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Figure 1: The coronaradiata. Our system usesdynamic queriesto nd structure in neural pathways suggestedby MR tractography.

ABSTRACT

Diffusion Tensorlmaging (DTI) is a magneticresonancemaging
methodthat can be usedto measurdocal information aboutthe
structureof white matterwithin the humanbrain. CombiningDTI
datawith thecomputationamethodf MR tractograply, neurosci-
entistscanestimatethe locationsandsizesof nene bundles(white
matterpathways)that coursethroughthe humanbrain. Neurosci-
entistshave usedvisualizationtechniqueso betterunderstandrac-
tograply data,but they oftenstrugglewith theabundanceandcom-
plexity of the pathways. In this paper we describea novel setof
interactiontechniqueghat make it easierto explore andinterpret
suchpathways. Speci cally, our applicationallows neuroscientists
to placeand interactizely manipulatebox-shapedegions (or vol-
umesof interest)to selectvely displaypathwaysthatpassthrough
speci ¢ anatomicalareas. A simpleand e xible querylanguage
allows for arbitrary combinationsof thesequeriesusing Boolean
logic operatorsQueriescanbefurtherrestrictecby numericalpath
propertiesuchaslength,mearfractionalanisotroy, andmeancur-
vature.By precomputinghe pathwaysandtheir statisticalproper
ties, we obtain the speednecessaryor interactve question-and-
answersessionsvith brainresearchersiVe suney somequestions
thatresearchersave beenaskingabouttractograpl dataandshav
how our systemcanbe usedto answetthesequestionsf ciently .
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1 INTRODUCTION

Thebrainis a massvely interconnectedrgan. Individual neurons
in thecortex typically connecto betweer; 000and10; 000nearby
neuronswithin thegraymatter Theentirecentralcoreof thebrain,
known asthe white matter comprisesrelatively large ber tracts
that mediatecommunicatiorbetweemeuronsat widely separated
locations.Until recently scientistshave hadlimited ability to mea-
surethesewhite matterconnectionsn humanbrains.

Knowledge about thesewhite matter connectionsshould en-
hanceourunderstandingf normalbrainfunction. Suchknowledge
shouldalsohelpdiagnoseertainpathologicallisordersn patients.
For example,recentresearcthasfound white matterpathway syn-
dromegelatedto languagede cits [13, 15, 7]. Furthermoreanun-
derstandingf white matterstructurecould help suigeonsto avoid
damagingmportantpathways.

Motivatedby suchconcernsa new technologycalledDiffusion
Tensorlmaging(DTI) hasemeged,providing a non-invasie way
to measurgropertieof white matterpathways.Basednmagnetic
resonancemaging, DTI estimateshe randomdiffusion of water
moleculeswithin biologicaltissue.lt is widely believed thatwater
diffusesfastestalongthe length of axons(ratherthanacrosstheir
boundaries)which suggestghat the principle direction of diffu-
sioncanbeusedto approximatehelocal orientationof nere ber
bundles.



Theinherentcompleity of thediffusiondatahasmotivatedava-
riety of visualizationalgorithmsdesignedo assistheresearchein
analysis.Oneclassof techniqueknowvn asMR tractograph seeks
to tracethe principaldirectionof diffusionthroughthetensor eld,
connectingpointstogetherinto pathways (alsoreferredto in other
literatureas“ ber tracts”). As a visual representationMR trac-
tograply is well-suitedto the problemof determiningwhite matter
structure sinceit implies possibleanatomicatonnectiondetween
theendpointwof the pathways.

The pathways producedby tractograpk do not representndi-
vidual nene bers, nor do they represenbundlesof these bers.
Rather these pathways are abstractrepresentation®f possible
routesthroughthe white matterof the brain. While tractograph
algorithmstypically producetensof thousandsf pathways,neuro-
scientistanow believe thattherearetensof millions of white matter
nene bers groupedinto hundredsof major ber tracts. Never
thelessthetractograpi estimateslio have the potentialto suggest
real neuralconnectionsespeciallywhenthereare additionaldata
to corroborateheseestimatege.g. from post-mortendissections,
animalstudiesfunctionalmagneticesonancémaging,etc.)

Our key contritution is a new interactiontechniqueto assistin
theexplorationandidenti cation of thepathwayssuggestetty MR
tractograpl. We precomputethe pathways and their statistical
propertiesandquerytheresultingdatabasen-the- y, allowing for
easyexplorationof tractograpki resultsusingadirect-manipulation
interface. We enablethe speci cation and interactve manipula-
tion of box-shapedegions of interestwithin the brain, making
it possibleto selectvely display pathways that passthroughspe-
ci ¢ anatomicategions.Queryingby otherpathpropertiesuchas
lengthandaveragecunvatureallows the researcheto further limit
thedatadisplayedsimultaneouslymakingresultsmorecomprehen-
sible. This dynamicqueryapproactenablegesearcherto answer
speci ¢ questionsaboutbrainconnectvity with farlesstime or ef-
fort thanis requiredby existing approaches.

2 RELATED WORK

A varietyof technique$have emepgedfor thevisualizationof diffu-
siontensordata. Methodsbasedon visual abstraction®f the ten-
sorshave beenusedeffectively to corvey informationabouttensors
atlocal scaleswithin the volume(seeWestinetal. [26] for a sum-
mary). Direct volumerenderingtechniqueg11, 12] provide views
of the largertrendsin the data. Thesemethodsarenot designedo
extractor visualizeestimatedvhite matterpathways.

More relevantto our purposeof estimatingwhite matterconnec-
tivity are MR tractograply techniqueghat attemptto tracewhite
matterpathwaysfrom DTI data. Streamlinetracking (STT) tech-
niguestracepathwaysby following the principle directionof diffu-
sion[16, 5, 3]. Mori etal. [16] developedthe FACT algorithm,a
variable-ste[STT methodthatcanchangeadirectionsat the bound-
ary of eachvoxel. Conturoetal. [5] usedaconstanstepsize,while
Basseetal. [3] suggestedynamicallyadjustinghestepsizeto ac-
countfor pathway curvature.Lazaretal. [14] describedhetensor
de ection algorithm(TEND) basedn previouswork by Weinstein
[25]. TEND may provide moreaccuray in reconstructingcertain
anatomicalfeatures. Pouponet al. [19] developeda regulariza-
tion techniqueor improvedtracking,andsuggesteavaysto model
branchingof nene ber bundles.Zhukov andBarr[28] have used
regularizationbasedon assumption®f anatomicalsmoothness$o
extractpathwaysin the presencef noisydata.

Marny of thesetechniqueiave beencriticizedfor their inability
to handlebranchingor representincertainty[2, but they have been
shavn to be capableof recorering basicanatomicaktructures[28].
Zhanget al. [27] renderthe resulting pathways as streamtubes,
wherethe cross-sectionf the streamtubés determinedy thetwo
smallereigervectorsof the diffusiontensor da Silva etal. [6] use

streamtubeso visualizedifferencesetweendiffusion tensordata
sets,comparingboth tractograpl algorithmsand datasetsfrom
multiple subjects.

Several groupshave pointedout the potentialvalue of Itering
MR tractograpll data,both for renderingef ciency and simplic-
ity of display Zhangetal. [27] pre- Iter streamtubedasedon
length, averagelinear anisotropy, and distanceseparatingneigh-
boring streamtubesConturoet al. [5] usevolumetricregions of
interestto selectpathwaysthat connectanatomicallyor function-
ally de ned regions. Wakanaet al. [24] have combinedregion-of-
interest lters with AND, OR, andNQOT operationgo isolatepar
ticular neurologicalpathways. All threegroups lter streamtubes
asa pre-processingtep; unlike the presentapplication,thoseap-
plicationsdo notdescribeaninteractie Itering technique.

While therehasbeensigni cant progresson DTI visualization
algorithms, surprisingly little has beenwritten aboutinteraction
techniquesZhangetal. [27] have beendisplayingstreamtube
a CAVE environmentto explore the possibility that virtual reality
will helpdoctorsto make diagnoses.

Our interactve softwareis basedon the principlesof directma-
nipulation[22, 10] and dynamicqueries[1]. An importantmoti-
vationfor our techniquehasbeenthe developmentof recentmeth-
odsfor visualgueryandanalysis.HochheiseandShneidermafo]
shavedthe power andsimplicity of avisualqueryapproacHor an-
sweringspeci ¢ questionsabouttime-serieglata. By de ning and
manipulatingrectangularegions of interestwithin the dataset,a
researchecould selectquantities(e.g. stockprices)that followed
certainpatternsof behaior over time. Our software canbe seen
asan applicationof their 2-D spatio-temporamethodto the 3-D
spatialdomainof the brain.

3 PREPROCESSING

3.1 Acquiring and Processinghe Data

All DTI datawereacquiredrom a neurologicallynormalmalehu-

mansubjectaged35. TheDTI protocolinvolvedeightthree-minute
whole-brainscansaveragedo improve signalquality. We acquired
38 axial slicesfor two b-valuesp = 0andb= 800s=mn?¥ along12

differentdiffusiondirections.We useda 1.5T GE SignalLX anda

diffusion-weightedsingle-shotspin echo,echoplanarimaging se-
quencewith 2x2x3 mmvoxel size(TE= 63ms TR= 12s, NEX =

1; ip angle=90 ; FOV = 260mm matrix size= 128128, band-
width= 110kHz, partialk-spaceacquisition).

We also collectedhigh-resolutionT 1-weightedanatomicalim-
agesusing a sagittal 3D-SPGRsequencé1x1x1 mmvoxel size).
TheT1imageswereusedto con rm thelocationsof the DTI mea-
surementsvith respecto the anteriorcommissurgAC), posterior
commissure(PC), and the mid-sagittalplane. With theseland-
marks,we computeda rigid-body transformfrom the natve image
spacdo thecorventionalAC-PCalignedspace TheDTI datawere
thenresampledo 2 mmisotropicvoxelsusingaspline-basetensor
interpolationalgorithm[17], takingcareto rotatethetensordo pre-
sene their orientationwith respecto the anatomy We con rmed
thatthis co-registrationtechniquealignsthe DTI andT1 imagesto
within a few millimeters (exceptin regionsproneto susceptibility
artifacts,suchasorbito-frontalandanteriortemporalregions). The
registrationprocesgook abouttwenty minutes.

We precomputedractionalanisotropy valuesfor eachdiffusion
tensor Fractionalanisotrogy (FA) is derived from the normalized
varianceof the eigevaluesof eachdiffusiontensor[18]. FA is a
scalarvaluethat summarizeshe anisotropy of the ellipsoid repre-
sentationfor diffusion. An FA of zeroindicatessphericaldiffu-
sion, asis found in the gray matter As FA increasesthe diffu-
sionbecomesmoreanisotropic.FA valuesnear0:5 indicateeither
linear (cigar-shaped)or planar(pancale-shapedgllipsoids,asare



typically foundin thewhite matter As FA approacheg, the diffu-
sionbecomesncreasinglylinear, indicatedby long andthin ellip-
soids. We usethe precomputedrA valuesto establishtermination
criteria for pathtracing algorithms(Section3.2), to calculatethe
averageFA alongpathwaysfor querypurposegSection3.3), and
in ourinteractve applicationto aid in navigation(Sectior4.1). Our
decisionto useFA wasmotivatedby its widespreadhdoptionin the
literature;thereis reasonto consideralternatvesif the goalis to
develop new tractograpl algorithms. SeeWestinetal. [26] for a
gooddiscussiorof anisotroy measuregsndtheirusesn DTI.

3.2 Precomputing Pathways

Most existing tractograpl software tracespathwaysduring inter-
action: the userselectsa region of interestandthe softwaretraces
pathways from seedpointswithin this region. This approachhas
the disadwantagethat pathtracingcanbetime consumingJeading
to frustratingdelaysduring interaction. Instead,our approachis
to precomputepathwaysthat cover the entire white matterregion
of the brain, thenuseour softwareinterfaceto ef ciently “prune”
thesepathwaysto answerspeci ¢ questions.Accordingly, we ini-
tialized seedpointsfor pathtracingat every othervoxel in eachdi-
mensiongvenly samplingthe volumewith seedpoints. (A similar
seedingapproachwasdescribedoy Conturoetal. [5].) This sam-
pling stratgy ensuredthat eachwhite matterregion would have
at leastsomepathways passingthroughit. However, becausehe
pathway shapesannotbe predictedat seedingime, someregions
containmore pathwaysthanothers. In the future we may explore
other seedingmethodsthat discardpathways that are too closely
pacled,assuggestetby Zhangetal. [27] andVilanova etal. [23].

We generatedour pathways using two standardtractograph
methods.We chosethesetwo algorithmsbecausehey aresimple
andhave alreadybeencomparedn theliterature[14]:

STT: This methodfollows the principal diffusion direction
throughouthevolume.We useda constanstepsizeof 2 mm

anFA terminationthresholdof 0:15, andanangularthreshold
of 90 . The pathsgeneratedy STT often take sharpturns
becaus¢hey alwaysfollow thelargestmagnitudesigervector

evenin regionswherethetwo or threelargesteigervaluesare
nearlyidentical.

TEND: This methodusesthe tensorat eachpoint to multi-
ply theincomingpathvector resultingin anew vectorthatis
de ectedtowardthe principal directionof diffusion[14]. As
with STT, we useda constantstepsize of 2 mm anFA ter-
minationthresholdof 0:15, andan angularthresholdof 90 .
The pathsgeneratecby TEND are relatively straight, since
TEND avoids sharpturnswhenit encountersgegionsof low
anisotrop.

To interpolatebetweentensorsduring tracing, we useda simple
linear interpolationapproach28]. After thresholdingby FA, our
precomputatioprocesgproducedabout26; 000 pathways,includ-
ing about13;000from eachalgorithm. All 26;000 pathwayswere
computedn about ve minutesonanintel Pentium1.6 GHz PC.

3.3 Precomputing Statistical Properties of Pathways

Besidesprecomputinghe pathways, the systemalso precomputes
statisticsand otheraggreate pathinformationthat canbe usedto
specifyqueries.Thestatisticalcriteriawe have choseraremeantas
examplesandby no meangepresenain exhaustve set. Currently
we calculateandstorethefollowing propertiedor eachpathway:

Length: Longerpathsarelesslikely to representealanatom-
ical connectionssinceerroraccumulatesluring pathtracing.
Additionally, very shortpathsareoftendistracting.

AverageFractional Anisotropy: Pathwaysthatpasshrough
areaof low FA maybelesslikely to represenphysical con-
nections. (In thesenearlyisotropicregions, tractograpl al-
gorithmsdiffer greatlyin how to proceedwith pathtracing.)

AverageCurvature: Pathwaysthatmake sharpturnsareof-
tensuspecandmayrepresenincorrecttracings.Neuroscien-
tistsoftenhave prior knowledgeabouttheshape®f pathways,
andcanusethis propertyto remove pathwaysthatdo not fol-
low expectedshapes.Cunatureis computedfor eachsetof
threeconsecutie pointsalongthe path,by usingHeron's for-
mulato nd theosculatingircle, thencomputingtherecipro-
cal of its radius.

Tractography Algorithm: For later querying, the system
tagseachpathway with thealgorithmusedto generatét (STT
or TEND). Queryingby the algorithmallows the userof our
applicationto comparethe resultsof severaltractograply al-
gorithms,asdescribedn Section5.

4 THE DYNAMIC QUERY APPLICATION

This sectiondescribeghe userinterfaceto the interactve applica-
tion we have developed. The main purposeof our applicationis
exploratorydatavisualization:we wantto make it easierfor neuro-
scientistdo understandhe neuralpathwayssuggestethy MR trac-
tograply algorithms. Figure 2 shows a labeledscreen-shobf the
application.With our direct-manipulatiornterface,it is possibleto
identify anddisplay pathwaysthat satisfystatisticalconstraintspr
thatpasshroughspeci ¢ volumesof interest(VOIs). Theinterface
consistof threecomponentsThe VOI panel(bottomright) allows
the investigator to specify box-shapedegionsfor usein queries.
The query panel (bottom left) provides mechanismdo querythe
pathwaysbasedon intersectionswith VOIs and statisticalproper
ties. The scenewindow (top) displaysthe currently selectedpath-
waysandassistsn navigatingthe volumetricdataspace.

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

4.1 SpecifyingDynamic Queries

Before queryingthe data,an investigator mustbe ableto navigate
the volumetricdataspacerepresenteth the scenewindow. To be-
gin with, the investigator canchangethe camerapositionand ori-
entationusing a standardrackball/mousénterface. As a further
aid to navigation, the scenewindow providesthreemoveablecut-
ting planes(tomograms)which display planarreformationsof FA
data.Featurewisible in FA arecommonlyusedby neuroscientists
to navigatethe brain's white matterstructures.

Oftena querysequencédeginswith the selectionof a setof de-
siredpathwaysbasedn the statisticalcriteriadescribedn Section
3.3. A setof sliderbarsin the querypanelallows for theinteractve
speci cation of a range(min, max) of acceptablevalues. As the
investicator dragsary slider bar, the matchingpathwaysarefound
anddisplayedn the scenewindow.

A key featureof our applicationinvolvesthe useof VOIsto dis-
play pathwaysthat passthroughspeci ¢ anatomicategions. Once
speci ed, VOIs can be usedto form queriesby settingthe VOI
query expressionin the query panel. VOIs canbe combinedus-
ing simple AND and OR operationsor by typing in an arbitrary
Booleanlogic expression.The VOI editing panel(Figure 2, lower
right) allows for the exactspeci cationof VOI dimensionsandpo-
sition. As the VOI is modi ed usingthe slider barsor text wid-
gets,the queryis re-evaluatedimmediatelyandthe scenewindow
is updatedwith new pathway information.A VOI canbecontrolled
moredirectly in thescenewindow, by usingthemouseto click and
dragtheVOI. Theinvestigatorsimply selectsatomogramandthen



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 Pathw ays:
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.

Figure 2: The userinterface 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 mechanismsto 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. Neuroscientistsusethe VOI and query control panelsto identify speci ¢ neural pathways, which
are then displayed in the scenewindow above.
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Figure 3: Sequenceof dynamic queriesidentifying 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 cmin 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.

dragsthe VOI to ary positionon the plane. Onecanalsolink two
VOlIs to move themsymmetricallyin oppositebrain hemispheres.
Thiswasmadepossibleby aligningthedatato AC-PCspacewhich
de nesthe planehalfway betweerthe hemispheres.

4.2 Pathway Rendering

While othershave usedstreamtubeto represenpathways[27], we
have chosensimply to uselines. Lines canbe dravn muchfaster
thanstreamtubesandthey adequatelyepresentonnectvity infor-
mationof interestto neuroscientistgat the costof losinglocal in-
formationaboutthe underlyingtensordataalongthe path). To vi-
sually distinguishthe pathways, we usea simple “color jittering'
technique.In HSV color spacewe computea randomluminance
offsetfor eachpathway. The luminanceof eachpathway is deter
minedat startupandis held constanto avoid shimmeringartifacts.
Differencesin hue are usedto establishlogical groupingsof
pathways, usinga processwe call 'virtual staining'. Here,thein-
vestigator canchoosea hueanduseit to color all of the pathways
currentlydisplayedin the scenewindow. This allows investicators
to identify speci ¢ pathwaysandthenvisualizethemwithin their
surroundingontet: asthequeryis modi ed, theoriginal pathways
remainstained.Virtual stainingwasusedextensiely in generating
theresultsshavn in Section5, andin generating-igure1.

4.3 Implementation

This sectiondescribesheimplementatiordetailsof ourinteractve
application.The programwaswritten entirelyin C++, andwasde-
signedto work on ary moderninexpensve PCwithoutary special
hardware requirements.The programmales useof the visualiza-
tion toolkit (VTK) [21] for 3D scenegeneratiorandinteraction.
Sincedataexplorationnaturallyinvolvesmakingiterative adjust-
mentsto queriespurmaingoalhasbeento make thesystemimme-
diatelyresponsie whentheinvestigatorchanges query Onekey
to this interactvity is the preprocessinglescribedn the previous
section,but this preprocessings not enoughby itself to make our
systeminteractive. At runtime,we alsoneedto be ableto interac-
tively computeintersectiondbetweeriVOls andpathways. To facil-
itate fastintersectiorntests,our programstoreseachpathway's ge-
ometryasa hierarchicalbrientedboundingbox (or OBBTree). For
this we usedthe freely-availableRAPID softwarefrom the Univer
sity of North Carolina[8]. All VOIs andpathwaysarerepresented
as setsof trianglesthat can be efciently testedfor intersection.
The box-shaped/Ols aretrivial to triangulate,and the pathways
aretriangulatecasvery smallarea(long andthin) triangles. Since
the RAPID software only reportsobjectintersectiondbetweentri-
angles,our applicationalsoteststhe endpointsof eachpathway to
determinewhetherthe pathway is fully containedwithin the VOI.
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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 lobesin eachhemisphere. In four simple steps, a reseacher usedthe systemto 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 capturesthe pathways in the left hemisphere,which are stained yellow. d) Removing
the secondVOI from the query shows the results of b and ¢ 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 cmto reduce visual clutter.

Queriesbasedon precomputegbathway propertiesarevery fast
sincethe precomputed/aluesneedonly be comparedagainstthe
currentrangeof thequery Theperformancef RAPID is described
by Gottschalket al. [8], but their executiontimesarebasedon an
older SGI Reality Engine. In our own benchmark®n a 1:6 GHz
Pentiumlaptop PC, we are ableto intersecta VOI with between
80;000and220 000 pathwaysperseconddependingnthesizeof
theVOI. (LargerVOlsrequiremorebounding-boxests sincethey
intersectwith moreof the pathways.) This allows usto maintaina
framerateof 3-8 fps while manipulatingthe VOIs. While not the
mostef cient solutionfor intersectiorwith box-shaped/Ols, using
RAPID will allow ustoimplementmorecomple& (e.g.non-comwvex)
VOI shapesn thefuture,withouta majorchangen performance.

On average,eachpathway consumesapproximately20 KB of
memory including the OBBTree structureandthe points usedfor
rendering. Accordingly, we use510MB of memoryto represenall
26;000pathways.

5 RESULTS

In this sectionwe demonstratsomeof the capabilitiesof our sys-
tem. First, we acquireda DTI datasetcollectedfrom a singlenor
mal subject(describedn Section3.1). Usingthis datasetasinput
to our system,we identi ed threetypesof queriesthat are espe-
cially usefulto neuroscientistdn particular we will shav how our
systemhasbeenusedto validateknown white matterpathways,to
explore previously unidenti ed pathways,andto visually compare
tractograpls algorithms. All threeexampleswere producedby a
novice userof our systemwho is a neuroscientisspecializingin
brainimaging.

Usingour dynamicquerysystemthe neuroscientiseasilyiden-
tied two known neuralpathwaysin the testsubjectdata,the left
andright Inferior Longitudinal Fasciculi (ILF). Shovn in Figure
4, thesepathways connectthe 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 reseach. Our systemhelpsto form such hypothesesby al-
lowing reseachersto interactively poseand answer speci ¢ questions
about connectivity. The pathways shown were all produced using the
STT algorithm and were also limited to lengths greater than 4 cmto
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 dier. The
pathways showvn were limited to lengths greater than 4 cmto reduce
visual clutter.

hemispheref the brain. 1 To locatethe pathways, rst our neu-
roscientistestsubjectplaceda singleVOI covering both occipital
lobes,revealingall neuralpathwaysinvolvedin visual processing.
Next, he placedan additionalVOI in the right frontal lobe above
the eye andusedan AND operationto shav pathwaysconnecting
the two brainregions. The mary pathwayspassingbetweenthese
VOlIs comprisetheright ILF. Interestedo seewhethertheseneural
pathwayswerelocatedsymmetricallyonbothsidesof thebrain,the
researchemovedthesecond/Ol to asymmetricpositionin theleft
hemisphereidentifying theleft ILF. Finally, usingvirtual staining,
theneuroscientisseparatelgoloredthe pathwaysfrom eachhemi-
sphereso thatthey could be visually compared.This exploration
wasperformedn about ve minutes.

Our systemalso enablesexploration of novel pathways that
could motivate future research.Figure 5 shavs all the pathways
generatediy our systemwhich passbetweenthe occipital lobes
(responsibldor visual processing).To isolatethesepathways,the
neuroscientisplacedVOls on eachof the occipital lobesanddis-
playedthe conjunctionof the VOI queries. The majority of the
connectiongollow a known neuralpathway, crossingthe posterior
corpuscallosumandterminatingat a symmetriclocationin the op-
posite hemisphere.Interestingly someof themtravel forward to
crossat what appeargo be the anteriorcommissurea small bun-
dle of bers connectingthe two hemisphered®eneaththe corpus
callosum. Furtherresearchs necessaryo determinewhetherthis
anteriorpathway is real. In situationdik e this, our systemcanhelp
form hypothesesboutnovel pathwaysby allowing researcherto
interactvely poseandanswerspeci ¢ questionaboutconnectvity.
This explorationwasperformedn about ve minutes.

Finally, oursystentanbeusedo visually comparghepathways
estimatedby different tractograplg algorithms. Figure 6 shavs
pathwaysgeneratedy theSTTandTEND algorithms(describedn
Section3.2). By virtually stainingpathwayspassinghrougha re-
gionin thecorpuscallosumtheneuroscientisivasableto visualize
animportantdifferencebetweernthe two algorithms. The STT al-
gorithm, following the directionof greatestiffusionat eachpoint,
generate®nly 'U-shaped' pathways. The TEND algorithmaddi-
tionally producespathways passingfrom the corpuscallosumto
eachtemporallobe. As this exampleillustrates the pathwaysgen-
eratedby thesealgorithmscandiffer greatly Suchvisualizations
areusefulto the neuroscientistvho is uncertainaboutthe reliabil-
ity of estimatescrossalgorithms andto the expertin tractograph
who wantsto understandhe consequencesf algorithmicassump-
tions. This explorationwasperformedn abouttenminutes.

6 DiscussioN

The key to our systems utility is its ability to renderdataandre-
spondto queriesat interactve rates. Our colleaguesn psychol-
ogy stressedhesigni canceof this programasanexploratorytool;

quickly browsingthroughconnectionsn the braincouldbeinvalu-
ablein identifying areasof interestfor future study The system
could also assistscientistsinvestigating the neurologicalbasesof

disordersashasbeendonewith othermethodsfor analyzingDTI

data[15, 7, 13], or provide a diagnostictool for suchdisorders.It

couldbeemplo/edasaneducationahid for studentdearningabout
neuroanatomyasit allows for interactve viewing of the primary
anatomicapathways.

Our systemmay alsobe usefulfor exploring datafrom sources
otherthan DTI. Saleemet al. [20] have developeda methodof
tracingaxonalconnectiongcrossynapses live monkeys. MnCl
is injectedinto the monkey brain and transportecalong neuronal
tractswhereit canlaterbe detectedvith MRI. This approactmay

1Thereis still somedebateover the existenceof the ILF; seeCataniet
al. [4] for arecentdiscussion.



generatéargeamountsf veri able, high-resolutiordatathatcould
bebrowsedef ciently with our system.

Theresultswe have obtainedwith our systemhave beenlimited
by theresolutionof the dataandthe quality of the tractograplg al-
gorithms. It is importantto realizethat theseare not limitations
of our interactve technique but ratherthey arelimitations of the
currentacquisitiontechnologyand algorithms. CurrentDTI data
are highly restrictedin spatialresolution. The 2x2x3 mmresolu-
tion usedin this scanrepresentshe currentstateof the art. The
voxel dimensionsareroughly two ordersof magnituddargerthan
thecross-sectionakidth of white matteraxons(betweernl0and50
microns). This makesambiguitiesin tracinginevitable whenesti-
mating neuralpathwaysfrom the diffusiontensor eld. However,
despitelimitations in dataquality our systemremainsviable and
usefulfor exploring MR tractograpl dataandsuggestingpossible
hypothesesboutconnectity.

7 FUTURE WORK

The methodologyof precomputatiorand dynamicqueriesshould
yield several interestingenhancementm the future. In particu-
lar, it will be usefulto expandour systemto handlemultiple data
sets. For instance pnecouldinclude pathwaysfrom multiple sub-
jectsfor the purposef comparingpathologicalcaseso normal
onesor simply understandingopulationvariance.ln addition,our
techniqueshouldbeintegratedwith functionalmagneticesonance
imagingsothatthe usercansimultaneouslyiew connectvity and
activationinformationaboutspeci ¢ brainregions[5]. While these
methodscanbene t from adynamicqueryapproachthey will also
requirethe developmentof methodgso co-registerthe variousdata
sets.

We alsobelieve that usefulimprovementscould be madein the
visual representationf the pathways. Currentlythe pathwaysare
dravn simply aslines; however, it might be advantageoudo ag-
gregate pathwaysinto groups,or to simplify their pathsfor easier
interpretation Suchabstractiongouldalsocontainvisualcuesthat
measureeitherlocal DTI propertiesor statisticalinformation re-
gardingthe certaintyof the pathestimates.
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