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Figure 1: The corona radiata. Our system usesdynamic queries to �nd structure in neural pathways suggestedby MR tractography.

ABSTRACT

Diffusion TensorImaging(DTI) is a magneticresonanceimaging
methodthat can be usedto measurelocal information about the
structureof white matterwithin thehumanbrain. CombiningDTI
datawith thecomputationalmethodsof MR tractography, neurosci-
entistscanestimatethelocationsandsizesof nerve bundles(white
matterpathways)that coursethroughthe humanbrain. Neurosci-
entistshaveusedvisualizationtechniquesto betterunderstandtrac-
tography data,but they oftenstrugglewith theabundanceandcom-
plexity of the pathways. In this paper, we describea novel setof
interactiontechniquesthat make it easierto explore and interpret
suchpathways.Speci�cally, our applicationallows neuroscientists
to placeand interactively manipulatebox-shapedregions(or vol-
umesof interest)to selectively displaypathwaysthatpassthrough
speci�c anatomicalareas. A simple and �e xible query language
allows for arbitrarycombinationsof thesequeriesusingBoolean
logic operators.Queriescanbefurtherrestrictedby numericalpath
propertiessuchaslength,meanfractionalanisotropy, andmeancur-
vature.By precomputingthepathwaysandtheir statisticalproper-
ties, we obtain the speednecessaryfor interactive question-and-
answersessionswith brainresearchers.We survey somequestions
thatresearchershavebeenaskingabouttractography dataandshow
how oursystemcanbeusedto answerthesequestionsef�ciently .

� dakersjsherbondjrachelmjbobdjwandell@stanford.edu

CR Categories: I.3.6 [ComputerGraphics]: Methodologyand
Techniques—InteractionTechniques;I.3.8 [ComputerGraphics]:
Applications

Keywords: Visualization,DTI, MR Tractography

1 I NTRODUCTI ON

Thebrain is a massively interconnectedorgan. Individual neurons
in thecortex typically connectto between1;000and10;000nearby
neuronswithin thegraymatter. Theentirecentralcoreof thebrain,
known as the white matter, comprisesrelatively large �ber tracts
that mediatecommunicationbetweenneuronsat widely separated
locations.Until recently, scientistshavehadlimited ability to mea-
surethesewhitematterconnectionsin humanbrains.

Knowledge about thesewhite matter connectionsshould en-
hanceourunderstandingof normalbrainfunction.Suchknowledge
shouldalsohelpdiagnosecertainpathologicaldisordersin patients.
For example,recentresearchhasfoundwhite matterpathway syn-
dromesrelatedto languagede�cits [13, 15,7]. Furthermore,anun-
derstandingof white matterstructurecouldhelpsurgeonsto avoid
damagingimportantpathways.

Motivatedby suchconcerns,a new technologycalledDiffusion
TensorImaging(DTI) hasemerged,providing a non-invasive way
to measurepropertiesof whitematterpathways.Basedonmagnetic
resonanceimaging,DTI estimatesthe randomdiffusion of water
moleculeswithin biological tissue.It is widely believedthatwater
diffusesfastestalongthe lengthof axons(ratherthanacrosstheir
boundaries),which suggeststhat the principle direction of diffu-
sioncanbeusedto approximatethelocal orientationof nerve �ber
bundles.



Theinherentcomplexity of thediffusiondatahasmotivatedava-
riety of visualizationalgorithmsdesignedto assisttheresearcherin
analysis.Oneclassof techniquesknown asMR tractography seeks
to tracetheprincipaldirectionof diffusionthroughthetensor�eld,
connectingpointstogetherinto pathways(alsoreferredto in other
literatureas “�ber tracts”). As a visual representation,MR trac-
tography is well-suitedto theproblemof determiningwhite matter
structure,sinceit impliespossibleanatomicalconnectionsbetween
theendpointsof thepathways.

The pathwaysproducedby tractography do not representindi-
vidual nerve �bers, nor do they representbundlesof these�bers.
Rather, thesepathways are abstractrepresentationsof possible
routesthroughthe white matterof the brain. While tractography
algorithmstypically producetensof thousandsof pathways,neuro-
scientistsnow believethattherearetensof millions of whitematter
nerve �bers groupedinto hundredsof major �ber tracts. Never-
theless,thetractography estimatesdo have thepotentialto suggest
real neuralconnections,especiallywhenthereareadditionaldata
to corroboratetheseestimates(e.g. from post-mortemdissections,
animalstudies,functionalmagneticresonanceimaging,etc.)

Our key contribution is a new interactiontechniqueto assistin
theexplorationandidenti�cation of thepathwayssuggestedby MR
tractography. We precomputethe pathways and their statistical
propertiesandquerytheresultingdatabaseon-the-�y, allowing for
easyexplorationof tractography resultsusingadirect-manipulation
interface. We enablethe speci�cation and interactive manipula-
tion of box-shapedregions of interestwithin the brain, making
it possibleto selectively displaypathways that passthroughspe-
ci�c anatomicalregions.Queryingby otherpathpropertiessuchas
lengthandaveragecurvatureallows the researcherto further limit
thedatadisplayedsimultaneously, makingresultsmorecomprehen-
sible. This dynamicqueryapproachenablesresearchersto answer
speci�c questionsaboutbrainconnectivity with far lesstime or ef-
fort thanis requiredby existingapproaches.

2 REL ATED WORK

A varietyof techniqueshaveemergedfor thevisualizationof diffu-
sion tensordata. Methodsbasedon visualabstractionsof the ten-
sorshavebeenusedeffectively to convey informationabouttensors
at local scaleswithin thevolume(seeWestinet al. [26] for a sum-
mary). Direct volumerenderingtechniques[11, 12] provide views
of thelarger trendsin thedata.Thesemethodsarenot designedto
extractor visualizeestimatedwhitematterpathways.

Morerelevantto ourpurposeof estimatingwhitematterconnec-
tivity areMR tractography techniquesthat attemptto tracewhite
matterpathwaysfrom DTI data. Streamlinetracking(STT) tech-
niquestracepathwaysby following theprincipledirectionof diffu-
sion [16, 5, 3]. Mori et al. [16] developedtheFACT algorithm,a
variable-stepSTT methodthatcanchangedirectionsat thebound-
aryof eachvoxel. Conturoetal. [5] usedaconstantstepsize,while
Basseretal. [3] suggesteddynamicallyadjustingthestepsizeto ac-
countfor pathwaycurvature.Lazaretal. [14] describedthetensor-
de�ection algorithm(TEND) basedonpreviouswork by Weinstein
[25]. TEND mayprovide moreaccuracy in reconstructingcertain
anatomicalfeatures. Pouponet al. [19] developeda regulariza-
tion techniquefor improvedtracking,andsuggestedwaysto model
branchingof nerve �ber bundles.Zhukov andBarr [28] have used
regularizationbasedon assumptionsof anatomicalsmoothnessto
extractpathwaysin thepresenceof noisydata.

Many of thesetechniqueshave beencriticizedfor their inability
to handlebranchingor representuncertainty[2], but they havebeen
shown to becapableof recoveringbasicanatomicalstructures[28].
Zhanget al. [27] renderthe resultingpathways as streamtubes,
wherethecross-sectionof thestreamtubeis determinedby thetwo
smallereigenvectorsof thediffusiontensor. daSilva et al. [6] use

streamtubesto visualizedifferencesbetweendiffusion tensordata
sets,comparingboth tractography algorithmsand datasetsfrom
multiplesubjects.

Several groupshave pointedout the potentialvalueof �ltering
MR tractography data,both for renderingef�ciency andsimplic-
ity of display. Zhanget al. [27] pre-�lter streamtubesbasedon
length, averagelinear anisotropy, and distanceseparatingneigh-
boring streamtubes.Conturoet al. [5] usevolumetric regionsof
interestto selectpathwaysthat connectanatomicallyor function-
ally de�ned regions. Wakanaet al. [24] have combinedregion-of-
interest�lters with AND, OR, andNOT operationsto isolatepar-
ticular neurologicalpathways. All threegroups�lter streamtubes
asa pre-processingstep;unlike the presentapplication,thoseap-
plicationsdonotdescribeaninteractive �ltering technique.

While therehasbeensigni�cant progresson DTI visualization
algorithms,surprisingly little has beenwritten about interaction
techniques.Zhanget al. [27] have beendisplayingstreamtubesin
a CAVE environmentto explore the possibility that virtual reality
will helpdoctorsto makediagnoses.

Our interactive softwareis basedon theprinciplesof directma-
nipulation[22, 10] anddynamicqueries[1]. An importantmoti-
vationfor our techniquehasbeenthedevelopmentof recentmeth-
odsfor visualqueryandanalysis.HochheiserandShneiderman[9]
showedthepowerandsimplicity of avisualqueryapproachfor an-
sweringspeci�c questionsabouttime-seriesdata.By de�ning and
manipulatingrectangularregionsof interestwithin the dataset,a
researchercouldselectquantities(e.g. stockprices)that followed
certainpatternsof behavior over time. Our softwarecanbe seen
asan applicationof their 2-D spatio-temporalmethodto the 3-D
spatialdomainof thebrain.

3 PREPROCESSI NG

3.1 Acquiring and Processingthe Data

All DTI datawereacquiredfrom aneurologicallynormalmalehu-
mansubjectaged35. TheDTI protocolinvolvedeightthree-minute
whole-brainscans,averagedto improvesignalquality. Weacquired
38axialslicesfor two b-values,b = 0 andb = 800s=mm2 along12
differentdiffusiondirections.We useda 1.5T GE SignaLX anda
diffusion-weightedsingle-shotspinecho,echoplanarimagingse-
quencewith 2x2x3 mmvoxel size(TE = 63ms; TR = 12s; NEX =
1; �ip angle= 90� ; FOV = 260mm; matrix size= 128x128,band-
width = � 110kHz, partialk-spaceacquisition).

We alsocollectedhigh-resolutionT1-weightedanatomicalim-
agesusinga sagittal3D-SPGRsequence(1x1x1 mm voxel size).
TheT1 imageswereusedto con�rm thelocationsof theDTI mea-
surementswith respectto theanteriorcommissure(AC), posterior
commissure(PC), and the mid-sagittalplane. With theseland-
marks,we computeda rigid-bodytransformfrom thenative image
spaceto theconventionalAC-PCalignedspace.TheDTI datawere
thenresampledto 2 mmisotropicvoxelsusingaspline-basedtensor
interpolationalgorithm[17], takingcareto rotatethetensorsto pre-
serve their orientationwith respectto theanatomy. We con�rmed
thatthis co-registrationtechniquealignstheDTI andT1 imagesto
within a few millimeters(exceptin regionsproneto susceptibility
artifacts,suchasorbito-frontalandanteriortemporalregions).The
registrationprocesstookabouttwentyminutes.

We precomputedfractionalanisotropy valuesfor eachdiffusion
tensor. Fractionalanisotropy (FA) is derived from the normalized
varianceof the eigenvaluesof eachdiffusion tensor[18]. FA is a
scalarvaluethatsummarizestheanisotropy of theellipsoid repre-
sentationfor diffusion. An FA of zero indicatessphericaldiffu-
sion, as is found in the gray matter. As FA increases,the diffu-
sionbecomesmoreanisotropic.FA valuesnear0:5 indicateeither
linear (cigar-shaped)or planar(pancake-shaped)ellipsoids,asare



typically foundin thewhite matter. As FA approaches1, thediffu-
sionbecomesincreasinglylinear, indicatedby long andthin ellip-
soids.We usetheprecomputedFA valuesto establishtermination
criteria for path tracingalgorithms(Section3.2), to calculatethe
averageFA alongpathwaysfor querypurposes(Section3.3), and
in our interactiveapplicationto aid in navigation(Section4.1).Our
decisionto useFA wasmotivatedby its widespreadadoptionin the
literature; thereis reasonto consideralternatives if the goal is to
developnew tractography algorithms.SeeWestinet al. [26] for a
gooddiscussionof anisotropy measuresandtheirusesin DTI.

3.2 PrecomputingPathways

Most existing tractography softwaretracespathwaysduring inter-
action: theuserselectsa region of interestandthesoftwaretraces
pathwaysfrom seedpointswithin this region. This approachhas
thedisadvantagethatpathtracingcanbe time consuming,leading
to frustratingdelaysduring interaction. Instead,our approachis
to precomputepathwaysthat cover the entirewhite matterregion
of the brain, thenuseour softwareinterfaceto ef�ciently “prune”
thesepathwaysto answerspeci�c questions.Accordingly, we ini-
tializedseedpointsfor pathtracingat every othervoxel in eachdi-
mension,evenly samplingthevolumewith seedpoints. (A similar
seedingapproachwasdescribedby Conturoet al. [5].) This sam-
pling strategy ensuredthat eachwhite matterregion would have
at leastsomepathwayspassingthroughit. However, becausethe
pathway shapescannotbepredictedat seedingtime, someregions
containmorepathwaysthanothers. In the futurewe may explore
otherseedingmethodsthat discardpathways that are too closely
packed,assuggestedby Zhangetal. [27] andVilanovaetal. [23].

We generatedour pathways using two standardtractography
methods.We chosethesetwo algorithmsbecausethey aresimple
andhavealreadybeencomparedin theliterature[14]:

� STT: This methodfollows the principal diffusion direction
throughoutthevolume.Weusedaconstantstepsizeof 2 mm,
anFA terminationthresholdof 0:15,andanangularthreshold
of 90� . The pathsgeneratedby STT often take sharpturns
becausethey alwaysfollow thelargestmagnitudeeigenvector,
evenin regionswherethetwo or threelargesteigenvaluesare
nearlyidentical.

� TEND: This methodusesthe tensorat eachpoint to multi-
ply theincomingpathvector, resultingin a new vectorthatis
de�ectedtowardtheprincipaldirectionof diffusion[14]. As
with STT, we useda constantstepsizeof 2 mm, an FA ter-
minationthresholdof 0:15, andanangularthresholdof 90� .
The pathsgeneratedby TEND are relatively straight,since
TEND avoids sharpturnswhenit encountersregionsof low
anisotropy.

To interpolatebetweentensorsduring tracing, we useda simple
linear interpolationapproach[28]. After thresholdingby FA, our
precomputationprocessproducedabout26;000pathways,includ-
ing about13;000from eachalgorithm.All 26;000pathwayswere
computedin about� veminutesonanIntel Pentium1.6GHzPC.

3.3 PrecomputingStatistical Propertiesof Pathways

Besidesprecomputingthepathways,thesystemalsoprecomputes
statisticsandotheraggregatepathinformationthat canbeusedto
specifyqueries.Thestatisticalcriteriawehavechosenaremeantas
examples,andby no meansrepresentanexhaustive set.Currently,
wecalculateandstorethefollowing propertiesfor eachpathway:

� Length: Longerpathsarelesslikely to representrealanatom-
ical connections,sinceerroraccumulatesduringpathtracing.
Additionally, veryshortpathsareoftendistracting.

� AverageFractional Anisotropy: Pathwaysthatpassthrough
areasof low FA maybelesslikely to representphysicalcon-
nections.(In thesenearlyisotropicregions,tractography al-
gorithmsdiffer greatlyin how to proceedwith pathtracing.)

� AverageCurvature: Pathwaysthatmake sharpturnsareof-
tensuspectandmayrepresentincorrecttracings.Neuroscien-
tistsoftenhaveprior knowledgeabouttheshapesof pathways,
andcanusethis propertyto remove pathwaysthatdo not fol-
low expectedshapes.Curvatureis computedfor eachsetof
threeconsecutivepointsalongthepath,by usingHeron's for-
mulato �nd theosculatingcircle,thencomputingtherecipro-
calof its radius.

� Tractography Algorithm : For later querying, the system
tagseachpathwaywith thealgorithmusedto generateit (STT
or TEND). Queryingby thealgorithmallows theuserof our
applicationto comparetheresultsof several tractography al-
gorithms,asdescribedin Section5.

4 THE DYNAM I C QUERY APPL I CATI ON

This sectiondescribestheuserinterfaceto the interactive applica-
tion we have developed. The main purposeof our applicationis
exploratorydatavisualization:wewantto make it easierfor neuro-
scientiststo understandtheneuralpathwayssuggestedby MR trac-
tography algorithms. Figure2 shows a labeledscreen-shotof the
application.With ourdirect-manipulationinterface,it is possibleto
identify anddisplaypathwaysthatsatisfystatisticalconstraints,or
thatpassthroughspeci�c volumesof interest(VOIs). Theinterface
consistsof threecomponents:TheVOI panel(bottomright) allows
the investigator to specifybox-shapedregions for usein queries.
The querypanel(bottom left) provides mechanismsto query the
pathwaysbasedon intersectionswith VOIs andstatisticalproper-
ties. Thescenewindow (top) displaysthecurrentlyselectedpath-
waysandassistsin navigatingthevolumetricdataspace.

We explain the use of this interface in Sections4.1 and 4.2.
Pleasealsoseetheincludedvideofootagefor examplesof its use.

4.1 SpecifyingDynamic Queries

Beforequeryingthedata,an investigatormustbeableto navigate
thevolumetricdataspacerepresentedin thescenewindow. To be-
gin with, the investigator canchangethe camerapositionandori-
entationusinga standardtrackball/mouseinterface. As a further
aid to navigation, the scenewindow providesthreemoveablecut-
ting planes(tomograms),which displayplanarreformationsof FA
data.Featuresvisible in FA arecommonlyusedby neuroscientists
to navigatethebrain'swhitematterstructures.

Oftena querysequencebeginswith theselectionof a setof de-
siredpathwaysbasedon thestatisticalcriteriadescribedin Section
3.3.A setof sliderbarsin thequerypanelallows for theinteractive
speci�cation of a range(min, max) of acceptablevalues. As the
investigatordragsany sliderbar, thematchingpathwaysarefound
anddisplayedin thescenewindow.

A key featureof ourapplicationinvolvestheuseof VOIs to dis-
play pathwaysthatpassthroughspeci�c anatomicalregions.Once
speci�ed, VOIs can be usedto form queriesby setting the VOI
queryexpressionin the querypanel. VOIs canbe combinedus-
ing simpleAND andOR operations,or by typing in an arbitrary
Booleanlogic expression.TheVOI editingpanel(Figure2, lower
right) allows for theexactspeci�cationof VOI dimensionsandpo-
sition. As the VOI is modi�ed using the slider barsor text wid-
gets,thequeryis re-evaluatedimmediatelyandthescenewindow
is updatedwith new pathwayinformation.A VOI canbecontrolled
moredirectly in thescenewindow, by usingthemouseto click and
dragtheVOI. Theinvestigatorsimplyselectsa tomogramandthen



Tomograms:
Axial, sagittal and 
coronal cutting planes of 
fractional anisotropy 
values aid in navigation.

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

VOI Contro ls:
Each VOI has its own size, position and label, 
and can be constrained to move symmetrically to 
another VOI in the opposite brain hemisphere.

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

Scalar Value Query Sliders:
One can remove pathways that do not satisfy 
maximum or minimum values in length, average 
FA or average curvature.

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

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

Figure 2: The user interface to our pathway exploration software. The interface consists of three components: The VOI panel (bottom right)
allows the investigator to specify box-shaped regions for use in queries. The query panel (bottom left) provides mechanisms to query the
pathways based on statistical properties and intersections with VOIs. The scenewindow (top) displays the currently selected pathways and
assistsin navigating the volumetric data space. Neuroscientistsuse the VOI and query control panelsto identify speci�c neural pathways, which
are then displayed in the scenewindow above.



(a)

(c) (d)

(b)

Figure 3: Sequenceof dynamic queries identifying the spatial organization of �ber pathways. a) All 13,000 pathways computed using the STT
algorithm. Patterns are di�cult to discern becauseof visual clutter. b) Using a length �lter, we show only the pathways that are greater than
4 cm in length (about 30% of the total number of pathways). c) By placing VOI 1 in the scene,we show only the pathways that passthrough
the internal capsule(bottom). d) By placing VOIs 2 and 3, we obtain a picture showing connections between 1 and either 2 or 3.

dragstheVOI to any positionon theplane.Onecanalsolink two
VOIs to move themsymmetricallyin oppositebrain hemispheres.
Thiswasmadepossibleby aligningthedatato AC-PCspace,which
de�nestheplanehalfwaybetweenthehemispheres.

4.2 Pathway Rendering

While othershaveusedstreamtubesto representpathways[27], we
have chosensimply to uselines. Lines canbe drawn muchfaster
thanstreamtubes,andthey adequatelyrepresentconnectivity infor-
mationof interestto neuroscientists(at thecostof losing local in-
formationabouttheunderlyingtensordataalongthepath). To vi-
sually distinguishthe pathways,we usea simple `color jittering'
technique.In HSV color space,we computea randomluminance
offset for eachpathway. The luminanceof eachpathway is deter-
minedatstartupandis heldconstantto avoid shimmeringartifacts.

Differencesin hue are usedto establishlogical groupingsof
pathways,usinga processwe call 'virtual staining'. Here,the in-
vestigatorcanchoosea hueanduseit to color all of thepathways
currentlydisplayedin thescenewindow. This allows investigators
to identify speci�c pathwaysandthenvisualizethemwithin their
surroundingcontext: asthequeryismodi�ed, theoriginalpathways
remainstained.Virtual stainingwasusedextensively in generating
theresultsshown in Section5, andin generatingFigure1.

4.3 Implementation

Thissectiondescribestheimplementationdetailsof our interactive
application.Theprogramwaswritten entirelyin C++,andwasde-
signedto work on any moderninexpensive PCwithout any special
hardwarerequirements.The programmakesuseof the visualiza-
tion toolkit (VTK) [21] for 3D scenegenerationandinteraction.

Sincedataexplorationnaturallyinvolvesmakingiterativeadjust-
mentsto queries,ourmaingoalhasbeento makethesystemimme-
diatelyresponsive whentheinvestigatorchangesa query. Onekey
to this interactivity is the preprocessingdescribedin the previous
section,but this preprocessingis not enoughby itself to make our
systeminteractive. At runtime,we alsoneedto beableto interac-
tively computeintersectionsbetweenVOIsandpathways.To facil-
itate fastintersectiontests,our programstoreseachpathway's ge-
ometryasa hierarchicalorientedboundingbox (or OBBTree).For
thisweusedthefreely-availableRAPID softwarefrom theUniver-
sity of North Carolina[8]. All VOIs andpathwaysarerepresented
as setsof trianglesthat can be ef�ciently testedfor intersection.
The box-shapedVOIs are trivial to triangulate,and the pathways
aretriangulatedasvery smallarea(long andthin) triangles.Since
the RAPID softwareonly reportsobjectintersectionsbetweentri-
angles,our applicationalsoteststheendpointsof eachpathway to
determinewhetherthepathway is fully containedwithin theVOI.



(a) (b)

(c) (d)
Figure 4: Validation of known white matter pathways. The left and right inferior longitudinal fasciculi are known anatomical pathways that
connect the occipital and frontal lobes in each hemisphere. In four simple steps, a researcher usedthe system to produce a visual representation
of these known pathways. a) Placing a VOI covering the occipital lobes shows all pathways involved in human visual processing. b) Placing a
secondVOI in the right frontal lobe and using an AND operation shows only the pathways in the right hemisphere,which are stained blue. c)
Moving the secondVOI to a symmetric position on the left captures the pathways in the left hemisphere,which are stained yellow. d) Removing
the secondVOI from the query shows the results of b and c within the original set of pathways. The pathways shown were all produced using
the STT algorithm and were also limited to lengths greater than 4 cm to reduce visual clutter.

Queriesbasedon precomputedpathway propertiesarevery fast
sincethe precomputedvaluesneedonly be comparedagainst the
currentrangeof thequery. Theperformanceof RAPID is described
by Gottschalket al. [8], but their executiontimesarebasedon an
older SGI Reality Engine. In our own benchmarkson a 1:6 GHz
PentiumlaptopPC, we areable to intersecta VOI with between
80;000and220;000pathwayspersecond,dependingonthesizeof
theVOI. (LargerVOIs requiremorebounding-boxtests,sincethey
intersectwith moreof thepathways.) This allows usto maintaina
framerateof 3-8 fps while manipulatingtheVOIs. While not the
mostef�cient solutionfor intersectionwith box-shapedVOIs,using
RAPIDwill allow usto implementmorecomplex (e.g.non-convex)
VOI shapesin thefuture,withoutamajorchangein performance.

On average,eachpathway consumesapproximately20 KB of
memory, including the OBBTreestructureandthe pointsusedfor
rendering.Accordingly, weuse510MB of memoryto representall
26;000pathways.

5 RESULTS

In this sectionwe demonstratesomeof thecapabilitiesof our sys-
tem. First, we acquireda DTI datasetcollectedfrom a singlenor-
mal subject(describedin Section3.1). Usingthis datasetasinput
to our system,we identi�ed threetypesof queriesthat areespe-
cially usefulto neuroscientists.In particular, wewill show how our
systemhasbeenusedto validateknown white matterpathways,to
explorepreviously unidenti�ed pathways,andto visually compare
tractography algorithms. All threeexampleswereproducedby a
novice userof our systemwho is a neuroscientistspecializingin
brainimaging.

Usingour dynamicquerysystem,theneuroscientisteasilyiden-
ti�ed two known neuralpathwaysin the testsubjectdata,the left
and right Inferior Longitudinal Fasciculi (ILF). Shown in Figure
4, thesepathwaysconnectthe occipital and frontal lobesin each



Figure 5: Exploration of candidate neural pathways. The query re-
sults show many pathways re
ecting the well-known connection be-
tweenthe left and right occipital lobes,passingthrough the splenium.
Intriguingly, the query also suggestsa possible connection through
the anterior commissure. This suggestedpathway may incite further
validation research. Our systemhelps to form such hypothesesby al-
lowing researchers to interactively poseand answer speci�c questions
about connectivity. The pathways shown were all produced using the
STT algorithm and were also limited to lengths greater than 4 cm to
reduce visual clutter.

Figure 6: Visual comparisonof tractography algorithms. The VOI in
this query is placed within the corpus callosum. The pathways were
computed using the STT (blue) and TEND (yellow) algorithms. Us-
ing virtual staining, a neuroscientist was able to easily inspect the
di�erences by overlaying the pathways. While both TEND and STT
show callosal projections to superior regions, the TEND pathways
also include callosal projections to both temporal lobes. This exam-
ple shows the extent to which the two algorithms can di�er. The
pathways shown were limited to lengths greater than 4 cm to reduce
visual clutter.

hemisphereof the brain. 1 To locatethe pathways,�rst our neu-
roscientisttestsubjectplaceda singleVOI coveringbothoccipital
lobes,revealingall neuralpathwaysinvolved in visualprocessing.
Next, he placedan additionalVOI in the right frontal lobe above
theeye andusedanAND operationto show pathwaysconnecting
the two brain regions. Themany pathwayspassingbetweenthese
VOIscomprisetheright ILF. Interestedto seewhethertheseneural
pathwayswerelocatedsymmetricallyonbothsidesof thebrain,the
researchermovedthesecondVOI to asymmetricpositionin theleft
hemisphere,identifying theleft ILF. Finally, usingvirtual staining,
theneuroscientistseparatelycoloredthepathwaysfrom eachhemi-
sphereso that they could be visually compared.This exploration
wasperformedin about� veminutes.

Our systemalso enablesexploration of novel pathways that
could motivate future research.Figure5 shows all the pathways
generatedby our systemwhich passbetweenthe occipital lobes
(responsiblefor visualprocessing).To isolatethesepathways,the
neuroscientistplacedVOIs on eachof the occipital lobesanddis-
playedthe conjunctionof the VOI queries. The majority of the
connectionsfollow a known neuralpathway, crossingtheposterior
corpuscallosumandterminatingatasymmetriclocationin theop-
positehemisphere.Interestingly, someof themtravel forward to
crossat what appearsto be the anteriorcommissure,a small bun-
dle of �bers connectingthe two hemispheresbeneaththe corpus
callosum.Furtherresearchis necessaryto determinewhetherthis
anteriorpathway is real. In situationslike this,oursystemcanhelp
form hypothesesaboutnovel pathwaysby allowing researchersto
interactively poseandanswerspeci�c questionsaboutconnectivity.
Thisexplorationwasperformedin about� veminutes.

Finally, oursystemcanbeusedto visuallycomparethepathways
estimatedby different tractography algorithms. Figure 6 shows
pathwaysgeneratedby theSTTandTEND algorithms(describedin
Section3.2). By virtually stainingpathwayspassingthrougha re-
gionin thecorpuscallosum,theneuroscientistwasableto visualize
an importantdifferencebetweenthe two algorithms.The STT al-
gorithm,following thedirectionof greatestdiffusionat eachpoint,
generatesonly 'U-shaped'pathways. The TEND algorithmaddi-
tionally producespathways passingfrom the corpuscallosumto
eachtemporallobe. As this exampleillustrates,thepathwaysgen-
eratedby thesealgorithmscandiffer greatly. Suchvisualizations
areusefulto theneuroscientistwho is uncertainaboutthereliabil-
ity of estimatesacrossalgorithms,andto theexpertin tractography
who wantsto understandtheconsequencesof algorithmicassump-
tions.Thisexplorationwasperformedin abouttenminutes.

6 DI SCUSSI ON

The key to our system's utility is its ability to renderdataandre-
spondto queriesat interactive rates. Our colleaguesin psychol-
ogystressedthesigni�canceof thisprogramasanexploratorytool;
quickly browsingthroughconnectionsin thebraincouldbeinvalu-
able in identifying areasof interestfor future study. The system
could alsoassistscientistsinvestigating the neurologicalbasesof
disorders,ashasbeendonewith othermethodsfor analyzingDTI
data[15, 7, 13], or provide a diagnostictool for suchdisorders.It
couldbeemployedasaneducationalaidfor studentslearningabout
neuroanatomy, as it allows for interactive viewing of the primary
anatomicalpathways.

Our systemmayalsobeusefulfor exploring datafrom sources
other than DTI. Saleemet al. [20] have developeda methodof
tracingaxonalconnectionsacrosssynapsesin livemonkeys. MnCl2
is injectedinto the monkey brain and transportedalongneuronal
tractswhereit canlaterbedetectedwith MRI. This approachmay

1Thereis still somedebateover theexistenceof the ILF; seeCataniet
al. [4] for a recentdiscussion.



generatelargeamountsof veri�able, high-resolutiondatathatcould
bebrowsedef�ciently with oursystem.

Theresultswe have obtainedwith our systemhave beenlimited
by theresolutionof thedataandthequality of thetractography al-
gorithms. It is importantto realizethat theseare not limitations
of our interactive technique,but ratherthey are limitations of the
currentacquisitiontechnologyandalgorithms. CurrentDTI data
arehighly restrictedin spatialresolution. The 2x2x3 mmresolu-
tion usedin this scanrepresentsthe currentstateof the art. The
voxel dimensionsareroughly two ordersof magnitudelarger than
thecross-sectionalwidth of whitematteraxons(between10and50
microns). This makesambiguitiesin tracinginevitablewhenesti-
matingneuralpathwaysfrom the diffusion tensor�eld. However,
despitelimitations in dataquality our systemremainsviable and
usefulfor exploring MR tractography dataandsuggestingpossible
hypothesesaboutconnectivity.

7 FUTURE WORK

The methodologyof precomputationanddynamicqueriesshould
yield several interestingenhancementsin the future. In particu-
lar, it will be usefulto expandour systemto handlemultiple data
sets.For instance,onecould includepathwaysfrom multiple sub-
jects for the purposesof comparingpathologicalcasesto normal
ones,or simplyunderstandingpopulationvariance.In addition,our
techniqueshouldbeintegratedwith functionalmagneticresonance
imagingsothat theusercansimultaneouslyview connectivity and
activationinformationaboutspeci�c brainregions[5]. While these
methodscanbene�t from adynamicqueryapproach,they will also
requirethedevelopmentof methodsto co-registerthevariousdata
sets.

We alsobelieve thatusefulimprovementscouldbemadein the
visual representationof thepathways. Currentlythepathwaysare
drawn simply as lines; however, it might be advantageousto ag-
gregatepathwaysinto groups,or to simplify their pathsfor easier
interpretation.Suchabstractionscouldalsocontainvisualcuesthat
measureeither local DTI propertiesor statisticalinformation re-
gardingthecertaintyof thepathestimates.
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