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Diffusion magnetic resonance imaging (dMRI) allows to reastruct the main pathways
of axons within the white matter of the brain as a set of polyles, called streamlines.
The set of streamlines of the whole brain is called the tracgyam. Organizing
tractograms into anatomically meaningful structures, céd tracts, is known as the
tract segmentation problem, with important applications ® neurosurgical planning
and tractometry. Automatic tract segmentation techniquescan be unsupervised or
supervised. A common criticism of unsupervised methods, }ie clustering, is that there
is no guarantee to obtain anatomically meaningful tracts.nlthis work, we focus on

supervised tract segmentation, which is driven by prior kneledge from anatomical
atlases or from examples, i.e., segmented tracts from diffent subjects. We present
a supervised tract segmentation method that segments a give tract of interest in
the tractogram of a new subject using multiple examples as por information. Our
proposed tract segmentation method is based on the idea of seamline correspondence
i.e., on nding corresponding streamlines across differehtractograms. In the literature,
streamline correspondence has been addressed with the neasst neighbor (NN) strategy.
Differently, here we formulate the problem of streamline eespondence as a linear
assignment problem (LAP), which is a cornerstone of combintarial optimization. With
respect to the NN, the LAP introduces a constraint of one-toene correspondence

between streamlines, that forces the correspondences to filow the local anatomical
differences between the example and the target tract, neglged by the NN. In the

proposed solution, we combined the Jonker-Volgenant algathm (LAPJV) for solving the
LAP together with an ef cient way of computing the nearest neghbors of a streamline,
which massively reduces the total amount of computations neded to segment a tract.

Moreover, we propose a ranking strategy to merge correspondnces coming from

different examples. We validate the proposed method on traograms generated from

the human connectome project (HCP) dataset and compare theegmentations with the

NN method and the ROI-based method. The results show that LAfbased segmentation

is vastly more accurate than ROI-based segmentation and sigiantially more accurate
than the NN strategy. We provide a Free/OpenSource implemeation of the proposed

method.

Keywords: diffusion magnetic resonance imaging (dMRI), bundl
neighbor (NN), combinatorial optimization problem, linear as

eltract, tract segmentation, tractogram, nearest
signment problem (LAP)
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1. INTRODUCTION The unsupervised approach, usually calleer clustering is
one of the most widely used tractogram segmentation teaiq
The white matter of the brain mainly contains neuronal axonsin the literature Ghimony et al., 2002; Garyfallidis et al., 2012;
which are responsible for transferring signal between tiggores ~ Tunc et al., 2014; Reichenbach et al., 30TEhe purpose
of the gray matter [Pouglas Fields, 2008Di usion magnetic  of clustering is to group the streamlines according to their
resonance imaging (dMRI)Basser et al., 19p4s the brain  mutual geometrical similarity (or distance). Clustering timeds
imaging technique for identifying the main pathways of largemostly address single tractograms and not the joint analysis
assemblies of axons and, in some cases, pathologies of theltiple subjects ©@'Donnell et al., 2013 A common criticism
white matter Qouglas Fields, 2008DMRI data quantify the of clustering methods is that there is no guarantee to obtain
local orientation of the axons of the white matter vivo, at  anatomically meaningful tractsTpga, 201% For this reason,
the voxel-level. From these local orientations, approxingi?e some authors propose to incorporate prior knowledge in the
pathways can be reconstructed, using tractography algosthmprocess, e.g., anatomical information from atlases or expert
The resulting ® polylines are calledtreamlinesind the set of labeling on previous data.
whole streamlines is called ttractogramwhich usually contains Supervised segmentation is an approach based on prior
a number of streamlines in the order of 2aL.(F. knowledge. Prior knowledge can come from expert labeling of
In neurological studies and neurosurgical planning, it isan anatomical atlas, seé/fddah et al., 2005or from labeling
often important to identify the group of streamlines belongi clusters of streamlines from multiple subjects, in a process of
to the same anatomical region, calletlact or bundle atlas creation, seeO(Donnell and Westin, 2007; Guevara et al.,
e.g., the corticospinal tract. The problem of grouping or2012, 2017; Vercruysse et al., 2014; Yoo et al., 2015; ltadlra e
organizing streamlines of the whole tractogram into anaiatly 2017, or labeling clusters of streamlines from single subjact i
meaningful tracts is known as th&actogram segmentation order to obtain segmented tract of interesG4ryfallidis et al.,
problem(O'Donnell and Westin, 2097 Moreover, extracting in presd. In the former category, also known azxample-based
a speci ¢ tract of interest from the whole brain is known astract segmentatigronce the atlas is available, the segmentation
the tract segmentation proble(@layden et al., 20070nce the of the tract of interest in a new subject can be carried out.
segmentation is done, the statistical analysis over the(sjac Existing example-based methods have some limitations, tie m
is used in multiple applications, for example, to study gendeones being the high computational co§'Donnell and Westin,
di erences (ngalhalikar et al., 20J)4to observe the changes in 2007; Vercruysse et al., 20,lthe dependency of the number of
age Galat et al., 200%@nd to correlate it with diseaseB@zzali  subjects to construct the atlas in case of multiple atlase(vara
et al., 2002; Park et al., 2004This kind of studies require et al., 201pand the dependency on the de nition of threshold
the analysis of groups of subjects. Therefore, automatict travalues (oo et al., 2015; Labra et al., 2017
segmentation, conducted in a comparative manner over groups In supervised segmentation, besides atlases, other kinds of
of subjects, is crucial in order to accomplish this goal. Ongpriorinformation can be used as prior knowledge, such as n&del
main step of such task is to study how mucbrrespondin@re  or features of tracts/bundles. In this case, we call the hasttel-
homologous anatomical structures across the subjects. basedsupervised tract segmentation. Various parametric models
Several manual and automatic tract segmentation methodsf tracts have been proposed in the literature, e.g., the beta
have been developed over the years. The manual approach, atsixture model of similarity cosinesJlayden et al., 200,/the
known asvirtual dissection(Catani et al., 2002; Mori et al., gamma mixture model of the distancklf@ddah et al., 2008the
2005; Wakana et al., 20Q7extracts the desired tract using Gaussian process of tract probability mapygssermann et al.,
cortical regions of interest (ROIs) de ned by neuroanatoadic 2010, the hierarchical Dirichlet process mixture mod&Véng
knowledge, by an expert. Such method is time consuming asditiet al., 201). Notice that models are built to describe
limited to manual selection of ROIs. A di erent approach is thetracts/bundles and not the whole tractogram.
one of automatic tract segmentation, which can be divided in  In this work we propose an example-based tract segmentation,
three di erent groups:ROIl-basedalso known agarcellation- which segment a single speci c tract from the whole tractogram
basedunsupervisedndsupervised of a new subject, using the prior information of the previous
Automatic ROI-based tract segmentation is based on corticalegmentations of the same tract/bundle from the tractogram
parcellation. It requires that linear or non-linear regidiom is  of other subjects. The proposed method comprises two main
performed in advance, with respect to an anatomical aftéisi(lg  steps: in the rst step, for each streamline of an example tract,
et al., 2010; Aarnink et al., 20)14t has to be noted that the we nd the corresponding streamline in the new tractogram.
registration to the atlas can cause loss of information prese This step is related to our recent work Bharmin et al. (2016)
in the di usion images (unc et al., 201y However, automatic where we showed that streamline correspondence can be a
ROI-based methods are known to provide remarkable resultsowerful principle to transfer the anatomical information of a
(Zhang et al., 2000so, sometimes, they are used as groundjiven bundle from one subject to another one. In the second
truth to extensively validate the result of other segmentat step, we combine the correspondences found from all examples,
methods. Among the parcellation-based automatic segmiemtat i.e., from all other subjects, into one desired segmentedttr
methods Giless et al., 20),&he Tract Querier, based on the white within the new tractogram, using a ranking scheme. This sdcon
matter query language (WMQL)Y{assermann etal., 2013, 20,16 step accounts for the variability across the examples/susoet
is one of the most adopted. the anatomical bias of the specicity of each subject. In the
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literature, given a set of streamlines of one subject, thélpra

of nding the corresponding streamlines in the tractogram of| A B c D
another subject has been addressed with a nearest neighbor
strategy Yoo et al., 2015; Labra et al., 2017; Garyfallidis et al., |n
pres3. There, after co-registering the two tractograms, forheac
streamline of the example subject, the corresponding strieaml
in the new tractogram has been proposed to be the geometrically
Or

nearest one. In this work, we compare the nearest neighbg

strategy to that of nding corresponding streamlines as adan o ‘ _

Assignment Problem (LAP, se@urkard et al., 20()9 that we F_IGURE 1| Simpli ed sketch qf streamline correspondgnce sh(_)wmg the

introduced inSharmin et al (2016)I'he LAP is a combinatorial difference between nearest neighbor vs. the proposed lingaassignment

n o i ' . - problem (LAP). In blue and red we show two sets of 5 homologoustseamlines

0pt|m|zat|0n problem that nds correspondlng ObJeCtS between each, before registration(A), after initial registrationB), with arrows showing

two sets imposing a one-to-one constraint, while minimizthe the correspondence from the blue streamlines to red ones wiit nearest

sum of the distances. neighbor (NN)(C) and with streamline correspondence with LARD). NN (C)
Finding Corresponding streamlines through a LAP is di erent| misses the two streamlines on the right side, while LARD) does not.

from using the nearest neighbor strategy. The main reason

is that the nearest neighbor algorithm is greedy, i.e., it

optimizes the selection of the correspondence individually fopmethod proposed irvoo et al. (2015)similarly to Labra et al.

each streamline. Dierently, the LAP jointly optimizes the (2017)

correspondence of all streamlines, because of the one4o-on Together with the comparison against the nearest neighbors

constraint. Intuitively, the benet of this joint optimizan  strategy, in this work, we compare the proposed method against

can be seen irrigure 1, discussed below. In practical cases, ithe automatic ROI-based segmentatioBh@ng et al., 2090

is common to observe some systematic displacement betwegBcause it is the most adopted one. We conducted experiments

homologous anatomical structures across subjects, even afpn the dMRI data of multiple subjects from the Human

an initial registration, because of the inherent variahilof  connectome Project (HCP, s€dasser et al., 2013; Sotiropoulos

the local white matter anatomy across the population. In suchy 5|, 2013; Van Essen et al., 20dataset. We observed that

cases, the nearest neighbor strategy is expected to provide pqRe proposed LAP strategy, together with the proposed ranking

correspondences: each streamline will be put in correspor&lengcheme, are able to segment the bundles much more accurately

with its closest one in the other tractogram, without corsidg  than the ROI-based segmentatioAh@ng et al., 20)0and the

such systematic displacements. Dierently, the one-to-ongearest neighbors strategy6bo et al. (2015)in the remaining

constraint of LAP will force the correspondence to followpart of the article, we rst review the literature related thet

such systematic displacements. We show a paradigmatic t@yerent scientic areas touched by this work, see section 2.

example of this di erence irFigure 1 There, two sets of ve Then we introduce the necessary methodological ingredients

simulated streamlines are depicted in blue and red before thggether with the detailed description of the proposed method,

initial alignment, seeFigure 1A Figure 1B illustrates the two  in section 3. The experiments are reported in section 5, fatbw

sets of streamlines after linear registration.Rigures 1C,Dwe  py their discussion in section 6. We conclude this work by

show the streamline correspondence between blue streamlingentioning multiple future activities that arise from what we
and red streamlines, through the nearest neighbor and thgresent.

LAP strategies, respectively. There black arrows show the

corresponding streamlines across the two set&idgure 1C the

nearest neighbor misses the two red streamlines on the rigl‘%' RELATED WORKS

side. Di erently, in Figure 1D, LAP correctly matches all the 2 1. Supervised Tract Segmentation

streamlines of the blue an red sets. Here we review the literature on supervised tractogram
In this work, in addition to the main contribution of segmentation and on the linear assignment problem. In order

extending the correspondence-based segmentatioBheffmin  to organize the body of work in this eld, we articulate

et al. (2016)to the case of multiple tracts/bundles used ashe discussion on supervised tract segmentation along these

examples, we provide a substantial improvement in the speege topics: alignment, embedding space, similarity/distance

of the computations, reducing the time required to segmentcorrespondence techniques, and re nement step.
from hours to minutes. The newly adopted Jonker-Volgenant

algorithm for LAP (LAPJV), se@ijsterbosch and Volgenant, 2.1.1. Alignment

201Q for the rectangular LAP (RLAP), together with the useln supervised tract segmentation, tractograms are initially
of an e cient way to compute the nearest neighbors of givenaligned to an atlas. Both voxel-based and streamline-based
streamlines, result in a 50x speed up of the computations withtlases have been used in literature, e.g., white matter ROI-
respect to what we presented Bharmin et al. (2016)This  based anatomical atla&@ddah et al., 2005 high dimensional
improvement makes it possible to apply the proposed methodtlas O'Donnell and Westin, 2007; Vercruysse et al., 3014
in practical cases. Moreover, the e cient nearest neighborgxample-based single atlaSuevara et al., 2012; Labra et al.,
computation can be used to vastly improve the speed of th2017, example-based multi-atlag¢o et al., 2016 To the best of
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our knowledge, the speci c step of alignment has been coretiict of the new subject based on that. [@'Donnell and Westin
with standard methods: in most of the cases with voxel-base@007)and O'Donnell et al. (2017)a high dimensional atlas was
linear registration Q'Donnell and Westin, 2007; Guevara et al.,reconstructed from multiple tractograms. Then the new subjec
2012; Yoo et al., 20)%and in the others with nonlinear voxel- was aligned with the atlas and the closest cluster centroafs fr

based registrationercruysse et al., 20).4 atlas were computed to assign the anatomical labeGurevara
et al. (2012)nearest centroids of the new subject were computed
2.1.2. Embedding Space from a single atlas from multiple subjects, with the normalized

Streamlines are complex geometrical objects with a di erenEuclidean distance. Recently, a faster implementation has be
number of points one from another. They are unt to be proposedin_abraetal. (2017There, they proposed to label each
directly given as input to many e cient data analysis algorite  single streamline instead of cluster centroids and to acdeléna
which, instead, require vectors all with the same number o€omputation time by ltering the streamlines in advance, using
dimensions. Tractograms are large collections of stre@sli properties of the normalized Euclidean distance. A limitatien i
from hundreds of thousands to millions of streamlines, andthat an appropriate threshold has to be de ned for each tract
their analysis is often limited by the required computatibnato be segmented. Similarly, iMoo et al. (2015)the nearest
cost. A common preprocessing step before using algorithnes likneighbor strategy is used to nd corresponding streamlines
clustering, or nearest neighbor, is to transform streamdiinto  between those of the tractogram of a new subject, with those
vectors, a process call&diclidean embeddin®i erent authors  of multiple example-subjects (12, in their experiments). Agai
opted for di erent embedding approaches, like the spectratwo thresholds, i.e., a distance threshold and a votingshoéd,
embedding O'Donnell and Westin, 2007 the re-sampling are required to be set in order to obtain the segmentatione Th
of all streamlines to the same number of pointSugvara proposed implementation requires a GPU.

et al,, 2012; Yoo et al.,, 2015; Labra et al., pOfhe use A di erent approach based on graph matching, instead of the
of B-splines with re-sampling Maddah et al., 2005and nearest neighbor, was proposed by us for tractogram alignment
the dissimilarity representationC{ivetti and Avesani, 20)1 seeOlivetti et al. (2016)Such idea could be extended to the tract
Re-sampling all streamlines to a xed number of points issegmentation problem.

the most common approach to obtain the embedding. In

principle, up-sampling/down-sampling to a particular number 2.1.5. Re nement

of points may cause the loss of information. On the otherAfter segmentation, in order to improve the accuracy of the
hand, spectral embedding has high computation cost. Théegmented tract, some authors propose a re nement step, for
dissimilarity representation has shown remarkable resiits example, to identify and remove outliers.Mryer et al. (2011a
terms of machine learning application®lfvetti et al., 201p  tree-based re nement step was introduced. Initially, tipaglded
and exploration of tractograms>prro-Mufioz et al., 200)5at a  the segmented tract with the nearest neighbors and then used

moderate computational cost. a probabilistic boosting tree classi er to identify the oeti.
Another approach to increase the accuracy of the segmented
2.1.3. Streamline Distance tract is majority voting Rohl ng et al., 2004; Jin et al., 2012;

In order to nd corresponding streamlines from one tractogna Vercruysse et al., 2014; Yoo et al., 20The main concept of
to another one, the de nition of the streamline distance ay the majority voting is to reach the agreement on the segnnte
crucial role. Most commonly, the corresponding streamline instreamlines (or voxel) coming from di erent examples, usually
the new tractogram is de ned as the closest one, for the givefémoving the infrequent ones.

streamline distance function. Similarly, when doing chuisig The accuracy of the outcome after the step of re nement is
for tract segmentation, the streamline distance functian iclosely related to the number of examples. This relation has be
a fundamental building block. Dierent streamline distance investigated in the vast literature of multi-atlas segméata
functions have been used in the supervised tract segmentatidMAS). The intuitive idea is that the behavior of the segménta
literature, e.g., minimum closest point (MCP)O(onnell  erroris connected to the size of the atlas dataset. A rsimabt to
and Westin, 200 symmetric minimum average distance characterize such a relationship, with a rst principle approach
(MAM) (Olivetti and Avesani, 20)1 minimum average ip Was proposed by\wate and Whitaker (2014)n their proposal
distance (MDF) Yoo et al., 2015; Garyfallidis et al., in pigss the size of the atlases is predicted against the segmentation
Hausdor distance {laddah et al., 20Q5normalized Euclidean by formulating the multi-atlas segmentation as a nonparaietr
distancesl(abra et al., 201)7Mahalanobis distancerpo et al., regression problem. More recentlzhuang and Shen (2016)

2019. combined the idea of multi-atlas with multi-modality and ntul
scale patch for heart segmentation. For a comprehensive survey
2.1.4. Correspondence Technique of multi-atlas segmentation in the broader eld of medical

One crucial aspect of supervised tract segmentation is th&waging, seéglesias and Sabuncu (2015)

mechanism to nd the corresponding streamline between the

tractograms of di erent subjects, in order to transfer ammiical  2.2. Linear Assignment Problem Solutions
knowledge. A common approach for addressing such problerithe linear assignment problem (LAP) computes the optimal
is to use the nearest neighbor strategy, i.e., nding theresta one-to-one assignment between tNeelements of two sets of
streamline or centroid in the atlas and labeling the straaed  objects, minimizing the total cost. The LAP takes as input the
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cost matrix that describes the cost of assigning each object 3.1. Basic De nitions and Tools

the rst set to each object of the second set. Various alpoy@ Here we provide basic de nitions and the description of
for solving the LAP in polynomial time has been proposed insome computational tools used in the proposed method,
literature. A comprehensive review of all the proposed algarg  namely: (i) a distance function between streamlines, (¢ t
can be found inBurkard et al. (2009and Burkard and Cela dissimilarity representation, that we use as Euclidean emlingd
(1999) An extensive computational comparison among eightfor streamlines and (iii) th&-d tree data structure, for fast nearest
well known algorithms is inDelllAmico and Toth (200Q) neighbor queries. We also formally de ne the linear assignin
The algorithms are: Hungarian, signature, auction, pseadg problem.

interior point method, Jonker-Volgenant (LAPJV). According A streamline sis a polyline in ® space, i.e.,s D
that survey and toSerratosa (201p)the Hungarian Kuhn,  fxi,X2,::: Xn g Wherex; 2 R3. LetT D fs1,9,:::,5ugbe the
1955 algorithm and Jonker-Volgenant algorithm (LAPIMnker ~ whole braintractogramrepresented as a setMfstreamline$. A
and Volgenant, 1997are the most e cient ones, with time tract, also calledbundle is denoted a¢  T. Note that, in this
complexity O(N3). Nevertheless, in practice, LAPJV is muchwork, tract will be referred as a set of streamlines with particular
faster than the Hungarian algorithm, as reported $®rratosa anatomical meaning, e.g., the cortico-spinal tra&s{).

(2015)and Dell'’Amico and Toth (200Q) This occurs because,

despite the same time complexity class, DéN3), the respective 3-1.1. Streamline Distance

constants of the 3rd order polynomials describing the exacth the literature, multiple inter-streamline distance furmtis
running time of each algorithm are much dierent, giving have been proposedS@ryfallidis et al., 2032 In this work,
large advantage to LAPJV. We have directly observed thie adopt the most common one, i.e., the symmetric minimum
behavior in our experiments with LAPJV, compared to those witfAverage mean distance (MAMEB@ryfallidis et al., 20)2Given
the Hungarian algorithm that we published iBharmin et al. two streamlines, ands:

(2016)

According to Del!‘Amico and Toth (ZOOQ)and Burkarq dvam (S, %) D }(D(Saysb)c D(S, %)) 1)

et al. (2009)LAPJV is faster than other algorithms in multiple 2
applications, see als@ijsterbosch and Volgenant (2010)

Moreover, in many practical applications, the two sets of okject Where D(s, %)
on which to compute the LAP have di erent sizes, i.e., the gglat MiNp1::jsi X Xi2.
cost matrix is rectangular. IBijsterbosch and Volgenant (2010)
the rectangular version of LAPJV was proposed with a mor
e cient and robust solution than the original one inlonker

P ...
D & IBldo¢s) and dods) D

.1.2. Dissimilarity Representation
The dissimilarity representatiofDR) is a Euclidean embedding

and Volgenant (1987)n this work, we adopted the rectangular [Chnique to represent generic objects in a vector spaeed|ska
version of LAPJV because of its e ciency and because we neéd'd Puin. 2003when a distance between the objects is available.
to compute the correspondence between an example tract angd 1S work, we use the DR to represent the streamlines in
the target tractogram which, clearly, have di erent numbér o vector spack as proposed irDlivetii et al. (2012) The DR

streamlines is de ned by the distance function between streamlines and

by de ning a (usually small) subset of the tractogram, ahlle
the prototypes Given the distance and the prototypes, each
3. METHODS streamline is then represented as the vector of the distances f
the prototypes. Given a tractogramand the set of prototypes
In this section, we rst introduce basic de nitions, termitogy 5 D fs,s,:::, 5,9 the dissimilarity representation &f2 T is
and some basic computational tools used in the proposethep-dimensional vector:
method. Afterwards, we provide all details of the proposedttrac
segmentation method. The proposed method provides automatic X5 (9 D [d(ss)),d(s ), 11, d(s )] 2
segmentation of a tract/bundle of interest from a set of egkas
from di erent subjects. The proposed method comprises twoAs shown in Olivetti et al. (2012)and Porro-Mufioz et al.
main steps: in the rst, a preliminary segmentation of the(2015) the DR of streamlines is very accurate with a few tens of
tract is obtained from each example. This step is accomplishqatototypes selected by means of the Subset Farthest First (SFF
by casting the segmentation problem as a rectangular linealgorithm, which requires just a few seconds of computation.
assignment problem (LAP), which we implement with the ) )
rectangular version of Jonker-Volgenant algorithm (LAPJWe ~ 3-1.3. K-d (k-dimensional) Tree
second step merges the segmentations coming from di ererft k-dimensional tree K-d tree, see3entley, 197pis a space
examples, with a ranking scheme. In this way, it is possib|gartitioning data structure to e ciently store and retrieve
to obtain the nal segmentation of the tract of interest that Vectorial data in k-dimensional space. Tk tree provides fast
comprises the anatomical information coming from the di eten Nearest neighbor queries on large datasets. In this workysee
examples/subjects.

2UsuallyM  10P-1CP.
3Notice that a streamline is not a vector but a sequence of poingDispace and
1Two sets of streamlines, in our case. that di erent streamlines are sequences of di erent length, in gahe
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the k-d tree on the vectorial representation of streamlines, ir8.2.1. Step 1: Tract Segmentation from a Single

order to quickly nd the neighboring streamlines of a given Example

streamlines The computational time complexity of building a In this part, we describe the details of how to compute the
k-d tree is OM logM and the nearest neighbor query has timecorresponding streamlines of a single example tract, using the
complexity OlogM , whereM is the number of streamlines of either a fast nearest neighbor algorithm or the linear assignt

the tractogram. For example, a modern desktop computer caproblem. Given one example of the tract of interest, D
retrieve the 10 neighboring streamlines of a given stresenli fs},::: ,qu e.g., the segmented CST from subjedhe rst step

from a whole tractogram in just a few millisecorfds of the proposed method is able to extract the set of streamlines
) ) of subjectB corresponding tota, that we callta; g Tg.
3.1.4. Linear Assignment Problem The extracted tractia7: g, is an approximation of the actual

The Linear Assignment Problem (LAP) is a fundamentakractbundle of interest in subjeds, i.e.,ts. The procedure is
combinatorial optimization problem. Given two sets of obgct pased on the concept of streamline correspondence, i.e., on
ADfay,:::,avwgandBD fby,:::,bygand the costmatriC D nding which streamline in the new tractogram corresponds to
fgig 2 RM M that provides the cost; of assigning/matching 4 given streamline in the example tract.

a to by, the LAP aims to nd theone-to-onecorrespondence

between the two sets that has the minimum total cost. In ouiCorrespondence as nearest neighbor

context, we use the LAP to nd the correspondence between twas explained in section 2, the literature reports that the most
sets of streamlines, as we recently proposeéfiarmin et al. common strategy to obtain corresponding streamlines across
(2016) In our case, the cost to minimize is the distance betweetwo subjects is based on the idea of Nearest Neighbor (NN).
the streamlines, i.ec,j D d(5*,5%). A one-to-one assignment can Assuming that the set of streamlines of two subjects aretegid

be represented with a binary matxD f pjjgj, wheregj D 1ifa  inacommon space, usually by means of an a ne transformation,
corresponds tdy and zero otherwise. The one-to-one constraintthe streamline of the subje& corresponding to a givet‘:\A of
makesP apermutation matrixi.e., only one element in each row subjectA, is de ned as the closest (nearest) one

and columnis 1. Then, the LAP is de ned as

%, D argmind($®, %) 4
hd $2Tp
P Dargmin  Cjpj. 3
PP ijp1 In principle, the task of retrieving neighboring streamlineass

high computational cost. The straightforward solution dlga
whereP is the optimal assignment ang is the space of all computing the distance from the given streamline to all other
possible assignments. When the size of the two sets di erstreamlines in the new/target tractogram and then gettihg t
i.e., JA] 6D Bj, the problem is calledrectangularlinear one with minimum distance. The approaches currently adopted
assignment problem (RLAPRB(jsterbosch and Volgenant, 2010 in the literature are more e cient and based on several pre-
a generalization of the LAP. Further information is provided processing steps, that may involve clustering, the de nitidn o

below, in section 3.2.1. thresholds and the use of fast graphics processing units (GPUs)
. seeYoo et al. (2015and Labra et al. (2017)in this work, we

3.2. Proposed Tract Segmentation claim that segmentation based on nearest neighbor is fairty

Framework optimal and can be improved with the idea of linear assignment

In this work, we propose an example-based supervised tra¢tee below). Nevertheless, in this work we also propose the
segmentation approach. Given an anatomical tract of interesfollowing procedure to greatly simplify such computation of
e.g., the corticospinal tract (CST), and a set of examplesadf thnearest neighbors, both in terms of logical steps and time:

tract, segmented from multiple subjects, our aim is to exploit . . o
the information from those examples in order to automatigall 1. Compute a vectorial representatl_on, e.g., the %lsswtylarl
segment the tract of interest in a new subject. The tract rep_resentatlon (DR), of the streamlinesTaf and ofta®.
segmentation method that we propose consists of two main step%‘, Build ak-d tree from the V(_actors Oe.

illustrated inFigure 2 In the rst step, each example tract is used3' qu each streamline iy, in vector form, perform a nearest
to obtain a candidate segmentation in the new tractograre, se nelghbo_r query on thek-d tree and obtain the closest
Figure 3. In the second step, the candidates generated from each streamline.

example are merged together and then ltered, in order to abta
the nal segmentation of the desired tract, taking into agnb
the variability of the examples across subjects. In the fatigw
we describe the details of the two main steps in section 3r2i1 a
section 3.2.2, respectively.

Correspondence as (rectangular) linear assignment problem
The segmentation method that we propose in this work is
based on the (rectangular) linear assignment problem (LAP).
We observed that nding corresponding streamlines with the
nearest neighbor strategy is suboptimal. A typical problennwit
the nearest neighbor is that homologous anatomical stresur
of two di erent subjects may have a systematic displacement

“We measured the timing using thek-d tree implementation

sklearn.neighbors.KDTree provided by the Python package Scikit-learn,
see http://scikit-learn.org, and the tractograms in our experimeegsesented as
vectors through the DR. 5The DR ofta is obtained using the prototypes of.
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Example Tract Example Tract e Example Tract
INPUT ¢ ¢ ¢
Whole
Brain Correspondence | Correspondence e Correspondence
Tractogram »
1 V.
Candidate Tract Candidate Tract . Candidate Tract
OUTPUT ¢ ¢ ¢
Correspondence
Refinement

Tract

FIGURE 2 | Proposed tract segmentation framework.

Example Tract

INPUT ¢ OUTPUT

Whole
Brain

Correspondence

Correspondence Tract

Tractogram

FIGURE 3 | Tract segmentation from a single example.

even after the initial a ne registration. In those casesgtiearest where pjlj D P 2 P is apartial permutation matrix, i.e.,
neighbor strategy would be too greedy and would failto sate  p p [pili 2 0,1 M and jle pj D 1 but ?é',lpu

the correct corresponding streamlines because of the Sgstem 1 pecause the tract has less streamlines then the traotogra
displacement, selecting instead the closest onesFigege 1L p s the optimal assignment, i.e., the one with lowest overall

For this reason, we claim that introducing the fur'Fher caadtt o5t OnceP is obtained, the segmented tract T is de ned
of one-to-onecorrespondence between streamlines forces thgg the set streamlines ifig corresponding tota according

correspondence to follow the local displacements that may, p
occur.
Given the tract/bundleta D s, :::,5'g of subjectA and
the tractogramiTg D f<§,:::, < gof subjectB, wherek n M,  Solution of the linear assignment problem
and a distance functionl() between streamlines, we denote ag-inding the optimal solution of the LAP or RLAP is usually

C D [gjlip1:-kjp1:m, thek M distance matrix between each computationally very expensive. As mentioned before, we
streamline ofty and each ofTg, i.e., g D d(SA %B)_ Then. adopted the rectangular LAPJV that we do not describe here

because its description is fairly technical. We refer theriested
reader toBijsterbosch and Volgenant (201@nd Jonker and
Volgenant (1987for a comprehensive description, as to section 2
for a concise analysis of the literature on this topic. Anyway,

we de ne the corresponding streamlines @f in Tg as those
found by the solution of the corresponding rectangular linea
assignment problem (RLAP):

XK key element of the scalability of our solution, is a furthégps
P D argmin Gj P (5) that we introduce before starting the RLAP: tBparsi cation
P2P ip1 jD1 of the cost matrixC. In our experiments, we noticed that
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only a small part of the whol€ is actually used in LAPJV. 3. We de ne the number of streamlines 6 as the median
Speci cally, for each streamline i only the distance from the number of streamlines of the example trad®:D jj D
neighboring streamlines ifg play a role in the computation. For mediar(ta; B,:: 1, tay! B)-

this reason, by leveraging the DR and tkel tree introduced 4. § is the set of()top scoring streamlines.

above, we e ciently computed just a small subset®@fnstead

of the whole matrix, saving a substantial amount of time

and memory both in buildingC and in executing LAPJV. 4. MATERIALS

In section 5, we show the details of this step and the 98} this section, we describe the datasets used to conduct the

obtained. experiments, as well as the procedure to obtain to ground
truth of the segmentations, i.e., through the white matteery
language (WMQL). A total amount of 300 segmented tracts will
be considered in our experiments.

3.2.2. Step 2: Tract Correspondence from Multiple
Examples

In this part we describe how to combine multiple solutins ofdra
correspondence from one example tract into a single segmentefl 1  Datasets

tract on the target tractogram. The quality of the segmentegryirty healthy subjects from the Human Connectome Project
tract/bundle obtained from a single example, as described iycp) (Sotiropoulos et al., 20)public datasets were selected
section 3.2.1, is limited by inherent di erences inthe whitatter  5; random and their MRI data retrieved. The di usion MRI
anatomy between subjegt and B. In order to reduce the bias gataset from HCP consists of 3 90 gradient directions at
of segmenting from a single speci ¢ example, here we descrijg,giues of 1.000. 2.000. and 3.008ns2. with 18 non-

a procedure to segment the desired tract/bundle from multiplgy; ,sion weighted images, with voxel size of 1.25 mm. The
examples, each from a di erent subject. In this way we try ©Oper orientation distribution (FOD) function at each voxel
exploit the anatomical variability in the sample of subjectfagsi 45 computed using the constrained spherical deconvolution
had a model of the tract. The proposed procedure is based on r${iqorithm (CSD) {ournier et al., 2007 with a single shell
computing the correspondence between each example and ti¢ b 1 000). The tractograms were obtained with the Euler
new tractogram, as detailed in section 3.2.1,and then okingn  pejia Crossing (EuDX) algorithm, seeGgryfallidis et al.,
all the corresponding streamlines based on how frequentty th 2019, implemented in DiP§, with 16 seeds. The number of

were selected by the segmentation induced by each examplg.eamiines of the resulting tractograms is approximatel§g-10
In the following, we describe the details of the proposed 40 thousands.

procedure.

4.2. Tractogram Segmentation with WMQL
Re nement step: ranking schema The TractQuerier, based on the White Matter Query Language
Given a tract/bundle of interest, e.g., the CST, the set of (WMQL) (Wassermann et al., 2013, 201& a parcellation-
N examples segmentations of that tract frod dierent based Open Source tddb segment the whole brain tractogram.
subjects is denoted &p,,:::,ta g For each example tract Using the parcellation from FreeSurfer and a database of ROIs,
ta,, a corresponding tracta; g Tg can be obtained de ned by the anatomical information of the tract, the WMQL
following the RLAP procedure explained in section 3.2.1, oeoth extracts the anatomically meaningful tracts with a rulesds
strategies like the nearest neighbor. The resulting (appraté) approach. Here, WMQL is applied over thirty subjects from the
segmentations fottg are thenfta, g,:::,tay 8¢ Our aim HCP dataset to produce a set of tracts, speci cally: corticapin
is to nd an improved approximation oftg, that we callfg, tract (CST), cingulum (CG), arcuate fasciculus (AF), iider
leveraging all of them. The proposed procedure to obfgiis  longitudinal fasciculus (ILF), Uncinate Fascicle(UF), fide
the following: fronto-occipital fasciculus (IFOF), 1, 2, and 3 left-righipgrior
. . __longitudinal fasciculus (SLF1,2,3), and nally, corpusl@sim

1. Compute the Ug'ﬁn of the _obtamed segmentatlonS'(CC) with seven parts (CC1-7). Among all the tracts, we setect

tazag B D ipatan B, which we expect to be a y,qq showing more consistency across subjects, resiritinget
of ten di erent tracts: left and right corticospinal tract (CxTeft
. ; and right cingulum (CG), left and right inferior fronto-odgital
how many tlme'the streamline appears a2 tan g . fasciculus (IFOF), left and right Uncinate Fascicle (UF) and
In th|slway, bglng sglected mpluple tlmes. as potgntlaleﬁ and right inferior longitudinal fasciculus (ILF). Tke tracts
streaml!ne ofts is conS|d_ered evidence of F’e"_‘g a rellableWiII be used agxampled tractsas well as for the quantitative
streamllne_. W_e further |r_1troduce other crlten_a in_order comparison of the tract segmentation methods. Note that no
to break ties in the rgnklng between streamlines S?Iegteﬂlrther manual lItering is performed on the segmented tracts.
the same number of times. Our proposed second criterion,, Taple 1 we report the mean and standard deviation of the

comes from the selectlo_n cost .Of the str_eamllnes, €., thﬁumber of streamlines and of voxels over 30 subjects forehe t
distance of the streamline during the time of SeleCt'OnseleCted tracts

Lower cost means a more reliable matching. Once all scores
are obtained, we ranked the streamlines according to theHp:/mipy.org/dipy.
score. 7 https://github.com/demianwi/tract_querier.

2. Score each streamline g, - ay) B Tg by counting
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TABLE 1 | Data description. and streamline distance function. Then, we show the results
Tract name No. of streamline No. of voxels of a ROC/AUC analysis compgring. NN—D.R—MAM and the
proposed LAP-based segmentation, illustrating the advantdg
CSTLeft 39 39 957 625 LAP over nearest neighbor, sEigure 8 Table 2 Moreover, we
CSTRight 23 34 644 544 provide additional results that enrich our work, such as waisu
CG.Left 1141 168 0030 1172 €xamples of segmented tracts by the dierent methods, see
CG Right 982 159 8200 1,087 Figures 56, or the roIe_ of the number of exa_lmples for thg quality
IFOF Left 173 o4 3713 1,205 of segmentation, s<_a|é|gure 9 1In th following, we provide all
IFOF Right 123 76 2706 1212 the necessary details and descriptions of the results andwew
ILF.Left 9% 71 1,771 610 obtained them.
ILF-Right 54 59 2,035 566 5.1. Performance Analysis
UFLeft 143 76 1,794 844 To quantitatively evaluate the proposed LAP-based supervised
UF.Right 185 66 1,140 819

segmentation, we adopted two di erent evaluation metricy: (i
For each tract, the table reports the mean and standard deviation of the number of the dice Sim”arity coe cient (DSC) Dice, 1945’ and (ii) the
streamlines and of voxels over 30 subjects. Receiver Operating Characteristic (ROC) curd&ofvn and
Davis, 200p analysis. In the following, we will discuss these
metrics in details.

5. EXPERIMENTS 5.1.1. Dice Similarity Coef cient (DSC)

In this section, we present all the components for the quatiiea '€ common practice to evaluate tract segmentation methods
validation of our proposed supervised tract segmentation meth 1S t© compute the overlap, in terms of voxels, between the
based on LAP. Experiments were performed on 30 subjecB9gmented tract and the ground truth tradiif et al., 201y The
from the Human Connectome Project (HCP) dMRI dataset,degree of voxel overlap can be measured through the common
as described in section 4. The tractograms of all subjects wedice similarity coe cient (DSC). In order to compute the DSC,
aligned to the MNI152 template with the voxel-based lineatVe converted the segmented tract and the ground truth trafct i
registration tool FLIRT/FSL After alignment, the wMQL the binary mask where 1 indicates that a voxel is crossed by a
was applied over thirty subjects to segment the whole praistreamline of the tract and O otherwise. Given the segmented
tractogram and obtain 10 di erent tracts: left-right cortispinal  tract;@and the ground truth tract

tract (CST), left-right cingulum (CG), left-right inferiofronto- 2 (VO\ Vb))

occipital fasciculus (IFOF), left-right Uncinate Fascidlé-} and DSCD —J (6)
left-right inferior longitudinal fasciculus (ILF). We dided the V(i Cjv()

set of subjects into wo groups, 1.€., theample grouand the wherev(t) is the set of voxels crossed by the streamlinesaoid
testgroupeach O.f 15 SUbJeCt.S' The trr_:lcts from the exan‘_nple_grouRl(t)j is the number of voxels of(t). The DSC varies between 0
were used as prior information to guide the segmentation i@ th

. to 1 and higher values indicate better overlap.
tractogram of new subjects. The tracts from the test groupewe

used to quantify the quality of the obtained segmentation. 5.1.2. Receiver Operating Characteristic (ROC) Curve

We compared our proposed LAP-based supervised tracthe analysis of the ROC curve is a standard measure for
segmentation method against the automatic ROI-base@lerformance in the eld of the medical image segmentation
segmentation, seghang et al. (2010)and the example-based techniques Gouthall et al., 2000 It considers all possible
multi-atlas approach with nearest neighbor strategy (heéeeaf degrees of sensitivity/speci city of the segmentation noeth
denoted as NN_MULTI_ATLAS) ofYoo et al. (2015)The ynder evaluation. We adopted such analysis to compare the
experiments are divided in two parts. In the rst part, we performance of our proposed LAP-based segmentation method
segmented tracts with the three methods, i.e., ROI-basegth respect to the nearest neighbor method.
NN_MULTI_ATLAS, LAP-based and measured the degree The ROC curve plots the sensitivity, i.e., thee positive rate
of voxel overlap with the ground truth, seleigure 4. In the (TPR), against the speci city, i.dalse positive raté-PR) of the
second part, we performed a more in-depth analysis betweesegmentation method at di erent thresholds. Here, the tinls
the nearest neighbor strategy and the proposed LAP-basggfers tothe number of streamlines to consider as segmerdet t
segmentation, ruling out confounds such as the dierentafter ranking the streamlines that we obtain in the re nenen
re nement strategy, the dierent embedding and dierent step, where we combine the segmentations obtained from each
streamline distance function. In order to do that, we rstash sing|e examp|e in a sing|e ranking, see section 3.2.2. In the
that the NN_MULTI_ATLAS method and our e cient nearest proposed LAP-based method, we set such threshold as the
neighbor implementation (hereafter denoted as NN_DR_MAM median number of streamlines across the example tracts. lerord
see section 3.2.1) provide very similar results, Begire 7, to compute the ROC curve, here we span through all possible
despite the dierences in the renement step, embeddingthresholds in the ranking. The TPR and FPR are computed
by comparing the streamlines above threshopigitive and
8http://fsl.fmrib.ox.ac.uk/. below threshold riegativeswith the ground truth, combining
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BN ROl-based [N NN_MULTI_ATLAS [ LAP

0.8]

°cgleft  cg.right  ffof.left  ifof.right  uf.left

FIGURE 4 | Summary of the results: average voxel overlap between segnméed tracts and ground truth tracts for the ROI-based, NN_MUTI_ATLAS, and the
proposed LAP. The bar graph shows the degree of overlap, in tens of dice similarity coef cient (DSC), for each tract aveiged over 15 subjects.

uf.right cst.left cst.right ilf.left ilf.right
Tract Name

TABLE 2 | Summary of the results: The average area under the Receiver

operating characteristic (ROC) analysis between segmendetracts and ground

truth tracts for the NN_DR_MAM and the proposed LAP.

Method

Tract NN_DR_MAM LAP

CG.Left 0.81 0.90
CG.Right 0.81 0.88
IFOF.Left 0.70 0.86
IFOF.Right 0.68 0.80
UF.Left 0.69 0.84
UF.Right 0.70 0.83
CST.Left 0.63 0.79
CST.Right 0.66 0.75
ILF.Left 0.71 0.88
ILF.Right 0.67 0.84

The table reports the area under curve (AUC) scores for each tract avaged over 15
subjects. For each tract the voxel information has considered for thROC curve analysis

and For each subject same threshold has chosen.

High values of TPR and (1-FPR) means good segmentation.
Additionally, the ROC curve can be summarized in a singlesscal
value: théArea under ROC cur(@UC) score, where higher AUC
indicates better segmentation.

5.2. ROI-Based Tract Segmentation

For each test subject, the 10 tracts of interest were seguent
based on their related pair of cortical ROIs, obtained from the
atlas in MNI space available at http://lbam.med.jhmi.edu/erhr
Data_Yajing/ berMenu.htm, se&hang et al. (2010)For each
subject and tract, given their two ROls, the segmented/extoh
tract was obtained by keeping the streamlines of the traetogr
that intersected them. The quality of the segmented tradh w
respect to the ground truth, is reported iRigure 4, as DSC,
see the red bars. The segmentation of a single tract took,
approximately, a few seconds of computation on a modern
desktop computer.

5.3. Tract Segmentation with Nearest

Neighbor (NN_MULTI_ATLAS Method)
Following the NN_MULTI_ATLAS method of oo et al. (2015)

four numbers: the true positives (TP), i.e., the number ofelex \ye segmented each of the 10 tracts of interest for each sufjec

of positives that are also in the ground truth tract, the falsgne test set using the example tracts from the 15 example subjects
positives (FP), i.e., the number of voxels of the positivesmibie

ground truth, the true negatives (TN), i.e., the number okels
of negatives not in the ground truth and the false negativs)(
i.e., the number of voxels of negatives also in the grounthtru

Hence, the TPR and FPR are formulated as follows:

First, all streamlines of all tractograms, from the example se
and test set, were re-sampled to 32 points. Then, given an
example tract of interest from the example set and the tractogra
of a test subject, we computed the nearest streamlines of that
example in the test tractogram, using the Mahalanobis distance
As in Yoo et al. (2015)the nearest neighbor computation was

TP carried out with the trivial algorithm, i.e., by rst computp
TPRD TPC FEN @ al possible pairwise distances between the streamlines of the
EP example tract and the test tractogram and then by keeping the
FPRD 57N (8)  one at minimum distance. We repeated such procedure for all
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CST Left (LAP) CST Left (GT) CST Left (GT)
CST Right (LAP) CST Right (GT) CST Right (GT)

CG Left (LAP)

CG Right (LAP)

CG Right (GT)

UF Left (LAP)

UF Left (GT)

UF Left (LAP)

UF Left (GT)

FIGURE 5 | In each row, in column(A), we show the tract obtained with LAP-based segmentation (LR) with highest DSC score among all test subjects, together
with the related ground truth (GT). In columi{B), we show the one with lowest DSC score, together with the grond truth. The streamline of salmon color are TP, the

ones in green are FP and the ones in yellow are FN. The tractsarCST (left, right), CG (left, right) and UF (left).
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FIGURE 6 | In each row, in column(A), we show the tract obtained with LAP-based segmentation (LR) with highest DSC score among all test subjects, together
with the related ground truth (GT). In columi{B), we show the one with lowest DSC score, together with the grond truth. The streamline of salmon color are TP, the
ones in green are FP and the ones in yellow are FN. The tractsarand UF (right), IFOF (left, right) and ILF (left, right).
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15 examples of the example set and pooled all the obtaindd the same way, all streamlines in the example ttactvere
segmented streamlines. Followikigo et al. (2015)we excluded represented as vectors using the previous prototypes. For éach o
all streamlines distant more than 200 units (in Mahalanobighose vectors, we computed 500 nearest neighbors frorkdhe
distance) from their corresponding example streamline arehth tree of Tg and de ned the superset of the ground trutp as their
ranked the remaining ones according to the number of timesyth union. Then, in order to compute the reduced cost matrix, the
were selected by di erent examples. AsYino et al. (2015)we  MAM distance between the each streamline in the example tract
de ned the resulting segmented tract as the set of streagslthat  ta and those in the union set, were computed. Finally, the LAPJV
were selected by at least half of the examples. The qualityeof thlgorithm was applied to the constructed cost matrix, in order to
segmented tract, with respect to the ground truth, is repoited obtain the corresponding streamline from a single exampl (
Figure 4, as DSC, see the blue bars. Afterwards, we proceeded to the second step, considering
The segmentation of a single tract took, approximately, frommultiple examples, i.e., the same anatomical tract from the 15
half an hour to more than two hours, depending on the size of theexample subjects. We repeated the segmentation procedure as
tracts. The segmentations were conducted on a modern deskt@bove for each of the 15 examples, obtaining 15 segmented.tract
computer, speci cally with an Intel Xeon processor, 16 Gb ofAfter computing the union of those 15 sets of streamlines, we
RAM, 8 cores. The segmentations were computed in parallelanked the streamlines according to the frequency in whicdyt
one example per core. Our implementation was in Python codegppeared in the segmentations, as described in section Biz2.
using the Free/OpenSource libraries NumPy, SciPy and DiPyresulting segmentation of tract of ground truth traig, that we
The core part of the computation, i.e., the computation of allreferred to a$g, was obtained by taking the rsh streamlines in
pairwise Mahalanobis distances, was implemented in C largguaghe ranking, wheren is the median number of streamlines among

usingscipy.spatial.cdist() . We could notuse the GPU the example tracts.

implementation of NN_MULTI_ATLAS mentioned itYoo et al. We qualitatively evaluated our proposed segmentation

(2015) because not provided by the authors. method rst with the DSC and then with the ROC curve analysis
(see later). We measured the degree of overlap between the

5.4. Tract Segmentation with LAP tract segmented by the LAR} and the ground truth tractfg,

As mentioned in section 3, our proposed LAP-based supervisgrough the DSC, at the voxel-level. We computed the average
tract segmentation method consists of two parts: (i) Tracend standard deviation of the mean DSC values for each tetstra
correspondence from a single example, through LAPJV and (ifyom the 15 subjects of the test group. The results are repanted
merging of the correspondences from multiple examples througfrigure 4.
ranking. Here we discuss the choice of the parameters in each We implemented the proposed LAP-based approach with a
part. combination of Python and Cythdﬁ code, leveraging Numpy,
As described in section 3.2.1, tract correspondence from QciPy, scikit-learn (fok-d tree) and Pymatgen (for LAPJV).
single example was obtained by solving the LAP between th&e developed a parallel version of the proposed method in
streamline of the example and those of the target tractogran®rder to compute the segmentation of multiple subjects at the
with the rectangular LAPJV. Due to the computational cost @ th same time, across the available cores of the CPU. On average,
algorithm, we could not directly apply it to the full cost matri on a modern desktop computkl, for each subject, the DR
computed between the streamlines of the example tract and ttt@ok approximately 30 seconds of computation time, whereas
whole set of streamlines of the target tractogram. For thason, the k-d tree construction needed 20 seconds, for the whole
the LAPJV algorithm was applied to a reduced cost matrix. Thérain tractogram. The correspondence with LAPJV required 10—
reduced cost matrix was computed by considering only a subs80 seconds per tract, depending on the number of streamlines
of the streamlines of the target tractografa, speci cally the of the tract. In total, the segmentation of one tract from 15
union of all 500 nearest neighbors of the streamlines in th&xamples required less than two minutes of computation. The
example tracta,i 2 1,:::,Ng We expect such union set to be a software implementation of the proposed method is available
superset of the ground truth tratg and we motivate the choice of under a Free/OpenSource license from here: https://githublcom
500 neighbors below, see section 3.2.1kigdre 10 Inthisway, FBK-NILab/LAP_tract_segmentation.
instead of computing a cost matrix of size (approximatelyj 10 We further validated our proposed segmentation technique in
1P and solve the corresponding LAP, we reduced the problem t8 visual wayFigures 5 6 presents tracts as segmented by our
a cost matrix of size approximately2010°. In order to compute ~ proposed segmentation method (LAP) and the corresponding
such superset, we used the dissimilarity representation (DRyround truth (GT). For all the tracts considered in this
and akd-tree. According taOlivetti et al. (2012)40 prototypes experiments, we report the segmentations with highest DSC
were selected from the whole brain tractograis, using the (rst column) and lowest DSC (third column), together with
SFF heuristic and the MAM distance function. With them, wethe respective ground truths (second and fourth column).he t
computed the DR, i.e., a 40-dimensional vectorial represiema  gure, for LAP, we indicate the correctly segmented streagg
of each streamline ing. Afterwards, we put such vectors in
a kd-tree, using the implementation provided by scikit-le¥tn

1n case of ROC/AUC computation, such number varied, in order to explore
sensitivity and speci city of the method.

Shttp://nipy.org/dipy. Lhttp://cython.org/.

LOhttp://scikit-learn.org. 138 cores CPU, Intel Xeon 3.50 GHz, 16 Gb RAM.
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(TP) in salmon color and the incorrect ones (FP) in green. Fo
GT, we indicate again the TP of LAP in salmon color and the
missed streamlines (FN) in yellow color.

5.5. LAP vs. NN: ROC/AUC Analysis
We further investigated the di erences between the proposed
method, based on the LAP, and the onerafo et al. (2015based
on the nearest neighbor (NN) strategy. Here, our main aim is
to make the most direct comparison between the two di erent
principles used to nd corresponding streamlines: LAP using a
joint minimization of distances over all streamlines (imposed
by the one-to-one constraint) and NN using insteacgeeedy
distance minimization of each streamline, individually.

We noticed thatthe NN_MULTI_ATLAS method &foo et al.
(2015)di ers from the proposed one on multiple aspects: the
embedding procedure (re-sampling to 32 points vs. dissintylari
representation), the streamline distance function (Mahalas
VS. MAM), the re nement step (majority-vote ranking with two FIGURE 7 | Comparison of the results between NN_DR_MAM and
thresholds vs. nesting of two rankings and median threshold NN_MULTI_ATLAS. For each of the 10 tracts of the 15 test subjés (10 15)
see section 3.2.2) and the minimization function (NN vs. DAP | D 150 points in total), the graph reports DSC computed with NNDR_MAM
Since we are interested only in the last one of such di erences (*-3xis) and the NN_MULTI_ATLAS method (y-axis).
we wanted to avoid the e ects of the other di erences which
could be confounds a ecting the result. For this reason, we
created a di erent NN implementation, based on the DiRd

subjects, when the number of example tracts varied from 1 to

::rzl(laé dMl\/lAl\'Yl ggtaaiiﬁagﬂétzgéﬁggé Z%g&%mﬁbf_ﬁp:&?f;g %5. Due to the variability of anatomy across subjects, fpan
- .= ' - — “larger set of examples is desirable for segmenting. Expgcted|

In section 3, we have already shown that with these new eltsmen

; . . - all graphs show an increase in the score when the number of
we can retrieve the nearest neighbor streamlines in a vergt sh . . .
. i~ ) ; S . examples increases. The increase between 10 and 15 is modest,
time (milliseconds), making this alternative implemengetiof

NN very convenient from the computational point of view indicating that 15 examples are a meaningful example set gize fo

with respect to the one offoo et al. (2015)Despite all the segmenting.

. . . . . ) In Figure 1Q we show the e ect of using di erent numbers of
di erences introduced in our implementation of NN, we veri ed nearest neighbors of example tract when computing the superset
that the quality of segmentation of NN_DR_MAM did not 9 P puting P

substantially di er from NN_MULTI_ATLAS. InFigure 7, we on which the LAP is carried out. The graphs show the ROC/AUC

- : . . score for each tract of interest, averaged over the tesest#j
report the DSC values obtained with the two |mplementat|onsWhen the number of neiahbors span from a few tens o 1000. A
over all 150 segmented tracts. The interpolating line, oletai 9 P :

with a robust linear regression algoritif has a slope of 0.89, small number of neighbors for each example streamline result

. - . - in a small superset. It is expected that, if such superset is too
showing that NN_DR_MAM is equal or marginally superior to o . ’ .
NN_MULTI_ATLAS. small, then it might not contain all the streamlines of theteat

In Table 2 we report the summary of the results of thetarget tract, i.e., the ground truth, preventing the proposédL

ROC/AUC analysis of NN_DR_MAM vs. LAP, where the method to get good quality of se_gr_nentatlon. In other words, a
. . o . too small superset acts as an arti cial upper bound on the score
threshold changed during the sensitivity/speci city an&ywsas
. ; . of LAP. Nevertheless, all the graphs show that, when the numbe
the number of streamline considered starting from the tophe

ranking. InFigure 8 we report the detailed ROC curves for eachOf neighbors is gbove a.200, such ISsue completely disappears,
. for all tracts. Notice that, in the experiments, we always Ul
tract, macro-averaged over the 15 test subjects.

neighbors, a value which safely larger and, thus, justi ed.

5.6. LAP Segmentation: Number of
Examples and of Neighbors 6. DISCUSSION

In this last part of the experiments, we investigated the e dct o

two important parameters on the proposed LAP segmentationn this section, we discuss the results obtained in sectiemd

(i) the number of example tracts, i.e., 15 examples, and (&) thshow their impact on our claims.

number of nearest neighbors when building the superset for We performed a set of experiments where the proposed

massively reducing the computational cost of LAP. LAP-based segmentation method is compared against two

In Figure 9, we plotted the quality of the segmentation in alternative methods: (i) the commonly used automatic ROI-

terms of ROC/AUC score for each tract, averaged over all tebtased segmentationZlang et al., 20)0and (i) a recent
example-based multi-atlas method based on the idea of

14The Huber regression algorithm. correspondence implemented with the nearest neighbor
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FIGURE 8 | Receiver operating characteristic (ROC) analysis betweesegmented tracts and ground truth tracts for the NN_DR_MAM Bd the proposed LAP. Each
sub gure shows the average ROC curve for each tract averaged wer 15 subjects. For each tract the voxel information has caider for the ROC curve analysis and
For each subject different thresholds has chosen.
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algorithm (NN_MULTI_ATLAS) (roo et al., 2016 The quality is able to segment tracts much better than the automatic ROI-
of segmentations of 10 tracts for 15 test subjects, obtabyed based segmentation and remarkably better than example-based
each of the 3 methods, was scored according to their voxesegmentation with the NN strategy. Additionally, notice ttoar
overlap (as DSC) with the ground truth, obtained throughresults independently reproduce the result reported/oo et al.
WMQL (Wassermann et al., 20)L.Figure 4 reports the result (2015) on a di erent dataset, where the multi-atlas NN method
of average DSC for 10 tracts, averaged over 15 test subjeastperformed the ROI-based segmentation.

For each tract, three bar plots are reported, one for each Across all tracts, our method showed strongly improved
segmentation method, along with the standard deviation ofesults, in terms of voxel overlap, with respect to ROI-based
mean. The bar-plots show that proposed LAP-based methosegmentation, usually doubling (or more) its score, i.eomf
0.15 to 0.40 vs. 0.45 to 0.75. The result from the ROI-based
segmentation approach is indeed quite modest with respeceo th
other methods, as already seeryino et al. (2015)This could be
due to the limitations of registration, occurring when aligg the

test subject to the cortical atlas.

Figure 4showed that LAP-based segmentation is a substantial
improvement over the NN-based method who et al. (2015)
Nevertheless, we conducted a further analysis to make defkta
and more general comparison between the greedy optimization
of the NN strategy, which de nes the corresponding streawsin
as those with minimum distance, and the proposed solution
based on the LAP, whicjointly minimizes the distances among
all example streamlines and the target tractogram, intraaigic
a one-to-one constraint. Our claim is that the segmentation
with the NN strategy may fail in some cases, like when there
is still a local systematic displacement between homologous
anatomical structures, after the tractograms of the exampik a
target subjects are registered. In such cases, the travesegd
with NN will be under estimated, sdegure 1 Di erently, the

FIGURE 9 | Change in the AUC score with the number of examples tracts. one-to-one constraint of LAP should force the correspondenc
The plot reports the average Area Under Curve (AUC) scoresrften tracts to correctly follow such displacement.
over 15 subjects. Expectedly, the AUC score increases as thaumber of In order to conduct a careful analysis without confounds. we

examples increase.

implemented an alternative version of the multi-example NN

FIGURE 10 | Change on the AUC score with the number of the nearest neightrs for each streamline in example tract used to compute the sperset of each
example, in order to sparsify the cost matrix of the LAP. Thelpt reports the AUC scores for ten tracts over 15 subjects ashie number of nearest neighbors increases
from 60 to 1,000. After 100 neighbors the results are stablei.e., the target tract is always included in the superset.
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segmentation algorithm of oo et al. (2015)in order to match tracts, should be improved. As it is clearly visibleFigures 5 6,
all the aspects of the proposed LAP-based segmentation methamlumn B, some of the ground truth tracts are questionable,
see section 5.5. We supported such argument by showing thatg., CST Right and ILF left, and could be easily challenged
our implementation, called NN_DR_MAM, provides equivalentby an expert neuroanatomist. If the ground truth is poor, we
results to that ofYoo et al. (2015)called NN_MULTI_ATLAS, cannot expect example-based segmentation methods to succeed
seeFigure 4. Then, we conducted a ROC/AUC analysis betweeifhe common use of WMQL for de ning the ground truth is
NN_DR_MAM and our LAP-based segmentation. Figure 8 appealing because of its low cost: like in our case, obtaining
we presented the ROC curves for each tract of interest, awtrag800 high-quality segmentations from expert neuroanatomists
over the 15 test subjects. Those curves are summarized would be vastly beyond reach from a single research group.
Table 2 where the ROC/AUC scores are reported. The LAPAt the same time, the limited quality of some of the tracts
based segmentation always obtains high ROC/AUC scores, i.kmits the generalization ability of example-based methodss T
0.75-0.90, always remarkably higher than the ones of NN, i.dimitation is also a call to our community to collaboratiyedhare
0.63-0.81, proving our claim. Notice that this result is eversegmented tracts by experts, in order to reach su cient numsbe
more insightful than that ofFigure 4, because the ROC/AUC to enable creation and assessment of higher-quality autioma
analysis is independent from the arbitrary choice of the nemb methods.
of streamlines for the target tract that we de ned as the raedi One important question is about the size of the example set,
value of the size of the example tracts. In other words, tlsgltés  that we set to 15 examples in our study. Given the variability o
independent from the choice of the threshold that we introddc  white matter anatomy in the healthy population, it is important
with the proposed method. to understand what is the trade-o between the cost of acogri
Another important aspect of the proposed method is itsmore examples and the gain in quality of segmentation. We
computational cost. In the experiments, we have shown that thanalyzed this aspect and reported the resultEigure 9, where
time required to segment one tract from 15 examples may bee observed the expected increase in ROC/AUC score when
even more than two hours of computation, when using the NNincreasing the number of examples used by the proposed LAP-
method of Yoo et al. (2015)Instead, the proposed LAP-basedbased segmentation method. This increase con rms whaadlye
segmentation requires only a couple of minutes of computationhas been observed ifoo et al(2015see Figure 11 there) for the
obtaining also a higher quality of the results. Neverthgles case of NN-based segmentation and, in comparison to that study
with the e cient computational tools of the dissimilarity in Garyfallidis et al(in presssee Tables 1, 2 there, in particular
representation ank-d tree adopted for the proposed method, wethe Jaccard indéR), where a variation of the NN from a single
also implemented an alternative version of the multi-exanife  example is presented. For our LAP-based segmentation, we also
segmentation method, called NN_DR_MAM. We have showrobserved moderate improvement of the quality of segmentatio
that it requires even less time than the LAP-based segnientat when using more than 10 examples, justifying the choice of 15
and obtains comparable results to those/ob et al. (2015)0ur  presented in this paper. Of course, such result may be limited by
fast implementation of NN-based segmentation from multiplethe quality of the ground truth tracts. With more homogeneous
examples is comparable to thatlodibra et al. (2017 terms of  ground truth tracts, we might expect a steeper curve than the
speed-up. one in Figure 9, which would shift the desirable size of the set
Despite all the positive results, there is notable varigbilit of examples to a higher value.
in the quality of segmentations of all methods, includinggeth  Although our proposed LAP-based tract segmentation
proposed LAP-based one. Figures 5 6 we show 20 examples method showed very positive experimental results, there is a
of segmented tracts obtained with the proposed LAP-basectitical parameter: the threshold that de nes the number of
method, together with the respective ground truth (GT) obd  streamlines for the segmented tract. In this work, we de sadh
with WMQL. There, we show 2 examples of segmentations fahreshold as the median value among the sizes of the example
each of the tracts of interest. These two examples are the otracts. The median is a simple sensible choice because it is the
where the LAP-based method obtained the highest DSC scoreimber that deviates less from what has been observed in the
(column A) and the one with lowest DSC score (column B).example set. Moreover, it is more robust to outliers than the
The salmon-colored streamlines are the correctly segndentesample mean value. Nevertheless, such threshold is based only
ones (TP). The green streamlines are the incorrectly setgden on example data and ignores the speci city of the test subject.
ones (FP) and the yellow streamlines are the missed ones (FN)is current limitation reveals an implicit assumption of our
In column A (highest DSC), for all the 10 tracts consideredmethod, as well as the ones based on NN, i.e., that the nuniber o
in this study, the large majority of streamlines are corkgect streamlines of the tract of interest across all subjectsiishoot
segmented. Di erently, in column B (lowest DSC), many tractschange much. Besides the unavoidable subject variabilitiya
are poorly segmented. This fact occurs for two reasons: rstyhite matter anatomy, the main implication of this assumption
despite remarkable progress with respect to previous automatis that example and target tractograms should have a similar
segmentation methods, the proposed LAP-based segmentationmber of streamlines. Frequently, this is the case onlyndile
cannot be considered as a nal answer. The problem of autanati
tract segmentation, even with the support of multiple exa'rmjleSJBGiven the much larger size of the segmented tract with respect tgrhend

still have substantial room for future improvement. Secgndl yih, the main value to consider against other segmentation westis the Jaccard
the quality of the ground truth, both for examples and testindex.
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tractograms are generated with the same tracking algoriimaeh
same parameters. Di erent tracking algorithms, or even dire
parameter values, usually result in signi cant di erencesan

of the results presented in this work by adding higher-quyalit
tracts segmented by expert neuroanatomists, thus extendimg th
current large dataset of 300 tracts used in our experiments.

number of streamlines of the tractogram. As a consequenc&econdly, we plan to address the limitation of de ning theesiz
both NN and LAP algorithms should not be used on nonof the target tract just from the examples, i.e., with the media
homogeneous (or inhomogeneous) sets of tractograms, at thalue, that currently does not adapt to the target tractograim

current state.
The one-to-one constraint

introduced by the LAP-

conclude, we plan to address automatic segmentation between
tractograms generated from di erent tracking algorithmsdan

based segmentation gives a clear advantage over NN-baseith dierent parameters values. This last challenge should
segmentation but, sometimes, it can be seen as a limitatiohave an important impact on the adoption of supervised

Even in the case of homogeneous tractograms, the number

afitomatic segmentation systems, because we cannot expect to

streamlines of a given tract of interest may substantiallyy va always have segmented tracts from homogeneous tractograms
across subjects. In such case, each LAP will nd the exact sardaring deployment. In such cases, practitioners should previd
number of streamlines between example and target tractograrhomogeneous segmented examples before being able to use the
which may be sub-optimal. In future, we plan to re ne and partly supervised segmentation systems at their best.

relax this constraint to nd a more convenient compromise

between the who extremes of NN and LAP.

7. CONCLUSIONS AND FUTURE WORK
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