
Neuroinformatics
 

Information-theoretic approach for automated white matter fiber tracts reconstruction
--Manuscript Draft--

 
Manuscript Number: NEIN-D-11-00045R2

Full Title: Information-theoretic approach for automated white matter fiber tracts reconstruction

Article Type: Original Article

Keywords: Diffusion MRI;  Tractography;  Seeding;  white matter

Corresponding Author: Ferran Prados
Graphics and Imaging Laboratory
Girona, SPAIN

Corresponding Author Secondary
Information:

Corresponding Author's Institution: Graphics and Imaging Laboratory

Corresponding Author's Secondary
Institution:

First Author: Ferran Prados

First Author Secondary Information:

Order of Authors: Ferran Prados

Imma Boada

Miquel Feixas

Alberto Prats

Gerard Blasco

Josep Puig

Salvador Pedraza

Order of Authors Secondary Information:

Abstract: Fiber tracking is the most popular technique for creating white matter connectivity
maps from diffusion tensor imaging (DTI).

This approach requires a seeding process which is challenging because it is not clear
how and where the seeds have to be placed.  On the other hand, to enhance the
interpretation of fiber maps, segmentation and clustering techniques are applied to
organize fibers into anatomical structures. In this paper, we propose a new approach to
automatically obtain bundles of fibers grouped into anatomical regions. This method
applies an information-theoretic split-and-merge algorithm that considers fractional
anisotropy and fiber orientation information to automatically segment white matter into
volumes of interest (VOIs) of similar FA and eigenvector orientation. For each VOI, a
number of planes and seeds is automatically placed in order to create the fiber
bundles. The proposed approach avoids the need for the user to define seeding or
selection regions. The whole process requires less than a minute and minimal user
interaction.

The agreement between the automated and  manual approaches has been measured
for 10 tracts in a DTI brain atlas and found to be almost perfect (kappa>0.8) and
substantial (kappa>0.6).

This method has also been evaluated on real DTI data considering 5 tracts. Agreement
was substantial (kappa>0.6) in most of the cases.

Powered by Editorial Manager® and Preprint Manager® from Aries Systems Corporation



Neuroinformatics manuscript No.

(will be inserted by the editor)

Information-theoretic approach for automated white

matter fiber tracts reconstruction

Ferran Prados · Imma Boada · Miquel

Feixas · Alberto Prats-Galino · Gerard

Blasco · Josep Puig · Salvador Pedraza

Received: date / Accepted: date

Ferran Prados

Graphics and Imaging Laboratory, University of Girona, Spain.

Tel.: +34-972-418823

FAX: +34-972-418792

E-mail: ferran.prados@udg.edu

Imma Boada

Graphics and Imaging Laboratory, University of Girona, Spain.

Miquel Feixas

Graphics and Imaging Laboratory, University of Girona, Spain.

Alberto Prats-Galino

Human Anatomy and Embryology Unit, Faculty of Medicine, University of Barcelona,

Barcelona, Spain.

Gerard Blasco

MRI Center, IDI, Radiology Department, Hospital Universitari de Girona Dr Josep Trueta,

Girona, Spain.

Josep Puig

MRI Center, IDI, Radiology Department, Hospital Universitari de Girona Dr Josep Trueta,

Girona, Spain.

*Manuscript
Click here to download Manuscript: main.ps Click here to view linked References

http://www.editorialmanager.com/nein/download.aspx?id=11483&guid=5e0c22de-b4a6-46e6-b348-01c67baf97a2&scheme=1
http://www.editorialmanager.com/nein/viewRCResults.aspx?pdf=1&docID=376&rev=2&fileID=11483&msid={36455C15-E41B-46B9-9277-D9A9DAE42451}


2 Ferran Prados et al.

Abstract Fiber tracking is the most popular technique for creating white matter

connectivity maps from diffusion tensor imaging (DTI). This approach requires

a seeding process which is challenging because it is not clear how and where the

seeds have to be placed. On the other hand, to enhance the interpretation of fiber

maps, segmentation and clustering techniques are applied to organize fibers into

anatomical structures. In this paper, we propose a new approach to automati-

cally obtain bundles of fibers grouped into anatomical regions. This method ap-

plies an information-theoretic split-and-merge algorithm that considers fractional

anisotropy and fiber orientation information to automatically segment white mat-

ter into volumes of interest (VOIs) of similar FA and eigenvector orientation. For

each VOI, a number of planes and seeds is automatically placed in order to create

the fiber bundles. The proposed approach avoids the need for the user to define

seeding or selection regions. The whole process requires less than a minute and

minimal user interaction. The agreement between the automated and manual ap-

proaches has been measured for 10 tracts in a DTI brain atlas and found to be

almost perfect (kappa > 0.8) and substantial (kappa > 0.6). This method has also

been evaluated on real DTI data considering 5 tracts. Agreement was substantial

(kappa > 0.6) in most of the cases.
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1 Introduction

Diffusion tensor imaging (DTI) is a widely used technique in the investigation

of brain structure and function since it allows in vivo identification especially

of white matter regions. It has become progressively more relevant to everyday

clinical practice in different neurological pathologies such as vascular, tumoral or

degenerative diseases in which an accurate anatomic knowledge of the white matter

is needed [7,18,39,13,23].

DTI characterizes the water diffusion in tissue on a voxel by voxel basis repre-

senting the local diffuse behavior of water in a voxel by a second order symmetric

positive tensor D. This information combined with fiber-tracking techniques al-

lows us to generate connectivity maps that represent the spatial organization of

human white matter [28,3]. The most popular fiber tracking representation is the

streamline-based approach, which assumes that the direction of fibers is collinear

with the maximum diffusivity direction, i.e., the main eigenvector of tensor D.

Streamline techniques start placing a set of seeds and, for each seed, trace a path-

way that follows the maximum diffusivity direction until the boundary of the data

set is reached or the value of certain measures at the current curve point lies

outside a previously specified admissible range of values.

Seeding (or placement of seeds) is a key step of the fiber tracking process. To

carry out this step two basic alternatives can be considered: the brute-force ap-

proach, that places seeds all over the volume, and the region-based approach, that

places seeds in the regions-of interest (ROIs) determined by the user. The brute-
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force approach is computationally more expensive than the ROI-based seeding but

it guarantees that all tracks are detected. However, the large amount of generated

fibers may turn into cluttered images that make the interpretation and extrac-

tion of useful information from the maps difficult. To enhance its interpretation,

different strategies have been proposed. Amongst them, tractography segmenta-

tion techniques [32,33], clustering methods, such as closest point, the mean, or

the Hausdorff distances [47,6,11,32,19,17], and atlas-based segmentation strate-

gies [25,45,26,31,32].

The ROI-based approach is computationally less expensive, however, it could

be more time consuming since it requires a skilled operator to delineate the ROIs

corresponding to the tracks of interest [28,34,30,9]. Moreover, since the approach

is completely user dependent, its reproducibility is limited.

Several techniques have been proposed to automate the ROI definition process,

such as atlas-based strategies [48,49,24]. The idea of these methods is simple

because an expert defines 3D ROIs in a representative 3D brain image, denoted

atlas. This atlas, with the pre-defined ROIs, is linearly or non-linearly warped to

the subject data. The accuracy of the warping of the atlas to the subject and the

feasibility of tract reconstruction are the main limitations of the approach [49].

In this paper, we propose a new VOI-based approach that allows us to auto-

matically and almost interactively create bundles of fibers grouped into anatomical

regions. Our method uses an information-theoretic split-and-merge algorithm that

considers the fractional anisotropy (FA) and also the fiber orientation information

to automatically define VOIs. For each VOI, the user fixes a seeding rate and, then,

fiber tracking is performed. To enhance the interpretation of the created fiber map,

a different color is assigned to each one of the VOIs and this is also used to color
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the fiber tracks. The main advantage of this approach is that it requires minimal

user interaction and hence the reproducibility is ensured. This method has been

validated through comparison with the manual one. For the tests, two different

datasets have been considered, the DTI-based human brain atlas ICBM-DTI-81

from the Laboratory of Brain Anatomical MRI from the Johns Hopkins University,

and DTI data from different healthy subjects.

2 Material and Methods

2.1 MRI Data

DTI data sets have been obtained from five volunteers. Informed consent was

obtained from all subjects in accordance with the guidelines of our institutional

review board for human subject studies. Images were obtained using a Gyroscan In-

tera NT 1.5 Tesla (T) scanner (Philips Medical Systems, Best, Netherlands) whose

hardware consists of 22 mT/m gradients and maximum slew rate of 120 mT/m.

DTI data were acquired by using a single-shot echo-planar imaging sequence with

parallel-imaging scheme (acceleration factor of 3) using b values of 0 and 1000

sec/mm2. Coverage of the full cerebrum was obtained by acquiring fifty-five 2.5

mm slices without gap. Imaging matrix was 96× 96 zero filled to 192× 192, with

a field of view of 230×230 mm and resultant voxel dimensions were 1.2×1.2×2.5

mm3. Other imaging parameters used were TR = 9500 msec, TE = 79 msec, and

NEX = 5. The datasets were acquired along 15 different diffusion directions.

Furthermore, a volumetric T1 weighted fast field echo was acquired for anatomic

guidance. Scan parameters were field of view equal to 240 × 240, TR = 25 ms,
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TE = 4.6 ms, FlipAngle = 30o and voxel size equal to 1 × 1 × 1 mm. Total scan

time for each volunteer was 25 min. approximately.

2.2 The DTI-based human brain atlas

The DTI-based human brain atlas has been obtained from the International Con-

sortium for Brain Mapping (ICBM) database. This atlas is based on probabilistic

tensor maps obtained from 81 normal subjects acquired under an initiative of the

ICBM. The subjects were healthy right-handed adults ranging from 18 to 59 years

of age. A hand-segmented white matter parcellation map was created from this

averaged map. This map can be used for automated white matter parcellation.

The precision of the affine-based image normalization and automated parcellation

was measured for a group of normal subjects using manually defined anatomi-

cal landmarks. For the tests we have considered the parcellation provided by this

second atlas.

2.3 Automated fiber reconstruction algorithm

2.3.1 Overview

The kernel of the information-theoretic approach for automated white matter fiber

tract reconstruction is the split-and-merge strategy applied to decompose the DTI

volume in a set of VOIs. Before defining the details of this strategy, we give a global

view of the whole approach composed of seven steps (Fig. 1). We also show an

example of the obtained result for each step. In the first step, from the DTI data

we generate both the FA and the RGB maps representing the main diffusivity
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Fig. 1 Pipeline of the proposed approach. The core of the method is the split-and-merge

algorithm. (a) FA and RGB maps, (b) VOIs obtained from the splitting process, (c) VOIs with

FA> 0.4, (d) VOIs obtained from the merging process. (e) seed placement, and (f) obtained

tracks.

direction e1 (Fig. 1(a)). In the second step, we apply a splitting process (described

in detail below) to decompose the volume in regions (Fig. 1(b)). These regions are

represented as nodes of a hierarchical data structure. In the third step, from this

hierarchical structure, we eliminate the terminal nodes with FA ≤ 0.4, considering

that the FA of a node is the mean of the FA of all the voxels represented in the

node (Fig. 1(c)). In the fourth step, we apply a merging process (described in

detail below) that returns the final VOIs corresponding to the terminal nodes of

the hierarchical structure (Fig. 1(d)). The fifth step is optional and consists in the

edition of the results. The user can apply boolean operations to the VOIs that

have been automatically obtained. In the sixth step, the user defines a seeding

rate for each VOI and we automatically place the corresponding seeds (Fig. 1(e)).

In the last step, we perform the fiber tracking using the Lazar [22] technique. We

assign a different color to each VOI and this is used to render the generated fibers

(Fig. 1(f)).
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2.3.2 Split-and-Merge Algorithm

The core of our approach is the new split-and-merge algorithm used to decompose

the DTI model in a set of VOIs. This algorithm is based on the information-

theoretic 2D split algorithm described in Appendix A.

Different measures to quantify the diffusion tensor properties have been pro-

posed [35,44,10,41,37]. Generally, these measures are computed from eigenvalues

λ1, λ2, and λ3 (λ1 ≥ λ2 ≥ λ3 ≥ 0), and eigenvectors e1, e2, and e3 that are ob-

tained from the diffusion tensor diagonalization [4]. To graphically represent the

measures grey or color coded maps are used.

To reach our goal, instead of considering the original DTI data, we take as

input of the method two different measures that can be derived from DTI: the FA

values, represented by a grey scale volume, and the main diffusivity direction e1,

represented by an RGB volume, where R, G and B correspond to the X, Y and Z

components of e1.

The proposed split-and-merge algorithm proceeds in two different phases. The

first one is the split phase that extends the 2D partitioning algorithm presented by

Rigau et al. [38] (see Appendix A) to a 3D volume data set. The main novelty in

our 3D algorithm is that the FA and RGB values are considered together in order

to segment the volume (or define the VOIs). Unlike the original 2D split algo-

rithm, where only one information channel is taken into account, four information

channels are now defined, respectively, between the random variable V , which rep-

resents the set of obtained VOIs, and the histograms of random variables FA, R

(red), G (green) and B (blue), which represent the input data. In all cases, the bins

of these histograms are normalized in the range [0..255]. To start the split phase,
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the full volume is taken as the initial partition and it is progressively subdivided

using planes in the X, Y or Z directions according to the maximum mutual infor-

mation (MI) increase for each partitioning step (see Appendix A). This increase

is obtained by the sum of the specific MI increments of each channel. The process

stops when the mutual information ratio (MIR) provided by the user is reached.

The mutual information ratio is now defined as

MIR =
I(V, FA) + I(V,R) + I(V,G) + I(V,B)

H(FA) +H(R) +H(G) +H(B)
, (1)

where the terms I(V, .) and H(.) express, respectively, the information gain ob-

tained using the different channels and the entropy of random variables FA, R, G

and B. Finally, the split phase returns a binary space partition of the volume data

set coded in a hierarchical data structure.

As we have mentioned, before starting the merging, we remove the VOIs (ter-

minal nodes of the created tree) with the mean of FA less than 0.4. We consider

that these nodes are not good candidates for seeding since we can not ensure

that their fibers are coherently organized [1,28,37]. The second phase of the algo-

rithm performs the merging of the VOIs according to the directional information

of the fibers contained in them. That is, we successively merge the terminal nodes

that have the lowest directional dissimilarity and the same dominant direction (or

color). Remember that the directional information of each terminal node is coded

as an RGB value, obtained from the mean of RGB values of all voxels of the node.

The dissimilarity between two neighbor terminal nodes is calculated by the Eu-

clidean distance between their respective RGB values. Thus, since we only merge

VOIs with the same principal color, the main merging criterion is given by the

minimum directional dissimilarity. Observe that, if we do not introduce a specific
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Fig. 2 VOIs obtained at different levels of the merging process with MIR = 0.5. The number

of VOIs is (a)125, (b)100, (c)75 and (d)50.

stopping criterion (i.e., a predefined number of nodes), the merging process will

end when adjacent VOIs have a different color.

The obtained nodes are the VOIs where seeds will be placed. It is important to

emphasize that the proposed algorithm is completely automatic and only requires

the definition of a MIR parameter and, if desired, the final number of VOIs.

To store all computations, the algorithm creates a hierarchical data structure

that allows us to obtain and consult intermediate results. These results are given

by images that can be obtained interactively. Therefore, the user can consult them

before selecting the final option. Fig.2 illustrates results of the merging at different

levels of the process. All the images have been obtained with MIR = 0.5, and from

left to right the number of VOIs is 125, 100, 75 and 50, respectively.

At the end of the algorithm, the results can be edited by the user before starting

the next phase. In this edition step, voxels can be added or removed from the VOIs

and also boolean operators between VOIs can be applied. As we will see in the

results section, in most cases, the required edition is minimal.
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2.3.3 Seeding

To avoid seeding all the VOIs we propose to automatically define ROIs into the

VOIs. These ROIs are created as follows. First, we consider the dominant direction

of the VOI, which is obtained from the mean of RGB values of all voxels of the

VOI. Then, we compute the intersection planes perpendicular to the dominant

direction. These intersection planes are considered as ROIs and can be used as

seeding planes or as reception planes. The reception planes are used to determine

if a fiber has to be considered or not as a member of the anatomical region to be

reconstructed. We have imposed the restriction that all reconstructed fibers in a

VOI have to intersect two reception planes.

The user determines the number of planes to be placed and the number of

seeds per voxel contained in the ROI. The number of planes is expressed as a

percentage (%) with respect to the size of the VOI. Then, we automatically place

the planes or ROIs. We start placing the first ROI in the middle of the VOI

and the subsequent ones at the same distance from the first one in the opposite

directions. In addition, for each VOI we define two reception planes. Although they

can be located in different positions of the VOI, we have experimentally observed

that the best results are obtained when they correspond to the two largest planes

located between the middle of the VOI and its extremes. In the second column of

Fig. 7 and 8, we show the VOIs and the reception planes automatically created to

reconstruct different anatomical structures.

Finally, seeds are randomly placed in the seeding planes and the fiber tracking

algorithm is applied. The obtained fibers are colored according to an arbitrary

color assigned to the VOI at the end of the split-and-merge process. In this way,



12 Ferran Prados et al.

the created fibers can be seen as bundles of fibers corresponding to the created

VOIs. Note that during all the process the user interaction is minimal.

2.4 Manual Fiber Reconstruction

To create the manual fiber reconstruction for the real DTI data, a medical ex-

pert considered eight different anatomical structures: the corticospinal, the corpus

callosum, the cingulum, the inferior fronto-occipital fasciculus left and right, the

superior longitudinal fasciculus left and right, and the middle cerebellar peduncle.

For each subject, the medical expert defined these structures as follows. First,

he defined different ROIs to reconstruct the evaluated structures using the 3D

editor of AMIRA [40]. Then, since the corticospinal tract is composed by the

fibers that traverse the middle pons and finish at the subcortical white matter [16,

27], the expert drew one square ROI at the base of the middle pons and a VOI

covering all the subcortical white matter located above the slice corresponding to

the superior part of the corpus callosum, mainly containing the frontal and parietal

lobes. To define this last region, the T1 image has been segmented using SPM5 [2],

obtaining three probability maps: grey matter (GM), white matter (WM), and

cerebrospinal fluid (CSF). To select cortical grey matter voxels, a threshold of 0.7

has been applied to the GM probability map. It has been experimentally proven

that this threshold value separates the GM voxels with a high probability [29].

The obtained mask (GMm) has been superimposed with the T1 image and the

misclassified voxels have been removed by editing manually. Since the obtained

VOI only contains the voxels upper to the axial plane superior to the thalamus,

the medical expert has applied a three step process to obtain the subcortical white
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matter VOI: (i) the mask (WMm) from the probability map of white matter with

a 0.7 threshold has been obtained, (ii) a dilatation of three voxels of GMm have

been performed, and (iii) the intersection of WMm and the dilated GMm has been

carried out obtaining the subcortical white matter VOI.

To define the structure of the corpus callosum [46,27] the 10 mid-sagittal slices

of the WMm have been selected and four rectangular ROIs have been defined

around it. Three of these ROIs have been used to obtain the fibers of the genu,

the body, and the splenium of the corpus callosum, and the fourth has been defined

to avoid the association with corpus callosum of fibers from the corticospinal tract.

The cingulum has been selected from the subcortical white matter VOI by

considering the underlying cingulate gyrus voxels and adding two perpendicular

squared ROIs at the extremes. The VOIs defined on the high resolution T1 image

have been registered with the b0 images using a 12-parameter affine registration.

To define the inferior fronto-occipital fasciculus, two ROIs along the course of

the inferior fronto-occipital fasciculus [8,42] in the coronal plane of the T1 images

at the level of the anterior commissure and the pontine crossing fibers have been

placed, respectively. The defined VOIs have been registered with the b0 images

using a 12-parameter affine registration.

The superior longitudinal fasciculus has been defined as in Bernal et al. [5],

placing bilaterally squared ROIs at the triangular-shaped region lateral to each of

the corticospinal tracts in a coronal plane along the rostral aspect of the corpus

callosum. A sagittal colored based FA image has been used to determine the

rostral endpoint of the superior longitudinal fasciculus fibers in the white matter

pertaining to specific gyri or pars of the frontal lobe.
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To obtain the middle cerebellar peduncle two ROIs have been defined, the first

one placed across the pons, for selecting lateral fibers contained in this region, and

the second one, on the cerebellum.

After defining all the VOIs, to reconstruct the fiber tracks, three seeds per

voxel have been placed all over the brain and, then, the Lazar method [22] has

been applied. We have only considered the fibers intersecting the defined VOIs

and, for each one, we have created a mask containing all the voxels intersected by

the fibers of the corresponding structure.

For the evaluation of the DTI brain atlas we have selected from the white

matter parcellation map, provided together with the DTI brain atlas, the following

structures: the corticospinal tract left and right, the corticospinal tract complete,

the corpus callosum, the cingulum, the inferior fronto-occipital fasciculus left and

right, the superior longitudinal fasciculus left and right, and finally the middle

cerebellar peduncle. To create the tracts, we applied the Lazar method [22] with

one seed per voxel in voxels with FA > 0.4. The stop criteria in all the cases is

FA < 0.2 and the angle < 70o. To delineate the fiber bundles more accurately,

the medical expert has defined some selection ROIs, in addition to the provided

parcellation, following [10,8,42].

2.5 Evaluation Metrics

To evaluate the accuracy of the proposed approach we compared the automated

tracking results with the manually-based tractography results for the set of selected

anatomical structures.
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The spatial matching between manual and automated results was examined us-

ing the kappa analysis [21]. The automated and manual tracking results were first

converted to binary images with the same dimension as the DTI data (181x217x181),

where the value 1 was assigned to the voxels occupied by the tracts and the value

0 tot non-occupied voxels. The two tracking results were then superimposed, and

voxels were classified into three categories: (1) voxels that did not contain the

tract in either trial (nn); (2) voxels that contained the tract in only one of the two

trials (pn, np); and (3) voxels that contained the tracts in both trials (pp). The κ

(kappa) value of the manual and automated reconstruction of selected tracts was

calculated. According to the Landis and Koch criterion [21], a κ value of 0.11−0.2

is considered slight, 0.21−0.4 is fair, 0.41−0.60 is moderate, 0.61−0.80 is substantial,

and 0.81− 1.0 is almost perfect agreement.

2.6 Software for the automated white matter fiber tracts reconstruction

The proposed approach for automated white matter fiber tracts reconstruction

on a DTI data set has been implemented and integrated as a new module of the

DTIWeb platform developed in our laboratory [36]. This new module provides a

user interface for entering all the parameters required by the method. The software

provides details of the different steps carried out by the process and allows to

visualize in 2D and 3D the partitioning and merging results, the position of the

planes and the location of the seeds. It also allows to obtain statistics of the number

of fibers, number of traversed voxels, etc. The user can interact with the obtained

visualization and perform boolean operation between the obtained regions.
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3 Results

All the experiments presented in this section have been carried out on a Laptop

with a Core 2 Duo-2.5Ghz and 3Gb RAM.

3.1 Setting algorithm parameters

Our approach requires two parameters: MIR, for controlling the splitting phase,

and the number of regions that the merging phase has to return. To determine the

values of both parameters we have performed the following experiments consider-

ing the two testing data sets, the atlas and the five controls DTI data.

First, to determine the optimal MIR, we have evaluated the increase of MIR

that is obtained for different partitions, i.e., different levels of splitting and also

the computation time required to obtain the partitions. The obtained results are

plotted in Figure 3(a), where axis x corresponds to the total MIR, i.e., the ac-

cumulated MIR at the current partition, and axis y represents the increase of

MIR obtained with the current partition. We also record the computation time

of splitting. This is plotted in Figure 3(b) where x represents the MIR and y the

computation time in seconds. The red plot represents the average of the results

for each of the controls and the blue plot corresponds to the atlas. Observe that

in both cases computation time increases much more rapidly than the increase of

MIR when MIR > 0.4 (see Figure 3). Therefore, we consider that a trade-off be-

tween MIR and processing time is achieved when 0.4 ≤MIR ≤ 0.5. Computation

time is higher for the atlas because it has a higher resolution than the real DTI

data.
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Table 1 Number of nodes generated at the different steps of the split-and-merge process.

Split-and-merge computation time in seconds.

Controls After splitting With FA ≥ 0.4 After merging Time

Control 1 1474 130 28 40

Control 2 2241 293 46 44

Control 3 2441 294 43 46

Control 4 1955 207 37 42

Control 5 2223 225 43 45

The proposed method, once the splitting phase has finished, removes the nodes

with FA < 0.4 and then performs the merging of ’similar’ nodes. To stop the

merging process, we can give the MIR or the number of final VOIs. To analyze

the effect of these alternatives we have performed two different experiments. The

first experiment considers the five controls DTI data and performs merging until

no more partitions (or VOIs) can be merged since their dominant direction is

different. In Table 1 we illustrate the evolution of the whole process. From left to

right, we have reported for each of the subjects the number of terminal nodes at

the end of the splitting step, after removing partitions with FA < 0.4, and after

the merging step. We have also recorded in the last column the computation time.

Note that during the splitting process the algorithm approximately decomposes

the volume in 2000 partitions. Almost 70% of regions are discarded since their

mean is FA < 0.4. The merging phase returns between 30 and 40 VOIs.

The obtained results for the Atlas dataset and for one of the controls are shown

in Figure 4. Note that the main anatomical structures are detected. A similar

behavior has been obtained with the other subjects. Observe that although the

splitting step uses horizontal and vertical planes to decompose the volume and
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(a) (b)

Fig. 3 (a) The plot represents the average for 5 controls of the increase of MIR obtained

with each new partition where axis x corresponds to the accumulated mutual information

ratio (MIR). (b) Average computation time in seconds for 5 controls according to MIR (axis

x).

this will not result in meaningful anatomical regions, when the merging phase is

applied these regions are more correctly delineated.

The second experiment has been carried out on the DTI brain atlas. In this

case we have considered the 10 selected regions of interest, the left and right corti-

cospinal tract, the complete corticospinal tract, the corpus callosum, the cingulum,

the left and right inferior fronto-occipital fasciculus, the left and right superior

longitudinal fasciculus, and the middle cerebellar peduncle. We have analyzed the

number of regions obtained at different levels of the merging process (see Figure 2).

We have observed that when the number of regions is 90, the selected structures

can be identified and only some boolean operations are required (see Figure 4(b)).

3.2 Determining the seeding rate

To determine the seeding rate, we have considered the two testing data sets and for

each evaluated structure, a different number of planes and also a different number

of seeds for the voxels contained in the planes.
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(a) (b)

Fig. 4 Volumes of interest (VOIs) obtained automatically using the proposed approach with

(a) MIR = 0.4 for one of the testing data sets and (b) MIR = 0.5 for ICBM-DTI-81 atlas.

The VOIs are labelled following [27], where ACR: anterior corona radiata, CC: corpus callo-

sum, CING: cingulum, CST: corticospinal tract, IFO: inferior fronto-occipital fasciculus, ILF:

inferior longitudinal fasciculus, MCP: middle cerebellar peduncle, ML: medial lemniscus, PTR:

posterior thalamic radiation and SLF: superior longitudinal fasciculus.

For each structure, we have defined two reception planes corresponding to

the two largest planes located between the middle of the VOI and its extremes

following the dominant direction of the VOI. Then we have defined 10%, 25%, 50%,

75%, and 100% of planes, where the % represents the number of planes with respect

to the length (in voxels) of the VOI in the dominant direction, the 100% case is

when the number of planes is equal to the length of the VOI. To evaluate the effect

of a different number of seeds we have placed from 1 to 6 seeds per voxel. After

the seeds have been placed, we have applied Lazar method [22] to reconstruct the

bundle of fibers representing the anatomical structure. Then, we have created the

masks composed of voxels intersected by the fibers of each of the studied structures.
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(a) (b)

Fig. 5 Representative subset of the agreement results between automated and manual meth-

ods for different structures of the DTI-atlas considering different (planes, seeds) configurations.

CST: corticospinal tract, CC: corpus callosum, CING: cingulum, MCP: middle cerebellar pe-

duncle, IFO: inferior fronto-occipital fasciculus, SLF: superior longitudinal fasciculus.

Finally, we have tested the spatial matching agreement between automated and

manual methods by kappa values. Fig. 5, present the results obtained for the DTI

brain atlas and Fig. 6, for the controls. In Table 2 and 3, the best, worst and

average of the agreement between automated and manual methods over the DTI

brain atlas and subject DTI data are given, respectively.

In Fig. 7 and 8, visual comparison between the manual and automated meth-

ods are shown for the cases with the best and worst agreement. From left to right,

we present the manual reconstruction, the VOIs and the reception planes auto-

matically defined, and the automated reconstructions with the best and worst

agreement, respectively.

Fig. 9 plots the computation time required to perform the split-and-merge

steps for the different evaluated (planes, seeds) configurations.
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(a) (b)

Fig. 6 Representative subset of the agreement results between automated and manual meth-

ods for different structures of the DTI data considering different (planes, seeds) configurations

(average of 5 controls). CST: corticospinal tract, CC: corpus callosum, CING: cingulum, MCP:

middle cerebellar peduncle, IFO: inferior fronto-occipital fasciculus, SLF: superior longitudinal

fasciculus.

4 Discussion

In this paper, we have presented a new approach for automated white matter fiber

tracts reconstruction based on information-theory. The basis of our approach is an

information-theoretic split-and-merge algorithm where fractional anisotropy FA

and fiber orientation are used for automatic VOI definition. These VOIs do not

aim at representing the structure of interest but define a region to place seeds in

order to reconstruct the bundle of fibers corresponding to the structure. The de-

fined VOIs are used to place seeds and we avoid seeding all the brain. This method

is completely automatic and only requires the definition of some input parame-

ters required by the split-and-merge process. This is an important feature of the
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Fig. 7 From left to right, we present, for the DTI brain atlas, the manual reconstruction,

the VOIs and the reception planes automatically defined with MIR = 0.5, and the automated

reconstructions with the best and worst agreement, respectively. The evaluated structures

are the corticospinal tract, the corpus callosum, the cingulum, the inferior fronto-occipital

fasciculus, the superior longitudinal fasciculus, and the middle cerebellar peduncle.
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Fig. 8 From left to right, we present, for the real DTI data, the manual reconstruction, the

VOIs and the reception planes automatically defined with MIR = 0.4, and the automated

reconstructions with the best and worst agreement, respectively. The evaluated structures

are the corticospinal tract, the corpus callosum, the cingulum, the inferior fronto-occipital

fasciculus, the superior longitudinal fasciculus, and the middle cerebellar peduncle.
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Best Kappa Worst Kappa Average

CST-L 0.807 (10%,3) 0.745 (100%,6) 0.787 ± 0.019

CST-R 0.721 (100%,2) 0.656 (10%,1) 0.705 ± 0.013

CST 0.821 (50%,1) 0.787 (10%,1) 0.808 ± 0.008

CC 0.977 (50%,6) 0.606 (10%,1) 0.964 ± 0.096

CING 0.873 (10%,4) 0.585 (10%,1) 0.846 ± 0.064

IFO-L 0.753 (100%,1) 0.711 (25%,6) 0.723 ± 0.010

IFO-R 0.764 (100%,6) 0.575 (10%,1) 0.674 ± 0.044

SLF-L 0.805 (75%,6) 0.638 (10%,1) 0.792 ± 0.035

SLF-R 0.725 (100%,6) 0.377 (10%,1) 0.628 ± 0.085

MCP 0.722 (10%,1) 0.618 (100%,6) 0.654 ± 0.029

Table 2 Best, worst and average of the agreement between automated and manual methods

over the DTI brain atlas for the ten evaluated tracts (average of 30 seeding possibilities cor-

responding to the evaluated (planes, seeds) configuration). The best and the worst result is

accompanied by its corresponding configurations given as (planes, seeds). CST: corticospinal

tract, CC: corpus callosum, CING: cingulum, IFO: inferior fronto-occipital fasciculus, SLF:

superior longitudinal fasciculus, MCP: middle cerebellar peduncle.

approach since it ensures the reproducibility of the white matter reconstructions.

We want to emphasize that the whole process requires less than a minute and

hence reduces considerably the time spent with manual approaches. A limitation

of the approach is the determination of the level of accuracy of the merging step.

Although we can observe on-line the VOIs obtained by this step, the final selec-

tion depends on the user. In the case of the splitting phase, we have been able

to propose a set of optimal values taking into account the increase of information

and the computation time.

The approach has been tested on a DTI brain atlas and real DTI data. The

matching between the manual and automated approaches achieves the best results



Automatic white matter fiber tracts reconstruction 25

Best Kappa Worst Kappa Average

CST 0.562 (100%,4) 0.375 (10%,1) 0.541 ± 0.041

CC 0.725 (100%,6) 0.453 (10%,1) 0.687 ± 0.065

CING 0.702 (100%,6) 0.399 (10%,2) 0.617 ± 0.086

IFO-L 0.722 (100%,4) 0.475 (10%,1) 0.678 ± 0.061

IFO-R 0.735 (100%,6) 0.408 (10%,1) 0.668 ± 0.075

SLF-L 0.598 (75%,4) 0.377 (10%,1) 0.581 ± 0.045

SLF-R 0.600 (75%,6) 0.226 (10%,1) 0.509 ± 0.085

MCP 0.605 (100%,6) 0.448 (10%,1) 0.575 ± 0.037

Table 3 Best, worst and average of the agreement between automated and manual methods

over the five controls for the eight selected tracts (average of 30 seeding possibilities corre-

sponding to the evaluated (planes, seeds) configuration). The best and the worst result is

accompanied by its corresponding seeding configurations given as (planes, seeds). CST: corti-

cospinal tract, CC: corpus callosum, CING: cingulum, IFO: inferior fronto-occipital fasciculus,

SLF: superior longitudinal fasciculus, MCP: middle cerebellar peduncle.

Fig. 9 Plot with computation time in seconds (Y axis) corresponding to different number of

planes and seeds (X axis). The time includes the cost of the split and merge algorithm, and

the seeding and the track reconstruction steps. Time is the average of 5 controls.
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with the DTI brain atlas. In this case, for all the structures, the best kappa is > 0.7

leading to a substantial and almost perfect agreement in some cases. For the struc-

tures that achieves an almost perfect agreement, the (planes, seeds) configuration

is not the maximal one. This demonstrates that the proposed approach is capable

of reproducing these structures with minimal user interaction. The worst results

are achieved when the lowest (planes,seeds) configuration is applied. In this case,

the kappa value is moderate. The results obtained with real DTI data are not

as satisfactory as the previous ones. Matching is substantial for all the evaluated

structures except for the corticospinal and the superior longitudinal fasciculus,

which is moderate. If we compare the number of planes and seeds with the ones

used for the DTI brain atlas, we observe that more seeds are needed. The worst

results are achieved with the lowest seeding configuration (10%,1). The results

obtained with real DT data will probably be improved with the pre-processing of

input data [20] or a regularization process [14,43,15].

Our approach considers FA and fiber direction to define the VOIs. The fact

of considering direction, in some cases, leads to the definition of more than one

VOI (i.e., superior longitudinal fasciculus or middle cerebellar peduncle) or a VOI

containing only a part of the structure (i.e., inferior fronto-occipital fasciculus or

corpus callosum). However, when planes and seeds are automatically placed, the

structure is correctly created. This may be a limitation at the beginning since it

will be difficult for the user to know if boolean operations have to be applied or

not, or if the current VOI decomposition is the best one. However, this knowledge

can be acquired by using the environment.

Our approach considers FA and fiber direction to define the VOIs. Considering

direction, in some cases, leads to the definition of more than one VOI (i.e., superior
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longitudinal fasciculus or middle cerebellar peduncle) or a VOI containing only a

part of the structure (i.e., inferior fronto-occipital fasciculus or corpus callosum).

However, when planes and seeds are automatically placed, the structure is correctly

created. This behavior may create confusion to the user since he can consider that

boolean operations are required to better reconstruct the VOI when in fact are

not needed. We consider that this will be a limitation at the beginning since it will

be difficult for the user to know if boolean operations have to be applied or not,

or if the current VOI decomposition is the best one. However, this knowledge can

be acquired by using the environment. Another critical situation that has to be

mentioned is the reconstruction of tracts that run near each other for a distance

(i.e., fronto-occipital and occipitotemporal fibers (see Figure 7 and 8)). In these

cases the method groups the fibers into a single cluster instead of two. To overcome

this limitation we added a new edition functionality that allows the user to modify

the intersection planes that have been automatically obtained and the definition

of new planes (see Figure 10). With this new functionality and the knowledge of

the structures a correct reconstruction can be obtained.

In conclusion, we introduce an automated approach for DTI-based tract re-

construction. For the DTI-atlas a high level of agreement was found between the

manual and automated approaches. The results obtained with real DTI data are

not so satisfactory because only substantial agreement is achieved. However, these

can be improved using a pre-processing step. As a future work we will do a fur-

ther study with real DTI data considering more controls and also pre-processing

techniques to improve the results. In addition, we aim at studying the possibility

of defining automatically the number of planes and seeds of each VOI by using

information-theoretic measures.
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(a) (b) (c) (d)

Fig. 10 Fiber reconstruction of inferior fronto-occipital and occipitotemporal fibers obtained

(a-b) before and (c-d) after modifying the planes that have been automatically placed. R1

and R2 are the original planes and R3 is the plane defined by the user. Applying the NOT

operation to R3 the fibers intersecting this plane are removed.

5 Information Sharing Statement

To download the DTIWeb application please visit site: http://trueta.udg.edu/DTI/

and follow the related instructions. There are three additional links two to the

datasets, and the other to the DTIWeb help manual.
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Appendix A - 2D Image Partitioning Algorithm

Rigau et al. [38] proposed an information-theoretic partitioning algorithm. In this algorithm,

the partitioning of a 2D image is guided by the maximization of mutual information gain and

is constructed from an information channel X → Y between the random variables X (input)

and Y (output), which represent, respectively, the set of regions X of an image and the set of

intensity bins Y. The basic notions of information theory can be found in Cover and Thomas’s

book [12].
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To describe the method, first, we define the information channel and, then, we review

the partitioning algorithm. The channel X → Y is defined by a conditional probability ma-

trix p(Y |X) which expresses how the pixels corresponding to each region of the image are

distributed into the histogram bins. Note that the capital letters X and Y as arguments of

p() are used to denote probability distributions. For instance, while p(X) represents the input

distribution of the regions, p(x) denotes the probability of a single region x.

Given an image with N pixels, the three basic elements of the channel X → Y are:

– The conditional probability matrix p(Y |X), which represents the transition probabilities

from each region of the image to the bins of the histogram, is defined by p(y|x) =
n(x,y)
n(x)

,

where n(x) is the number of pixels of region x and n(x, y) is the number of pixels of region

x corresponding to bin y. Conditional probabilities fulfill
∑

y∈Y
p(y|x) = 1, ∀x ∈ X .

– The input distribution p(X), which represents the probability of selecting each image

region, is defined by p(x) =
n(x)
N

(i.e., the relative area of region x).

– The output distribution p(Y ), which represents the normalized frequency of each bin y, is

given by p(y) =
∑

x∈X
p(x)p(y|x) =

n(y)
N

, where n(y) is the number of pixels correspond-

ing to bin y.

The mutual information (MI) between Y and X is given by

I(X,Y ) =
∑

x∈X

p(x)
∑

y∈Y

p(y|x)
p(y|x)

p(y)
(2)

and represents the shared information or correlation between X and Y . It is important to note

that the maximum MI that can be achieved in the partitioning process is the entropy H(Y )

of the histogram, given by

H(Y ) = −
∑

y∈Y

p(y) log p(y). (3)

The entropy H(Y ) represents the information content of the image.

The partitioning algorithm is a greedy top-down procedure which partitions the image in

quasi-homogeneous regions. The partitioning strategy takes the full image as the unique initial

partition and progressively subdivides it with vertical or horizontal lines chosen according to

the maximum MI gain for each partitioning step. This algorithm produces a binary space

partition (BSP) driven by the maximum information gain and stops when a given mutual

information ratio MIR =
I(X,Y )
H(Y )

or a predefined number of regions is achieved.
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