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Exploring Connectivity of the Brain's White Matter
with Dynamic Queries

Anthony Sherbondy, David Akers, Rachel Mackenzie, Robemdberty, and Brian Wandell

Fig. 1. The corona radiata. Our system uses dynamic queries to nd structure in neurdivgays suggested by MR tractography.

Abstract— Diffusion Tensor Imaging (DTI) is a magnetic how our system can be used to answer these questions
resonance imaging method that can be used to measure localef ciently.
information about the structure of white matter within the
human brain. Combining DTl data with the computational
methods of MR tractography, neuroscientists can estimate the
locations and sizes of nerve bundles (white matter pathways)
that course through the human brain. Neuroscientists have used

Index Terms— Computer Graphics Interaction Techniques,
Computer Graphics Applications, Visualization, DTI, MR Trac-
tography.

visualization techniques to better understand tractography daa, . INTRODUCTION

but they often struggle with the abundance and complexity of the .. . . .
pathways. In this paper, we describe a novel set of interaction HE brain is a massively interconnected organ. Individual
techniques that make it easier to explore and interpret such neurons in the cortex typically connect to betweeQD

pathways. Specically, our application allows neuroscientists and 19000 nearby neurons within the gray matter. The entire
to place and interactively manipulate box- or ellipsoid-shaped central core of the brain, known as the white matter, com-

regions to selectively display pathways that pass through specic _ . . . ..
anatomical areas. These regions can be used in coordination prises relatively large ber tracts that mediate commutira

with a simple and exible query language which allows for between neurons at widely separated locations. Until thcen
arbitrary combinations of these queries using Boolean logic Scientists have had limited ability to measure these white
operators. A representation of the cortical surface is provided matter connections in human brains.

for specifying queries of pathways that may be relevant to gray  Knowledge about these white matter connections should

matter structures, and for displaying activation information : . .
obtained from functional magnetic resonance imaging. By enhance our understanding of normal brain function. Such

precomputing the pathways and their statistical properties, we kpowledgg Shoyld also help diagnose certain pathological
obtain the speed necessary for interactive question-and-angw disorders in patients. For example, recent research hawslfou
sessions with brain researchers. We survey some questions thatwhite matter pathway syndromes related to language de cits

researchers have been asking about tractography data and sho [17] [20], [9]. Furthermore, an understanding of white taat
All authors are afliated with Stanford University. A. Shmndy structure could help surgeons to avoid damaging important
is with the Department of Electrical Engineering. D. Akers ispathways.

with the ~Department of ~Computer Science. R. Mackenzie, R. \Motivated by such concerns, a new technology called Dif-
Dougherty and B. Wandell are with the Department of Psycholog
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Manuscript received September 13, 2004. invasive way to measure properties of white matter pathways
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Based on magnetic resonance imaging, DTl estimates the [35] for a summary). Direct volume rendering techniques

random diffusion of water molecules within biological ties [15], [16], [34] provide views of the larger trends in the

It is widely believed that water diffuses fastest along théata. These methods are not designed to extract or visualize
length of axons (rather than across their boundaries), lwhiestimated white matter pathways.

suggests that the principle direction of diffusion can bedu® More relevant to our purpose of estimating white matter

approximate the local orientation of nerve ber bundlese€S connectivity are MR tractography techniques that attempt

Basser et al. [5] for a discussion.) to trace white matter pathways from DTI data. Streamlines

The inherent complexity of the diffusion data has motivatefiracking Techniques (STT) trace pathways by following the
a variety of visualization algorithms designed to assigt thprinciple direction of diffusion [21], [7], [5]. Mori et al[21]
researcher in analysis. One class of techniques known deyeloped the Fiber Assignment through Continuous Trackin
MR tractography seeks to trace the principal direction ¢FACT) algorithm, a variable-step STT method that can clkang
diffusion through the tensor eld, connecting points tdgmt directions at the boundary of each voxel. Conturo et al. [7]
into pathways (also referred to in other literature as “beused a constant step size, while Basser et al. [5] suggested
tracts”). As a visual representation, MR tractography idl-we dynamically adjusting the step size to account for pathway
suited to the problem of determining white matter strugtureurvature. Lazar et al. [18] described the tensor-de ectio
since it implies possible anatomical connections betwéen talgorithm (TEND) based on previous work by Weinstein
endpoints of the pathways. [33]. TEND may provide more accuracy in reconstructing

The pathways produced by tractography do not represeetrtain anatomical features. Poupon et al. [24] developed a
individual nerve bers, nor do they represent bundles ofthe regularization technique for improved tracking, and sisgeg
bers. Rather, these pathways are abstract represergatibn ways to model branching of nerve ber bundles. Zhukov and
possible routes through the white matter of the brain. WhiRarr [37] have used regularization based on assumptions of
tractography algorithms typically produce tens of thousananatomical smoothness to extract pathways in the presdnce o
of pathways, neuroscientists now believe that there adén noisy data.
millions of white matter nerve bers grouped into hundreds Many of these techniques have been criticized for their
of major ber tracts. Nevertheless, the tractography eatem inability to handle branching or represent uncertainty, [4]
do have the potential to suggest real neural connectiobsit they have been shown to be capable of recovering ba-
especially when there are additional data to corroborateeth sic anatomical structures [37]. Zhang et al. [36] render the
estimates. This could include post-mortem dissectionsyan resulting pathways as streamtubes, where the cross{saitio
studies, or Functional Magnetic Resonance Imaging (fMRIie streamtube is determined by the two smaller eigem&ctor
fMRI suggests possible connections between regions of thethe diffusion tensor. da Silva et al. [8] use streamtubes
brain's gray matter surface based on correlations in dgtivito visualize differences between diffusion tensor dats,set
[7]; it is particularly compelling since it is non-invasiveke comparing both tractography algorithms and data sets from
DTI. multiple subjects.

Our contribution (extending the work of Akers et al. [3]) Several groups have pointed out the potential value of
is a new interaction technique to assist in the exploratiuh a ltering MR tractography data, both for rendering ef cieyic
identi cation of the pathways suggested by MR tractographgnd simplicity of display. Zhang et al. [36] pre- Iter sti@a
We precompute the pathways and their statistical promertiglbes based on length, average linear anisotropy, anchdéesta
and query the resulting database on-the-y, allowing fosyea Separating neighboring streamtubes. Conturo et al. [7] use
exploration of tractography results using a direct-malaifpon  volumetric regions of interest to select pathways that eshn
interface. We enable the speci cation and interactive mpani anatomically or functionally de ned regions. Wakana et al.
lation of box- or ellipsoid-shaped regions of interest witthe [32] have combined region-of-interest Iters with AND, OR,
brain, making it possible to selectively display pathwayatt and NOT operations to isolate particular neurological path
pass through speci ¢ anatomical regions. The researcher s@ays. All three groups Iter streamtubes as a pre-processin
also use fMRI data to search for pathways that might conneégdep; unlike the present application, those applicationsiat
several functionally-de ned regions of the brain's grayttea describe an interactive ltering technique.
surface. Querying by other path properties such as length an While there has been signi cant progress on DTI visual-
average curvature allows the researcher to further limét tization algorithms, surprisingly little has been writtenoat
data displayed simultaneously, making results more compi@teraction techniques. Zhang et al. [36] have been digmay
hensible. The dynamic query approach enables researcherstteamtubes in a CAVE environment to explore the possbilit
answer speci ¢ questions about brain connectivity withiéms that virtual reality will help doctors to make diagnoses. In
time or effort than is required by existing approaches. addition, interactive volume rendering techniques has® al
been employed for the purposes of DTI visualization [15],
[16], [34].

Our interactive software is based on the principles of direc

A variety of techniques have emerged for the visualizatiananipulation [28], [14] and dynamic queries [2]. An imparta
of diffusion tensor data. Methods based on visual abstmasti motivation for our technique has been the development of
of the tensors have been used effectively to convey infaanat recent methods for visual query and analysis. Hochheiser
about tensors at local scales within the volume (see Westinamd Shneiderman [13] showed the power and simplicity of a

Il. RELATED WORK



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 3

visual query approach for answering speci c questions &boindicates spherical diffusion, as is found in the gray matte
time-series data. By de ning and manipulating rectangulaks FA increases, the diffusion becomes more anisotropic.
regions of interest within the data set, a researcher caldgts FA values near ® indicate either linear (cigar-shaped) or
guantities (e.g. stock prices) that followed certain pateof planar (pancake-shaped) ellipsoids, as are typically donn
behavior over time. Our software can be seen as an applicatibe white matter. As FA approaches 1, the diffusion becomes
of their 2-D spatio-temporal method to the 3-D spatial domaincreasingly linear, indicated by long and thin ellipsoitlée
of the brain. use the precomputed FA values to establish terminatioeriit
for path tracing algorithms (Section 1lI-B), to calculateet
Ill. PREPROCESSING average FA along pathways for query purposes (Section Ill-
D), and in our interactive application to aid in navigation
(Section IV-B). Our decision to use FA was motivated by
All DTI data were acquired from a neurologically normalts widespread adoption in the literature; there is reason t
male human subject aged 35. The DTI protocol involved eigbbnsider alternatives if the goal is to develop new tracpby
three-minute whole-brain scans, averaged to improve Bigmdgorithms. See Westin et al. [35] for a good discussion of
quality. We acquired 38 axial slices for two b-valués: 0 anisotropy measures and their uses in DTI.
andb= 800s=mn¥ along 12 different diffusion directions. We
used a 1.5T GE Signa LX and a diffusion-weighted single-shgt
spin echo, echo planar imaging sequence with a nomx2®2 o )
mmvoxel size (6ansTE; 12sTR; 1 NEX; 90 ip angle; 260 Most existing tractography software traces pathways durin

mMFOV: 128128 matrix size; 110 kHz bandwidth; partial interaction: the user selects a region of interest and tffte so
k-space acquisition). ware traces pathways from seed points within this regiois Th

We also collected high-resolution T1-weighted anatomic@PProach has the disadvantage that path tracing can be time
images using an eight minute sagittal 3D-SPGR sequerfg@Suming, leading to _frustratlng delays during interacti
(1x1x1 mm voxel size). The DTI data were coregistered t§'Stéad, our approach is to precompute pathways that cover
the T1 data by automatically aligning the BO to T1 using H'€ €ntire white matter region “°f the“ brain, then use our
mutual information algorithm [1]. We con rmed that this co-SOftware interface to efciently “prune” these pathways to
registration technique aligns the DTI and T1 images to withNSWer speci ¢ questions. Accordingly, we initialized dee
a few millimeters (except in regions prone to susceptipilitPQiNts for path tracing at every other voxel in each dimemsio
artifacts, such as orbito-frontal and anterior temporgices). €venly sampling the volume with seed points. (A similar

The following anatomical landmarks were de ned in the T£€€ding approach was described by Conturo et al. [7].) This
images: anterior commissure (AC), the posterior comméssifMpling strategy ensured that each white matter regiodwou

(PC) and the mid-sagittal plane. With these landmarks Wi&ve at least some pathways passing through it. However,
utilized a rigid-body transform to convert both DTI and TPecause the pathway shapes cannot be predicted at seeding

data to the conventional AC-PC aligned space. The DTI dd{f'¢; SOme regions contain more pathways than others. In

were then resampled tor@misotropic voxels using a spline- the future we may explore other seeding methods that discard

based tensor interpolation algorithm [22], taking carectte Pathways that are too closely packed, as suggested by Zhang

the tensors to preserve their orientation with respect e tRt al- [36] and Vilanova et al. [31].

anatomy. The registration process took about twenty minute Ve generated our pathways using two standard tractography
When combined with DTI, fMRI allows the neuroscientistg€thods. We chose these two algorithms because they are

to simultaneously view connectivity and activation infation

A. Acquiring and Processing the Data

Precomputing Pathways

simple and have already been compared in the literature [18]

about speci ¢ brain regions [7]. Functional MR data were  STT: This method follows the principal diffusion direc-
acquired with a spiral pulse sequence with 21-30 obliquely o tion throughout the volume. We used a constant step size
ented slices acquired every 2.4 secondsr®0TE; 1:2 s TR; of 2 mm an FA termination threshold of:06, and an

2 interleaves; 70 ip angle; 2x2x3 mm effective voxel size). angular threshold of 90 The paths generated by STT
Each individual functional scan lasted about four minuted a  Often take sharp turns because they always follow the
the subject was given a brief break between scans. Visudl el  largest magnitude eigenvector, even in regions where the
maps were measured using rotating wedge and expanding ring two or three largest eigenvalues are nearly identical.
stimuli. A thorough description of the collection of the fMR TEND: This method uses the tensor at each point to
data and the registration of the data with the high-resmiuti multiply the incoming path vector, resulting in a new
anatomy data is described by Dougherty et al. [10]. We map Vector that is de ected toward the principal direction of
the fMRI data to our cortical surface mesh, as described in diffusion [18]. As with STT, we used a constant step size
Section 11I-C. We demonstrate the coordination of the fMRI ~ of 2 mm an FA termination threshold of:05, and an

data with pathway queries in an example in Section V-D. angular threshold of 90 The paths generated by TEND
We precomputed fractional anisotropy values for each dif- are relatively straight, since TEND avoids sharp turns
fusion tensor. Fractional anisotropy (FA) is derived frone t when it encounters regions of low anisotropy.

normalized variance of the eigenvalues of each diffusiosde To interpolate between tensors during tracing, we used a
[23]. FA is a scalar value that summarizes the anisotrogymple linear interpolation approach [37]. After threshing
of the ellipsoid representation for diffusion. An FA of zerdoy FA, our precomputation process produced aboy0Q6
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pathways, including about 1800 from each algorithm. All (STT or TEND). Querying by the algorithm allows the
26;000 pathways were computed in about ve minutes on an user of our application to compare the results of several
Intel Pentium 1.6GHz PC. tractography algorithms, as described in Section V.

C. Representing The Cortical Surface IV. THE DYNAMIC QUERY APPLICATION

We also precomputed two mesh representations of the corti-This section describes the user interface to the interac-
cal surface to allow a neuroscientist to answer questionstabtive application we have developed. The main purpose of
pathway connectivity to the cortex. First, the white mattasur application is exploratory data visualization: we wémt
voxels were classi ed semi-manually by a neuroscientist imake it easier for neuroscientists to understand the neural
a separate custom software platform [30]. This process ggathways suggested by MR tractography algorithms. Fig. 2
take approximately 30 minutes for the expert to completehows a labeled screen-shot of the application. With our
depending on the success of the automated portion of iieect-manipulation interface, it is possible to identiéynd
segmentation. display pathways that satisfy statistical constraints,that

Next, we used the Marching-Cubes algorithm [19] to obtaigass through speci ¢ volumes of interest (VOIs). The inter-
a triangle mesh for the interface. The resulting corticafezie face consists of three components: The VOI panel (bottom
mesh is complex to navigate on with its many folds andght) allows the investigator to specify box- or ellipseid
creases. To remedy this, we smoothed the mesh usingraped regions for use in queries. The query panel (bottom
windowed sinc Iter [29]. Smoothing the cortical surface svaleft) provides mechanisms to query the pathways based on
rst described by Sereno et al. [27], who used the smoothéstersections with VOIs and statistical properties. Thensc
representation to display fMRI data. In our system, we als@indow (top) displays the currently selected pathways and
used the smoothed cortical surface to help the researchemsgists in navigating the volumetric data space.
perform surface constrained queries, as described indecti We explain the use of this interface in Sections IV-
IV-B.3. The smoothed surface and the original surface ap and IV-C. Please also see the video footage at
stored as unstructured meshes of triangle strips. Bottasairf http://graphics.stanford.edu/papers/dti-query-ekéehfor ex-
meshes utilize the same list of vertex indices; the smoothgghples of its use.
surface is different from the original surface only by v&rie-
cation. For our test subject, the cortical surface reptasens
each contain about 230,000 vertices. The surface triatignla

and smoothing required approximately 2 minutes on &GH&  Before querying the data, an investigator must be able to
Pentium laptop PC. navigate the volumetric data space represented in the scene

window. The investigator can change the camera position and
orientation using a standard trackball/mouse interface.aA

D. Precomputing Statistical Properties of Pathways ' * 9k : A
Besid . h h h | further aid to navigation, the scene window provides three
esides pre_co_mputmg the pathways, the system alSo Phfsveable cutting planes (tomograms), which display planar
computes statistics and other aggregate path informatiain t

: ) - " - reformations of FA data. Features visible in FA are commonly
can be used to specify queries. The statistical criteria awe h

used by neuroscientists to navigate the brain's white matte
chosen are meant as examples, and by no means represent A, ‘oc

exhaustive set. Currently, we calculate and store theviatigp

properties for each pathway: . _ .
Length: Longer paths are less likely to represent redl: SPecifying Dynamic Queries
anatomical connections, since error accumulates duringThere are three ways to specify queries using our interface,
path tracing. Additionally, very short paths are oftems described below.
distracting.
Average Fractional Anisotropy: Pathways that pass 1) Querying By Pathway Statistic©ften a query sequence
through areas of low FA may be less likely to represemegins with the selection of a set of desired pathways based
physical connections. (In these nearly isotropic regionsn the statistical criteria described in Section IlI-D. At se
tractography algorithms differ greatly in how to proceedf slider bars in the query panel allows for the interactive
with path tracing.) speci cation of a range (min, max) of acceptable values. As
Average Curvature: Pathways that make sharp turns arthe investigator drags any slider bar, the matching pateway
often suspect and may represent incorrect connectioase found and displayed in the scene window.
Neuroscientists often have prior knowledge about the
shapes of pathways, and can use this property to remove) Querying By Volumes Of Interes& key feature of our
pathways that do not follow expected shapes. Curvatuapplication involves the use of VOIs to display pathways
is computed for each set of three consecutive points alotigat pass through specic anatomical regions (see Fig. 3).
the path, by using Heron's formula to nd the osculatingdnce speci ed, VOIs can be used to form queries by setting
circle, then computing the reciprocal of its radius. the VOI query expression in the query panel. VOIs can be
Tractography Algorithm : For later querying, the systemcombined using simple AND and OR operations, or by typing
tags each pathway with the algorithm used to generateait arbitrary Boolean logic expression. The VOI editing pane

A. Navigating The Scene
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Tomograms: —_—
Axial, sagittal and
coronal cutting planes of ‘»
fractional anisotropy

values aid in navigation.

Volumes of Interest:
VOIs can be used to
selectively display
pathways that pass
through specific
anatomical regions.

Neural Pathways:
Pathways are rendered as
lines with a simple
random jitter applied to
the luminance.

Status Information: /

Displayed are the current
coordinate system, the
position of each
tomogram, the current
coloring method, and the
number of pathways
matching the query.

Query Settings:

The researcher can
query by tractography
algorithm and control
how the VOI queries
are combined using
logical expressions.

Scalar Value Query Sliders: VOI Controls:

One can remove pathways that do not satisfy Each VOI has its own size, position and label,
maximum or minimum values in length, average and can be constrained to move symmetrically to
FA or average curvature. another VOI in the opposite brain hemisphere.

Fig. 2. The user interface to our pathway exploration software.The interface consists of three components: The VOI panetdimoright) allows the

investigator to specify box- or ellipsoid-shaped regioos dse in queries. The query panel (bottom left) provides mmeisims to query the pathways based
on statistical properties and intersections with VOIs. $bene window (top) displays the currently selected patkveenyd assists in navigating the volumetric
data space. Neuroscientists use the VOI and query contrallpo identify speci ¢ neural pathways, which are therptiiged in the scene window above.

(Fig. 2, lower right) allows for the exact specication ofentist to constrain the motion of a VOI to a representation of
VOI dimensions and position. As a VOI is modi ed usingthe cortical surface. After adding the surface represiemtad

the slider bars or text widgets, the query is re-evaluatéde scene window, the neuroscientist can simply drag a VOI
immediately and the scene window is updated with nealong this surface using the mouse.

pathway information. A VOI can be controlled more directly a¢ gescribed in Section Il-C, we also precomputed a

in the scene window, by using the mouse to click and drag,4thed version of the original surface. By dragging the VO
the VOLI. The investigator simply selects a tomogram angong the smoothed surface, the neuroscientist can easithr
then drags the VOI to any position on the plane. One can algQions of the brain surface that would otherwise be obscure
link two VOls to move them symme_trlcally in opposite brain om view by the many peaks (gyri) or valleys (sulci) of the
hemispheres. This was made possible by aligning the datayigi, - However, this approach is limited by low anisotropy
AC-PC space, which de nes the plane halfway between thg.ar the cortical surface, which causes dif culties forfpat

hemispheres. tracing. Moreover, the cortical surface is not perfectigréd
to the DTI data, because of registration errors caused by the

3) Querying By Surface-Constrained Volumes Of Interestgeometric distortions introduced during DTI data acqigsit

As shown in Fig. 4, our application also allows the neurosdias described in I11I-A). This alignment problem is exacégeba
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(@) (b)

(c) (d)

Fig. 3. Sequence of dynamic queries identifying the spatial orgamation of ber pathways. a) All 13,000 pathways computed using the STT algorithm.
Patterns are dif cult to discern because of visual cluttgrUsing a length lIter, we show only the pathways that areatge than 4cmin length (about 30%
of the total number of pathways). c) By placing VOI 1 in the ssene show only the pathways that pass through the interpaiuta (bottom). d) By placing

VOIs 2 and 3, we obtain a picture showing connections betwleand either 2 or 3.

(@) (b)

Fig. 4. Constraining VOI motion to the cortical surface. a) The cortical surface with an ellipsoid-shaped VOI placeda section of the back of the
brain. b) A smoothed representation of the cortical surfaitk & projection of the same VOI. Both surfaces present a higttensity gray level for gyri and
a lower intensity gray for the sulci. The smoothed surfacewallthe neuroscientist to manipulate a VOI on the corticalaser without the bumps and folds

of the original surface obscuring the view to the VOI.
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by the mesh smoothing we perform. as a hierarchical oriented bounding box (or OBBTree). For
To display the VOI on the smoothed surface, the VOI ihis we used the freely-available RAPID software from the
intersected with the original surface mesh and the regultiiniversity of North Carolina [12]. All VOIs and pathways are
triangles are warped onto the smoothed representationy usiapresented as sets of triangles that can be ef cientlyetest
the one-to-one vertex correspondence. The warped surfémeintersection. The box- or ellipsoid-shaped VOlIs areidti
patch is shaded green, as shown in Fig. 4. To acceler&eriangulate, and the pathways are triangulated as veafl sm
the required picking operations on either surface mesh, weea (long and thin) triangles. Since the RAPID software onl
compute and store octree representations of the meshes. reports object intersections between triangles, our egiin
To provide additional information to the neuroscientist, also tests the endpoints of each pathway to determine whethe
color map can be applied to either surface representatitine pathway is fully contained within the VOI.
Coloring based on curvature helps to convey the shape of th€ueries based on precomputed pathway properties are very
cortical surface, particularly for the smoothed represionn  fast since the precomputed values need only be compared
where the sulci and gyri have been smoothed. In Fig. 4 thgainst the current range of the query. The performance
surface of the smoothed and bumpy meshes both display ligitRAPID is described by Gottschalk et al. [12], but their
shades of gray for peaks and darker shades of gray for valleggecution times are based on an older SGI Reality Engine.
Optionally, the neuroscientist can overlay a color map oRiM In our own benchmarks on a6l GHz Pentium laptop PC,
data. Coloring based on fMRI data allows the neuroscietttistwe are able to intersect a VOI with between;800 and
drive VOI navigation with brain activation information. iBh 220,000 pathways per second, depending on the size of the
was used extensively in Section V-D to guide VOI placemeni¥Ol. (Larger VOIs require more bounding-box tests, since
they intersect with more of the pathways.) This allows us to
C. Pathway Rendering mai_ntain a frame rate o_f 3-8 fps \_/vhile m_anipulati.ng thfa VOls.
While others have used streamtubes to represent athwWhlle not Fhe most ef cient SOIUt'On. for mtersecugn with ou
. . ep P &Yfrent ellipsoid and box VOIs, using RAPID will allow us
[36], we have chosen simply to use lines. Lines can be dra\fvonimplement more complex (e.g. non-convex) VOI shapes in
much faster than streamtubes, and they adequately repre%ag future. without a ma B
s ; : L , jor change in performance.
connectivity mformat.lon of interest to neuroscientists the On average, each pathway consumes approximatel&0
cost of losing local mforn_watlon apogt the underlying ternsoof memory, including the OBBTree structure and the points
data alqng the\ path)."To .V'Sl,“'a"y d|§t|ngU|sh the pathwaes, used for rendering. Accordingly, we use 5MB of memory
use a simple “color J|tter|ng technique. In HSV color spac 0 represent all 2®00 pathways. The cortical surface meshes
we compute a random luminance offset for each pathway. T

) . : ’ d all their accompanying data structures currentl cu
luminance of each pathway is determined at startup and s hgﬁout 160MB of mefnoril/ 'Ighis memory is consumedyb(;ﬁthef)
constant to avoid shimmering artifacts. ]

. : . . ._original surface mesh, the smoothed surface mesh, and the
Differences in hue are used to establish logical groupin

. . N BRtree acceleration data structure.
of pathways, using a process we call "virtual staining'. éjer
the investigator can choose a hue and use it to color all of V. RESULTS

the pathways currently displayed in the scene window. This|n this section we demonstrate some of the capabilities
allows investigators to identify specic pathways and thegf our system. First, we acquired a DTI data set collected
visualize them within their surrounding context: as thergluefrom a single normal subject (described in Section I1I-A).

is modi ed, the original pathways remain stained. Virtuajjsing this data set as input to our system, we identi ed three
staining was used extensively in generating the resulte/ishoypes of queries that are especially useful to neurossisnti

in Section V, and in generating Fig. 1. In particular, we will show how our system has been used to
validate known white matter pathways, to explore previpusl
D. Implementation unidenti ed pathways, and to visually compare tractogsaph

This section describes the implementation details of o@fgorithms. We will then show results of our system in a
interactive application. The program was written entirgly MOre complex neurobiological investigation of the pathsvay
C++, and was designed to work on any modern inexpensiggtween the left and right hemispheres of the retinotopy
PC without any special hardware requirements. The progrdR@P on the cortical surfa<_:e of the brain. All four examples
makes use of the Visualization ToolKit (VTK) [26] for 3DWere produced by a novice user of our system who is a
scene generation and interaction. neuroscientist specializing in brain imaging.

Since data exploration naturally involves making iterativ I
adjustments to qrijeries, our mainygoal has been t% make 'tAHeV‘FJ_‘“datmg Knowr.1 Pathways o _
system immediately responsive when the investigator akmng USIng our dynamic query system, the neuroscientist e_asny
a query. One key to this interactivity is the preprocessirffentied two known neural pathways in the test subject
described in the previous section, but this preprocessingC@ta, the left and right Inferior Longitudinal FasciculLK).
not enough by itself to make our system interactive. Azhown in Fig. 5, these pathways connect the occipital and

runtime, we also need to be able to interactively compufEontal lobes in each hemisphere of the braifo locate the

?ntersect?ons between VOIs and pathways. To facilitaté fasitnere s sl some debate over the extent of the ILF; see Cataal. [6]
intersection tests, our program stores each pathway's g&#pm for a recent discussion.
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(a) (b)

(€) (d)

Fig. 5. Validation of known white matter pathways. The left and right inferior longitudinal fasciculi are knowanatomical pathways that connect the
occipital and frontal lobes in each hemisphere. In four sinspdps, a researcher used the system to produce a visuaesaion of these known pathways.
a) Placing a VOI covering the occipital lobes shows pathwagsluced by our system that may be involved in human visualegieg. b) Placing a second
VOI in the right frontal lobe and using an AND operation shawdy the pathways that traverse between the occipital lotteaaposition on the right frontal
lobe, which are stained blue. c) Moving the second VOI to a syimiposition on the left captures the pathways traversiagyvben the occipital lobe and
the left hemisphere, which are stained yellow. d) Removingstteond VOI from the query shows the results of b and ¢ withéndtiginal set of pathways.
The pathways shown were all produced using the STT algorihthwere also limited to lengths greater thaorto reduce visual clutter.

pathways, rst our neuroscientist test subject placed glsin B. Exploring Unidenti ed Pathways

VOI covering both occipital lobes, revealing neural patiigva o ‘ | bl lorati f [ path that
produced by our system which may be involved in visual ur system also enables exploration of novel pathways tha

processing. Next, he placed an additional VOI in the riglgtould motivate future research. Fig. 6 shows all the patlsway

frontal lobe above the eye and used an AND operation ggnerated by our systgm which bass betvyeen the occipital
show pathways connecting the two brain regions. The ma es (responsible for visual processing). To isolateepegh-

pathways passing between these VOIs comprise the ri ys, the nguroscientist plaqed V.OIS on each of the 'octipita
ILF. Interested to see whether these neural pathways w aes and displayed the conjunction of the VOI queries. The

located symmetrically on both sides of the brain, the redear major_ity of the conr?ections follow a known neura_l pa_thway,
moved the second VOI to a symmetric position in the lefirossing the posterior corpus callosum and terminating at a

hemisphere, identifying the left ILF. Finally, using vie symmetric location in the opposite hemisphere. Interghtin
staining, the neuroscientist separately colored the pmtaw some of them travel forward to cross at what appears to be the

from each hemisphere so that they could be visually compar%‘lvcﬁ]tel_rl'or _corrr:mlsszre, atiTr?" bundle Of" bers cgt?nectlrghthe
This exploration was performed in about ve minutes. 0 hemispheres benearn the corpus caflosum. 1hese paliway

then return back to the occipital lobe. Further research is
necessary to determine whether this anterior pathway Is rea
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Fig. 6. Exploration of candidate neural pathways. The query results
show many pathways (shown in green) re ecting the well-knaennection
between the left and right occipital lobes, passing throtigd splenium.
Intriguingly, the query also suggests a possible connedsbown in purple) Fig. 7.
through the anterior commissure. This suggested pathway nei#tg fiurther

validation research. Our system helps to form such hypethéy allowing

researchers to interactively pose and answer speci ¢ gquesabout connec-
tivity. The pathways shown were all produced using the STgorthm and

were also limited to lengths greater tharceh to reduce visual clutter.

Visual comparison of tractography algorithms. The VOI in this

query is placed within the corpus callosum. The pathways weraputed
using the STT (blue) and TEND (yellow) algorithms. Using wat staining,

a neuroscientist was able to easily inspect the differebgesverlaying the
pathways. While both TEND and STT show callosal projectiansuperior
regions, the TEND pathways also include callosal projestio both temporal
lobes. This example shows the extent to which the two algostban differ.

The pathways shown were limited to lengths greater thaam4to reduce
visual clutter.

In situations like this, our system can help form hypotheses the left hemisphere. Guided by fMRI activation data (as
about novel pathways by allowing researchers to interalgtiv described in Section IV-B.3), the neuroscientist placed V
pose and answer speci ¢ questions about connectivity. Thigthin the calcarine ssure on the right hemisphere and an-
exploration was performed in about ve minutes. other VOI on an interesting visual area on the left hemispher
The neuroscientist then slowly moved the left hemispheré VO
to a location slightly below the previous position. Both \#OI
were then iteratively adjusted to visualize pathway shapk a
As a third example, our system can be used to visuallycation. By performing incremental VOI adjustments on the
compare the pathways estimated by different tractograpbyrtical surface, the neuroscientist was able to explorg ho
algorithms. Fig. 7 shows pathways generated by the STT aggthways may traverse from the calcarine ssure to dorsal or
TEND algorithms (described in Section 1I-B). By virtuallyyentral regions of the visual areas on the opposite hemisphe
staining pathways passing through a region in the corpgsich queries allow for neuroscientists to discover patisway
callosum, the neuroscientist was able to visualize an itapor that they can isolate for further study. The examinationhef t

difference between the two algorithms. The STT algorithrgntire occipital lobe required approximately ten minutes.
following the direction of greatest diffusion at each point

generates only 'U-shaped' pathways. The TEND algorithm
additionally produces pathways passing from the corpus cal
losum to each temporal lobe. As this example illustrates, th This section describes the potential applications of our
pathways generated by these algorithms can differ greaystem, current limitations, and future directions foreagh.
Such visualizations are useful to the neuroscientist who is
uncertain about the reliability of estimates across athors, A. Applications
and to the expert in tractography who wants to understand
the consequences of algorithmic assumptions. This exjpara  Our colleagues in neuroscience stressed the signi cance of
was performed in about ten minutes. this program as an exploratory tool; quickly browsing thgbu
connections in the brain could be invaluable in identifying
o ) ) ) areas of interest for future study. The system could alsistass
D. Investigating Inter-Hemispherical Connections Betweey jantists investigating the neurological bases of diswrdas
Visual Areas has been done with other methods for analyzing DTI data [20],
Neuroscientists can utilize this system to explore conne®], [17], or provide a diagnostic tool for such disorders. |
tions between the left and right hemispheres within visuabuld be employed as an educational aid for students legrnin
areas of the human brain. Fig. 8 shows pathways connectadgput neuroanatomy, as it allows for interactive viewinghef
the calcarine ssure on the right hemisphere and visualsargarimary anatomical pathways.

C. Comparing Tractography Algorithms

VI. DISCUSSION
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(@) (b)

() (d)

Fig. 8. Investigation of connections between hemispheres in the tieotopic map. Guided by the fMRI activation data, a neuroscientist ingadges the
proposed pathways that connect the calcarine ssure onighé memisphere to visual areas on the left hemisphere. a) ARl #dan is mapped to the cortical
surface, in order to guide the neuroscientist to the appatgprisual areas. The fMRI color map can be toggled on and©ff@ls are placed. b) Placing
a VOI in the right hemisphere within the calcarine ssure (e arrow) and a second VOI in the left hemisphere within tiseiali areas (blue arrow). c)
The cortical surface representation is removed so that tties @ae visible within the context of the tomograms. d) The V@ltbe left hemisphere (blue
arrow) is moved slightly ventrally along the cortical sudadVith dynamic queries, the neuroscientist can repeat manil adjastments to the VOI in the
left hemisphere or the VOI in the calcarine ssure on the rigamisphere to understand the types of connections withivithal areas.
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Our system may also be useful for exploring data from VII. CONCLUSION
sources other than DTI. Saleem et al. [25] have developed 8, symmary, we have presented a novel interaction tech-
method of tracing axonal connections across synapsesen lyjque and a software system designed to assist in the explo-
monkeys.MnCl, is injected into the monkey brain and transgation of white matter connectivity in the brain. The key toro
ported along neuronal tracts where it can later be detecitid Msystem's utility is its ability to respond to queries at iratetive

MRI. This approach may generate large amounts of veri ablgyes. This allows neuroscientists to optimize the ciiiicap
high-resolution data that could be browsed ef ciently wathr ¢ hypothesis generation and evaluation.

system. Finding known anatomical pathways with our system has

demonstrated the ability to resolve large-scale anatdmica
B. Limitations structures with DTI. Using our software as a hypothesis-

. , , . generation tool for previously undiscovered pathways leesnb
The speed we have achieved during dynamic queries reljgg;q jing, but risky due to current limitations in acqish

upon extensive precomputation,' and this does have Ce”f’é@hnology and path tracing algorithms. Comparing patisway
disadvantages. For example, using our system a neurosCigigested by multiple path tracing algorithms has pointed o
tist cannot interactively manipulate the parameters used tﬁe uncertainty in path tracing, giving us reason to distrius

generate the pathways and surfaces that we display. Thig, vay estimates suggested by individual algorithms.
is a standard tradeoff between speed and exibility, and zg the eld proceeds forward with new acquisition tech-

similar tradeoffs have been described in other literat(ees. nologies and more sophisticated path tracing algorithnes, w

precomputed lighting calculations for computer graphics) - gpq1q continue to bene t from the dynamic query approach.
The connectivity results we have obtained with our systefdeed, this system remains an integral part of our own long-

have been limited by the resolution of the data, the geometghym plan for answering questions about brain connectivity
distortions introduced by the data acquisition procesd,tha

quality of the tractography algorithms. It is important éalize
that these are not limitations of our interactive technjgue _
rather they are limitations of the current acquisition tesbgy ~ We thank Roland Bammer and Michael Moseley of the
and algorithms. Current DTI data are highly restricted iftanford University Lucas Center, for useful discussiond a
spatial resolution. Thex2x3 mmresolution used in this scanfor developing the pulse sequences used to collect our data.
represents the current state of the art. The voxel dimesasion
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