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Abstract—Accurate and efficient white matter fiber tract important step in DTI-based white matter fiber analysis.
segmentation is an important step in clinical and anatomich Over the past few years, a number of white matter tract

studies that use diffusion tensor magnetic resonance imagj segmentation schemes have been published. These apmoache

(DTI) tractography techniques. In this work, we present a nael hiv fall into th ¢ . : . | di .
technique to group white matter fiber tracts reconstructed fom roug _y all-in 9 ree categories, I.e., visua _ISsem:Ilau-
DTI into bundles using Nonnegative Matrix Factorization (N\MF) ~ tomatic clustering and atlas based segmentation. Conturo e

of the frequency-tract matrix. A fiber tract is quantified by al. [8] proposed a visual dissection method to interacivel
Fourier descriptors in terms of frequencies. Fourier desciptors  select fibers passing through one or more user defined ROIs
derived from the shape signature, the central angle dot prodct, in the process of DTI fiber tracking. This approach can also

are used to construct the nonnegative frequency-tract matk b dt tomically impl ible tracts. But it i
which is analogous to the term-document matrix in the documst € used 1o remove anatomically implausible tracts. but 1t 1s

clustering context. In the NMF derived feature space, eachdsis time-consuming to segment large amounts of arbitrarilypsda
vector captures the base shape of a particular fiber tract budle. fibers with complex structures. Good knowledge of brain e/hit
Each fiber tract is represented as an additive combination of matter anatomy is necessary for this method.

the base shapes. The cluster label of each fiber tract is eagsil In the second category methodologies, Ding et al. [9]

determined by finding the basis vector with which a fiber tract . 7 . .
has the largest projection value. Preliminary experiment&results bundled fiber tracts by finding the corresponding portion of

with real DTI data show that this method efficiently groups tracts @ fiber that has pointwise correspondence to a portion of
into plausible bundles. This indicates that NMF may be usedn another fiber. Burn et al. [10] described a normalized cuts

fiber tract segmentation with appropriate fiber tract encodings.  clustering algorithm. Gerig et al. [11] and Corouge et a2][1
introduced Hausdorff and similar distance metrics to icifi
model tract’'s shape characteristics. relationship Otfie33,

The human brain’s white matter contains complex neurfl4] emphasized their efforts mostly on the development of
pathways that are vital for the communication of informatiobetter clustering algorithms. Batchelor et al. [15] coneghar
between functional gray matter regions. Diffusion tensagm several mathematical tools including link, principal campnt
netic resonance imaging (DTI) is a type of diffusion weighteanalysis (PCA) and the Euclidean distance of Fourier dgscri
magnetic resonance imaging (MRI) technique based on meers to study the relative spatial configurations of traject
suring the Brownian motion of water molecules in isotropic qpairs and indicated that these measures could be used in
anisotropic media [1]. It is the only means currently aMal#da classifying and clustering the reconstructed fiber curves.
for in vivo investigation of human brain connectivity. With The third type of tract clustering techniques are based on
DTI datasets, the white matter fibers can be reconstructecheural path atlas built in advance or drawn or selected
using a class of techniques called tractography [2], [3], [4manually by users [16], [17]. Knowledge of a fiber bundle
[5]. DTl and white matter tractography play a crucial role ifis a requirement of this type of approaches.
understanding anatomical connectivity and functionajtiog These existing methods have their advantages and disadvan-
between regions of the brain, and in clinical applicatiomshs tages and generate different clustering results of fibatdra
as neurosurgery planning and brain disorder diagnosi$qb], The challenge that we face is to model a fiber tract with a

The most popular tractography techniques construct whitepresentation method to separate fiber tracts belonging to
matter fiber tracts as streamlines [2], [3]. A group of fibacts distinct bundles while grouping tracts of the same bundle.
form a white matter fiber bundle that interconnects gray enatt The contribution of this paper is a novel post processing
regions. Due to the spatial resolution of the currentlylabdé technique for clustering or segmentation of DTI tractograp
DTI datasets, the reconstructed fiber tract streamlinesado meconstructed white matter fiber tracts. Especially, weleynp
correspond to individual axons. Thus, individual streaedi Fourier descriptors to quantify a fiber tract's shape signa-
are of no anatomical significance, unless they form a bundieges and perform segmentation using Nonnegative Matrix
that connects gray matter regions. Clustering recongducfactorization (NMF). NMF has been widely used in many
fiber tract streamlines into meaningful bundles has been applications, including document clustering context. #sh

|. INTRODUCTION



been shown that NMF surpasses singular value decompositiod voxel's diffusion orientatione; is not equivalent to its
(SVD) and the eigenvector based clustering methods in thssociated principal eigenvector in the sense that a difius
sense that NMF produces both reliable and accurate documanigntation is symmetrically bi-directional while a pripal
clustering results [18]. As a result, the advantage of oeigenvector is directional. In order to get the correct glob
method lies in the facts that: (1) Fourier descriptors pievi orientatione,, we need to check the directional consistency of
good representation and normalization of white matter fib#re principal eigenvectors. In detail, we start from any ohe
tracts; (2) each basis vector of NMF has a straightforwathde two end points of a fiber tract and move towards its unique
correspondence with each fiber tract bundle in the frequersyccessive step point. If the dot product between the mahci
domain and thereby fiber tract cluster label can be directygenvector and this initial moving direction is negative
inferred without additional clustering operations. Inaletwe reverse the the principal eigenvector of that point. Then we
construct the nonnegative frequency-tract matrix usingrieo move forward following the direction of this checked pripal
descriptors derived from the shape signature, the cenmigdéa eigenvector. At each intermediate step point, if the dotdpod
dot product. This frequency-tract matrix is analogous te thof the two principal eigenvectors belonging to this stepnpoi
term-document matrix in the document clustering contaxt. nd its previous neighbor are negative, we reverse the one
the NMF derived feature space, each basis vector captugestiblonging to this step point and repeat this procedure until
base shape of a particular tract bundle. These basis veforseach the other end of this fiber tract.
not need to be orthogonal. This is different from the clister ~ The central angle dot product (CADP) shape signature is
methods based on SVD and the related spectral clusterigfined as the absolute value of the dot product between a
methods. In our approach, each fiber tract is represented astep point’s local diffusion orientation and the globafaion
additive combination of the base shapes. The cluster labelasientation of the tract
each fiber tract is easily determined by finding the basisovect le - e,
Withhwhich affibr:er tract has the Iarge(sjt pro:;eﬁtion value. m-

The rest of this paper is organized as follows: Section . . .
describes the methods used in this study. Especially, Eubs&eg Fourier Descr|ptor§ of the Shapfa Signature
tion II-A illustrates a parameter fitting technique to saenpl Ve compute the discrete Fourier transform of a tract as
fiber tracts in equal arc length. Subsection II-B introduttes ! —jomik

] =

fiber tract shape signature. In Subsection 1I-C, we describe F'D(i) = Zs(k) exp(f), 1=1,2,...,0, (1)
the fiber tract encoding by Fourier descriptors derived from k=1

the fiber tract shape signature. Subsection II-D discuss thberes(k), k = 1,2,...,1, is the CADP shape signature at
clustering method using NMF. Section Il gives our prelimithe kth point, andj = /—1. The coefficientsF D (i)

) 1 =

nary results to show the performance of the NMF clustering?2,...,/, are called Fourier descriptors of the shape of a
method. Finally, Section IV concludes this paper. fiber tract. Since the shape signatures that we introduced ar
. METHODS all real values, there are only2 different frequencies in the

discrete Fourier transform. Ifis an odd number, the number of

A. Fiber Tract Parameter Fitting different frequencies igl + 1)/2. In the following discussion,

The backward streamline based DTI tractography technique assume that is even for convenience. Therefore, only a
proposed by Mori and van Zijl [3] is employed in this analysifalf of the Fourier descriptors are needed.
to reconstruct white matter fiber tracts. This tractography Fourier descriptors transform the fiber tract shape from the
technique produces fiber tracts as spatial curves in the thgpatial domain into a frequency domain. This eliminates the
dimensional (3D) space with unequal separation distanagdificulty to establish matching correspondence betweem tw
between successive step points. Fourier transform appisacrandomly organized fiber tracts in the spatial domain. The
dependent on the parameterization of the curves. Thisnesjuinumber of coefficients from Fourier transform is usuallygr
the parameterization to be standardized. For this readbn, ut a small subset of these coefficients is sufficient to eaptu
reconstructed tracts are fitted using a fixed geodesic agtHen the general shape features of a fiber tract. The coefficients
Distinct fiber tracts have equal length unit but usuallyetiéint corresponding to very high frequencies are not helpful iarfib
numbers of step points. tract shape differentiation. These high frequency comptne

can be ignored without significant accuracy loss for fibecttra

B. Shape Signature clustering. The lower order components also help filter out

Each step point on a fiber tract has its 3D coordinate®ise dependent perturbations. As a result, the dimendion o
representing its spatial position and a principal eigetorec Fourier descriptors used for fiber tract clustering are ifiign
indicating the local diffusion orientation in a specific @it cantly reduced. In addition, two fiber tracts compared based
falls in. We define a fiber tract’s global diffusion orientati on the Fourier descriptors do not have to have the same
as the accumulation of local diffusion orientations. Assumumbers of step points. Consequently, Fourier descrifians
e ={e1, ez, ..., e;} is the set of local diffusion orientationsbe employed in matching of fiber tracts with unequal length.
of a fiber tract, then the global diffusion orientatienis given To encode a fiber tract with nonnegative values, we discard
by e, = Zﬁzl €. Fourier descriptors’ phase information and keep only their



magnitudes. These magnitudes are all nonnegative. Thos als
makes Fourier descriptors rotation invariant without asglof
encoding accuracy in the context of this study. In the folfayv
discussion, we usg (i) to represent a Fourier descriptor's
magnitude, i.e.,f(i) = |[FD(i)] > 0. We also referf(i)
as a Fourier descriptor for simplicity though it is actually
a Fourier descriptor’'s magnitude. Now, each fiber tract can
be encoded by a encoding vectgr, composed of a set of
Fourier descriptorg = [f(1), ..., f(i), ..., f(m)] with all Fig. 1. lllustration of unclassified and classified CST-MG&ts.
f@)>0fori=1,2,...,m, wherem (< 1/2) is the number

of truncated Fourier descriptors.

(a) Unclassified CST and MCP (b) CST and MCP in two clusters

. _ . o [V — W H]|| is monotonically nonincreasing under the above
D. Clustering based on Nonnegative Matrix Factorization multiplicative method updating rules, and that the coneang

To construct the nonnegative frequency-tract matrix, we p@f the iteration is guaranteed [19].
each fiber tract’s encoding vector, e.g., for e tract, f; = We then use matri¥{ to identify the cluster membership
[fi(1), ..., fi@@), ..., f;(m)] into the jth column of a two of a fiber tract. In detail, for thgth fiber tract, we compare
dimensional (2D) matri¥/. Assumen is the number of fiber entries across rows on thih column of H. Its cluster label
tracts under consideration, the constructed nonnegatitexm is = if 2 = argmax{H,;}.
V' thus has the dimensiom x n. '

We have expressed a set of fiber tracts asnanx n I1l. PRELIMINARY RESULTS
nonnegative frequency-tract matrix. Each columnl/; of V/
is an encoding of a fiber tract in the frequency domain al’llﬂ
each entryy;; of vectorV; is the significance of frequenay tr
with respect to the fiber tract representationlgf

The NMF is defined as finding two low rank nonnegativ
matrix factorsW and H of a given nonnegative matri¥’
such thatV ~ WH [19]. Each column ofi¥ is a basis
vector and each column aff contains an encoding of the
linear combination of the basis vectors that approximdtes t
corresponding column df . W and H each has the dimension
m x r andr x n respectively.r is the number of clusters
selected. Usuallyy < min(m,n). Finding or estimating the
approximate value of depends on applications.

The approach using NMF to obtain factor matrid&sand
H in this study is to minimize the Frobenius norm of th
differenceV — W H, i.e., minimize||V — W H||? with respect

o Fg/ a.?ﬁ i V\gtr: Wi |2 to andngg/z Odfg _eakc):hz’ gnd of matrix H. Its cluster label is identified as the row index
J 119]. he updating ruie fo produce: an IS based on (1 = 1,2) if this row has the larger value than that of another
the multiplicative method proposed by Lee and Seung [19]. iraw

the multiplicative method, we first initializ&” and H with
nonnegative values and then perform iterations for each
andj until convergence. The updating formulas are

The real dataset used to assess the performance of this
ethod is a fiber tract collection consisting of the cortjmnal

act (CST) bundle and the medial cerebellar peduncle (MCP)
bundle. It is denoted as CST-MCP dataset and shown in Fig-
Bire 1(a). This dataset has totally 310 fiber tracts. Figug 1(
illustrates the segmented two subbundles, CST and MCP.
Among the 310 fiber tracts, 199 and 111 of them are grouped
into CST and MCP respectively.

In this test, the first 30 Fourier descriptors derived from
the CADP shape signature of each fiber tract are used to
form the nonnegative frequency-tract matvixwhich thus has
the dimension30 x 310. The cluster number is selected
as 2. After applying NMF, the dimensions of the yielded
nonnegative matrice$ and H are 30 x 2 and 2 x 310
?espectively. For theith (j = 1,2,...,310) fiber tract, we
then compare the values of the two rows on fitle column

Figure 2 graphically demonstrates the entry value compar-
isons between each two rows of the first 10 columns of the
matrix H. Among these 10 fiber tracts, the first and last 3

(WTV)o; (colored in red) are identified as CST. For each of them, the

Haj HQJWH)M ©) entry value on the first row (marked as +) is greater than

that of the second row (marked as 0), and vice versa for the

Wi — W (VHD)ia 3) middle four fiber tracts (colored in blue). Figure 3 shows the
“ “WHHT),, corresponding first 10 fiber tracts colored according torthei

At each iteration,lWW and H remain nonnegative and theCIUSter labels.

columns of W or the basis vectors are normalized to unity.
Updating W and H simultaneously generally yields better
results than updating each matrix factor individually. In this work, we presented a novel technique to group
This multiplicative method is related to the expectatiowhite matter fiber tracts reconstructed from DTI into busdle
maximization (EM) technique used in image processing comhis approach is based on NMF. The construction of the
text and can be classified as a diagonally scaled gradieoinnegative frequency-tract matrix and the encoding off fibe
descent method. It is proved that the Euclidean distantacts were described. Preliminary experimental resuatgeh

IV. DISCUSSION ANDCONCLUSION
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Fig. 3.

Classified first 10 fiber tracts.
[10]

been obtained and show that this technique can efficiently
separate fascicles into plausible bundles.

In summary, NMF has mostly been applied to text mining1
and image analysis. Medical imaging, especially the white
matter fiber tract analysis, may benefit from this technigae a
well. Problems such as identifying significant featuresha t [12]
encoded fiber tracts are natural candidates for applicatidn
NMF. In such contexts, fiber tracts can be treated as anasogou
to text documents and the quantified weights of features [l
term frequencies. The basis feature vectors can be viewed
as analogous to the base topics. With further development,
it may be possible to apply NMF in quantifications of the
deformation of white matter fibers under certain patholsgié
and brain diseases, e.g., tumor, or for clinical studies.
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