from the input tractogram while the second reports the connection segmented from
the adapted one. The last column shows the corresponding visual inspection of the volume and geometry of the tracts. The visualization is performed in the same
way and the thickness is related to the blur extent regulated by o.
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Fig. 9. Comparison between the cortical projections of the CC tracts segmented
from the input tractograms computed with the three different reconstruction
algorithms (first row) and the respectively adapted connections (second row).

point reduction is crucial for bundles trajectory adaptation. In fact, the
possibility to model a pathway with few control points reduces notably
the parameters space that need to be explored, speeding up the conver-
gence. To furthermore reduce the computational cost, we empirically
fixed some of the parameters. In particular, the Gaussian dumping, rep-
resented by o, the two parameters controlling the regularization terms
4 and p and the initial system temperature 7. The first is used to model
uncertainty on the borders of a bundle and, if set to zero it means that
all the segments within the extent of the bundle contribute in the same
way. The parameters 4 and § are used to balance likelihood and priors
in the cost function, while the initial temperature T is used to regulate
the speed of convergence of the optimization process. Although moving
to a simplified parametric representation of the input tractogram could
affect the quality of the reconstruction, our results show how, thanks to
the bundle simulation and adaptation, we were able to equivalently fit
the data (see Fig. 6 and 7).

While the reconstruction method used to compute the initial set of
streamlines still influences the performances, our approach allows to
converge to similar connectivity and WM density patterns as shown in
Fig. 4 and 8. The differences between the resulting bundles configura-
tions can be explained by two main factors: initial number of false pos-
itive connections and reconstruction quality of the valid ones.While the
first mostly impact the computational time, requiring more iterations to
filter out the implausible connections, the second can affect the quality
of the reconstruction. In our case, iFOD2 has a better initial coverage
compared to SD_STREAM but its polluted by a greater amount of false
positives, while true positives connections are still poorly reconstructed
in correspondence of hard-to-track regions. In the case of valid connec-
tions particularly underrepresented, this implies that to cover the WM
regions some of the invalids need to be kept to explain the signal, even
if this is notably alleviated thanks to the adaptation and consequent
improvement of the true positives coverage. The input tractogram com-
puted using Trekker, although being characterized by a huge amount
of false positives, provides a better support by properly recovering the
true positives connections, allowing the algorithm to successfully iden-
tify and discard all the false ones. This is possible thanks to a global
discriminative approach that allows to evaluate the bundle configura-
tion as it is adapted throughout the optimization process. In our case we
adopted COMMIT framework but bundle-o-graphy supports any global
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discriminative method that returns a fitness measure between the recon-
structed and the observed signal. Moreover, thanks to its formulation,
bundle-o-graphy facilitates the embedding of prior information to drive
the reconstruction. For instance, these information can be exploited to
introduce hierarchies between streamlines belonging to the same con-
nection, as in COMMIT2tree Ocampo-Pineda et al. (2021), further im-
proving our ability to filter out false positives connections. Currently, the
algorithm starts from a large precomputed set of streamlines. Although
efficient, this approach requires that the initial configuration contains
all the true positive connections, a condition that is not always satis-
fied. A solution is to combine reconstructions computed with different
techniques to avoid false negatives or to add a module that performs on-
the-fly tracking, as the one implemented by Aydogan et al. (2021). This
is part of future works, including the exploitation of priors coming from
different imaging modalities, as in the work of Schiavi et al. (2022), that
can be integrated in different ways.

5. Conclusions

Although tracking algorithms have shown a notable evolution, state-
of-the-art streamline reconstructions are still anatomically inaccurate
and difficult to reproduce, limiting their potential to study white matter
connectivity which is fundamental to characterize the healthy structure
of the human brain, as well as its perturbation in disease. Thanks to a
convenient parameterization, bundle-o-graphy allows to combine both
the potential of filtering techniques with the flexibility of generative
global optimization approaches. We demonstrated the feasibility and
the effectiveness of bundle-o-graphy both on synthetic and in vivo data,
showing how bundle-o-graphy can improve the biological accuracy of
the reconstruction regardless the input data.

We believe that our method could represent a step forward in charac-
terizing and quantifying the structural connectivity by combining micro
and macro-structure information.
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