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ABSTRACT

Motiv ation: The most reliable way in the current practice of medi-
cine to diagnose cancer is the pathological examination of a biopsy
which has a certain level of subjectivity. To reduce this subjectivity
and have a mathematical model for diagnosing cancer tissues we
consider the problem of automated cancer diagnosis in the context
of breast cancer tissues.

Summary: This work presents a graph theoretical technique that
identi es and computes quantitative metrics for tissue characteriza-
tion and classi cation. We segmented the digital images of histopa-
tological tissue samples having 10 14 magni cation and 960 960
pixels. Then for each image we generated cell-graphs using positional
coordinates of cells and surrounding matrix components. These cell-
graphs have 500-2000 cells(nodes) with 1000-10000 links depending
on tissue and the type of the cell-graph being used. We've calculated
a set of global metrics from cell-graphs and used them as the feature
set for learning.

Results: We compared our technique with other learning techniques
based on intensity values of images, voronoi diagrams of the cells,
and the previous technique we proposed for brain tissue images.
Among the compared techniques our approach gave %79.1 accu-
racy whereas we obtained learning ratios of %49.2, %54.1 and %75.9
with intensity based features, voronoi diagrams and our previous
technique, respectively.

Contact: bilgic@cs.rpi.edu

1 INTRODUCTION

Breastcanceris the mostcommoncancerandthe secondleading
causeof cancerdeathamongAmericanfemales,with the current
incidentratespredictingthat1 in 8 womenin the United Stateswill
develop breastcancerin herlifetime. Currently long-termsurvial
is approximately70%.Diagnosisandstagingfor prognosids based
onhistopathologicatxaminationandgradingof sugically removed
breastissueandaxillary lymphnodesPrognosti@analysiof breast
cancefin individual patientscurrentlydependon establishedlini-
cal,andlaboratoryparametersuchashistopatologicagradingand
hormonalreceptorstatusof individual tumortissues.
Unfortunately theseparametergreonly accuratdn approxima-
tely 75-80%o0f thecasesparticularlyin Stagd tumors.In thisgroup
of patients,despitebeingnodeneagative i.e. tumor con ned to the
breastwith no spreado lymph nodes,20-30%will recur Thus, it
is importantto be ableto predictwhich groupof thesepatientswill
needchemotherapto preventtumorrecurrenceCurrenttechniques
for diagnosingand predictingthe biological behaior of cancerin
individual patientsare basedpredominantlyon pathologicalpara-
meters.New moleculartechniquesare currently being utilized to

identify higherrisk for speci c subgroup®f cancerandarein great
demand.Unfortunately reliable prognosticinformationis still not
available in a signi cant percentageof individuals with common
typesof cancersuchasbreasicancer

A large setof automatedtancerdiagnosistools consistsof lear
ning somefeaturesets.Morphologicalfeaturessuchasarea,peri-
meter androundnes®f a nucleusareusedin Esgiaretal. (1998),
Gansteretal. (2001),Glotsoset al. (2003),Hamiltonetal. (1987),
Jain et al. (2004), Mangasarianet al. (1995), Reyeset al. (1999),
Tasouliset al. (2003),Wolberg etal. (1995),Zhouetal. (2002)for
this purpose Textural featuressuchasthe angularsecondmoment,
inversedifferencemoment,dissimilarity, andentropy derived from
the co-occurrencenatrix are usedfor diagnosisin in Esgiaret al.
(1998),Naguib et al. (1998),Glotsoset al. (2003),Hamiltonetal.
(1997), Shnorrenbeg et al. (1996), Tasouliset al. (2003), Wol-
berg etal. (1995).To distinguishthe healthyandcancerougissues
thesesystemsretrainedby usingarti cial neuralnetworks Sdnor-
renbeg et al. (1996), Tasouliset al. (2003), Zhou et al. (2002),
thek-nearesheighborhooalgorithmNaguib etal. (1998),Ganster
etal. (2001), supportvectormachinesGlotsoset al. (2003), linear
programmingMangasarianet al. (1995), logistic regression\bl-
berg etal. (1995),fuzzy Jain etal. (2004),andgeneticReyeset al.
(1999)algorithms.Complimentaryto the morphologicalandtextu-
ral featuresa few of thesestudiesusecolorimetricfeaturessuchas
theintensity saturationred, green,andblue component®f pixels
Gansteretal. (2001),Zhouetal. (2002)anddensitometrideatures
suchasthenumberof low opticaldensitypixelsin animageNaguib
etal. (1998),Hamiltonet al. (1997), Sdnorrenbeg et al. (1996).
Anothersubsebf thesestudiesusesfractalsthatdescribethe simi-
larity levels of different structuresfound in a tissueimageover a
rangeof scalesEinsteinet al. (1998), Esgiar Naguib, Sharifet al.
(2002). Thesestudiesusethe fractal dimensionsas their features
andusethe k-nearesheighborhoodilgorithmEsgiatr Naguib, Sha-
rif etal. (2002), neuralnetworks, and logistic regressionEinstein
et al. (1998) astheir classi ers. Finally, the orientationalfeatures
areextractedby makinguseof Gabor Iters thatrespondo contrast
edgesandline-like featuresof a speci c orientationTodmanet al.
(2001).

Therearealsosomeothermathematicatliagnosigoolsthatrely
on geneexpression(Ben-Dor et al. (2000); Furey et al. (2000)
Golub et al. (1999), Guyonet al. (2002)) and massspectroscop
(Wu et al. (2003))to detecta cancertumor. However, thesetools
requirehigh technologicahard-wiredsuchasmicro-array§Guyon
etal. (2002),Rifkin et al. (2003))or massspectrometeréMALDI,
http:info.med.yale.edu/wneick/prochem/procmald.htm)
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Anotherapproactusesspatialdependengcof thecellsratherthan
theintensityvalues It constructagraphof cellsfrom atissueimage
and computegraph-theoreticaleaturesthat quantify how the cells
are distributed over the tissue(Gunduzet al. (2004); Weyn et al.
(1999);Choi etal. (1997);Keenanetal. (2000)).In this approach,
a graphof a tissueis de ned representinghuclei as verticesand
de ning the edgesasto representhe relationshipshetweenadja-
centnuclei. In (Weyn et al. (1999), Choi et al. (1997); Keenan
etal. (2000)),the Voronoi diagramof the imageis constitutedand
its Delaunaytriangulationis built. In thesestudiesthe graph-based
featuresarede ned ontheDelaunaytriangulationgraphor its corre-
spondingminimumspanningree.Sincethe Delaunaytriangulation
allows the existenceof edgesbetweenonly the adjacentvertices,
thus,only therelationshipdetweercloselylocatednucleiarerepre-
sentedn this graphconstructiormethod.Moreover, prior to graph
constructionthismethodshouldcarryoutthesegmentatiorfor each
nucleus.

Recently we generalizedhe graphbasedapproacheso encode
apairwisespatialrelationshipbetweertwo verticesby constructing
cell-graphgGunduzetal. (2004)).In a cell-graph,the cell clusters
of thesampletissuearethe verticesandan edgeis de ned between
a pair of thesecell clustershasedon an assumptiorthat hasa bio-
logical foundation. For example, if we believe that cells that are
spatiallycloseto eachotheraremorelik ely to interact(e.g.,signal)
with eachotherthan more distantcells, thena link canbe made
betweerthemwith a probability thatdecaysxponentiallywith the
increasingEuclideandistancebetweenthem. Thus links of a cell
graphaimsat capturingthe biologicalinteractionsn theunderlying
tissue.

There are several signi cant adwantagesof our cell-graph
approach:(1) it enablesadaptinga rich setof metricsde ned by
the graphtheoryto be usedasthe features(2) it providesa com-
monframework for bothcell level andtissuelevel featurede nition
and extraction, and (3) sinceit usescell clustersinsteadof a sin-
glesegmentectell, it requiresonly determininghe coarsdocations
of the cells eliminatingthe necessityof high magni cationimages.
Furthermoredetailsof a cancerougell do not needto beresoled,
and a speci ¢ textural changein the imageis not required. Thus
the cell-graphapproachdiffers from the previously demonstrated
modelsthat also usetissueimageanalysis,andto the bestof our
knowledge,it is the rst techniqueto extractthe genericorganiza-
tional principlesof cancerousells from the tissueimagesfor the
purposeof bothdiagnosisandprognosticatiorof cancertumors.

Applicationsof graphtheoryto otherproblemdomainsarealso
impressve. Real-world graphsof varyingtypesandscaleshave been
extensvely investigated(Barabasi et al. (2002)) in technological
(Shavittet al. (2003)Gunduzand Yener et al. (2003); Faloutsos
etal. (1999)),social(Broderetal. (2000);Albertetal. (1999); Mil-
gramet al. (1967); Newmanet al. (2001); Wassermarand Faust
etal. (1994);Liljerosetal. (2001);Goldbeg etal. (2003))andbio-
logical systemgWuchty et al. (2003);Jeonget al. (2003)).In spite
of their differentdomains suchself-oiganizingstructuresinexpec-
tedly exhibit commonclassesof descriptve spatial (topological)
features(Barabasiet al. (2002); Watts and Strogatz et al. (1998);
Faloutsosetal. (1999);Albertetal. (1999);Gunduzand Yeneretal.
(2003)). Thesefeaturesare quanti ed by de nition of computable
metrics.Our computationakystemis basedon the hypothesighat
if one can constructa cell-graphthen one can de ne computable

metricson thesegraphsto identify cancerousissueanddistinguish
it from normalandreactie non-neoplasticonditions.

In this papemwe presentinovel mathematicalechnique;’mining
cell-graphsfor modelingand classi cation of breasttissues”.Our
modelingapproachis basedon graphtheory which enablesus to
represettissuesampleasagraph.We shav thatcell-graphmining
canclassify breasttissuesampledn different(dis)functionalstates
suchasbenign,in-situ andinvasie.

(@) (b)
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Fig. 1. Microscopic imagesof tissue samplessumgically removed from
humanbreasttissues:(a) a benigntissue example, (b) an in-situ tissue
example,(c) aninvasive tissueexample.

Contrib utions:

This work is an extensionof our previous resultson braintissue
imagesBecausef theunderlyingarchitecturatlifferencedetween
the breastand brain tissues,our previous techniqueis not ableto
modelandclassifythe samplesvith morethana %74 accurag. In
this work we extendthe cell-graphapproachto capturethe breast
tissuearchitectureaswell.

Organization: Therestof the paperis organizedasfollows. In
section2 we explain our methodologyto generatehe cell-graphsof
breastissuesln section3 we explain the de nitions of the metrics
thatareextractedfrom our graphsandusedasa featuresetfor lear
ning. We presentour experimentsandresultsat section4, andwe
concludeour discussiorwith a summaryanda featureperspectie
for ourresearch.

2 METHODOLOGY

Ourtechniqueconsistof sggmentingtheimageto extractthecells,
modelling the tissue by cell-graphsaccordingto the location of
the cells and then learning thesegraphsusing machinelearning
techniquesEachstepis furtherdiscussedn thefollowing sections.




2.1 Image Segmentation

1. Sggmentationin orderto form cell-graphson top of the cells,
rst we needto sggmentthe cells in tissueimages. Howe-
ver, imagesegmentations still anopenquestionandthereare
several sggmentationtechniquesthat are proposedfor diffe-
rent typesof images.K-meansalgorithm, which clustersthe
pixels of imagesaccordingto their RGB valuesinto cluste-

ring vectors,gave satishctoryresultsfor breasttissueimages.

The clusteringvectorsobtainedfrom K-meansalgorithm are
assignedseitherbeingcell or backgroundy a humanexper
tise. The clusteringvectorsare estimatedas to minimize the
following errorfunctionE,

XX
E= (xn )?

j=1 xn2Sj

This stepis depictedasthetransitionfrom gure 2ato 2h

2. Nodeldenti cation: Thenext stepis to translateheclassinfor-
mationto nodeinformation.After theimagesegmentationwe
have the pixelsthatconstitutea cell but still boundarieof the
cells are not available. We've placeda grid on the resulting
imagesof image segmentationto identify the cells. For each
grid entry we've calculatedthe probability of beinga cell as
theratio of cell pixelsto thetotal numberof pixelsin thegrid.
Then we've appliedthresholdingto decidewhetherthis grid
entryis acell or not.

Notethattherearetwo parameterin this step,namelygrid
sizeandthresholdvalue. The grid size dependon the actual
cell size and thereforeshould be decidedindependenfrom
the restof the work. Increasingthe thresholdvalue will help
to eliminatenoisein the imageseymentatiorbut increasingt
beyondanoptimumvaluewill resultin thelossof cellinforma-
tion. Therefore we needa thresholdvalue which canidentify
the cells and eliminatethe noisein the image. This stepcan
alsobe consideredhs downsamplingof the image. The result
of nodeidenti cation is givenin gure 2d.

2.2 Cell-Graph Generation

After the imageseggmentation,we have the locationsof the cells,
which arethecentersof thegrid entries We build our graphsontop
of thesegrid entries Formallyagraphis representedy G = (V; E)
whereV is thevertex setof the graphandE is the edgesetof the
graph.After imagesegmentatiorstepwe have the vertex setof the
graphsandin cell-graphgeneratiorwe form theedgeof thegraphs.

We've constructedthree different kinds of cell-graphscaptu-
ring the pairwise distancerelationshipbetweenthe nodes. These
threedifferentkinds of cell-graphsare explainedin the following
sections.

2.2.1 SimpleCell-Graphs: In simple cell-graphswe seta link
betweertwo nodesf theeuclideardistances lessthanathreshold.
Theeuclideardistancebetweertwo cellsis givenby

p
du;v) = (ux  wx)?+ (Uuy  vy).
whereuy anduy arex andy coordinate®f nodeu respectiely.
Thesegraphsform a relationbetweenmodesif they arecloseto
eachother

2.2.2 Probabilistic Cell-Graphs: The probabilistic model is a
moregeneralversionof simplecell-graphsin this modelwe build
alink betweentwo nodeswith a certainprobability which is given
by givenby

P(u;v) = d(u;v) for nodesu andv.

Thatis, thesegraphsmay build links betweentwo nodeswhich
arefar away from eachother Note that probabilisticgraphsdo not
necessarilfform links betweentwo nodesevenif the distancebet-
weentwo nodesis small. But still, it's morelikely that nodesthat
arecloseto eachotherwill have links andnodesthatarefar avay
from eachotherwill nothave links betweerthem.

2.2.3 Hierarchical Cell-Graphs: Theprevioustwo formsof gra-

phscapturethe global distribution of the cellsandwereusefull for

braintissueimages.However, the underlyingarchitecture®f brain

andbreastissuesaredifferentfrom eachother Breasttissueshave

lobular architecturevhereasprain tissuesdo not have suchhigher
level structures.For breasttissues,the pairwiserelationsof cells

within the sameglandaswell asthe pairwiserelationsof different
glandsarethereforeimportant. To capturethe lobular architecture
of the breasttissueswe needan hierarchicalrepresentatiorf the

tissues.We formed our hierarchicalgraphssimilar to the way we

formed our cell-graphs.After the nodeidenti cation stepwe had

our nodeg(cells)of thegraphsin orderto nd theclusterglobs)of

thetissueswe placeda grid ontop of thesecells.We calculatedhe

numberof cellsin the grid andcalculatedhe probability of beinga

clusterfor eachgrid entry Thenwe formedour graphson theseclu-

sters.We canthink this stepasfurther downsamplingof theimage
to capturethe cell clusters.This stepis shavn in gure 2e.

Note thatthe presencef a link betweemodesdoesnot specify
whatkind of relationshipexistsbetweerthe nodeg(cells);it simply
indicatesthat a relationshipof somesortis proposedo exist, and
thatit is dependenon the distancebetweercells. Surprisingly this
measurealoneis sufcient to revealimportant,diagnosticstructural
differencesn humantissues.

2.3 Cell-Graph Mining

In orderto learnthe differencesetweerthe graphswe needto nd
awayto extractthepropertiegmetrics)of thesegraphsThemetrics
thatare computedfor eachgraphare explainedin section3. After
calculatingour metrics,we have scaledour datasincesomemetrics
aretoo large andsomeof themaretoo smallthereforeeffectingthe
learningsigni cantly. We've scaledeachmetricto therange[ 1; 1]
for abettercomparasion.

We have usedsupportvectormachinefSVM) asour mainclassi-

er. The SVM algorithmcreateghe optimal separatindiyperplane
betweendata points suchthat the datapoints of different classes
fall into the oppositesidesof this hyperplanelf thereis no hyper
planethatseparatethesetwo classegi.e., if thedatais notlinearly
separable}his algorithmcreates hyperplandhatleadsto theleast
error.

Parameterf the optimal separatindhyperplaneare derived by
solving a quadraticprogrammingoptimizationproblemwith linear
equalityandinequalityconstraintsthis optimizationproblemmaxi-
mizesthe mamgin. In caseof a nonseparabla@lata set, the slack
variablesare introducedto minimize the error. An importantfea-
ture of supportvector machinesis the use of kernel functions.
The kernelfunction transformsthe input spaceto a new spaceand
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Fig. 2. The stepsof our methodology (a) Original tissueimageis openedn RGB space.(b) The resultof k-meanssegmentationblack pointsare part of
cellsandwhite pointsaretreatedasbackground(c) The applicationof grid andthresholdingo the resultingsegmentation Appling a thresholdingwill get
rid of the noisein the sggmentatiorandthe centerof grid entrieswill be usedasthelocationsof cells.(d) Theoverallresultof nodeidenti cation. (e) Simple
cell-graphsareformedbasedon the locationinformationof the cells. (f) A biggergrid is appliedto theimageto capturethe cell clusters Eachgrid entryis
thenthresholdedo getthe clusters After clusteridenti cation, hierarchicalgraphsarebuild on clustercells.

allows the algorithmto nd the optimal separatinghyperplanein

this new space The useof nonlinearkernelfunctionsallows using

non-linearitywithout explicitly requiringa non-linearalgorithm.
We've usedSVMs with theradialbasiskernel

K(xy)=e" "

To nd thebestparametersf C whereC is the penaltyparameter
and , we'veusedcross-alidation.After nding C and wetrained
our training setwith theseparametersWe thentestedour classi er
onthetestsetwhich is completelydifferentthanthetrainingset.

3 METRICS

In order to have a quantitve representatiorof the graphswe
extractedsomemetricsfrom the graphs.We use several different
topologicalpropertiesde ned on the entiregraph(i.e. globalgraph
metrics). Thesecell-graphfeaturesare as simple asthe numberof
neighboringcellswhich correspondso the degreeof anode.

1. Thesimplestmetricis thenumber of nodesin thegraph.The
degreeof a nodeis de ned asthe numberof its edges.Using
the distribution of the nodedegrees,we computethe average

degreeasaglobalmetric.A cancerousell clusteror tissuehas
typically larger valuefor this metrics.On the otherhand,it is
notalwaystheindicatorfor cancerasin the caseof in-situ cell
clustersor tissues.

. Another graphmetric is the clustering coef cient of a node

Ci, whichisde ned asC; = (2E;)=(k(k + 1)), wherek is
the numberof neighborsof the nodei andE; is the number
of existing links betweerits neighborgDorogo/tser andMen-
des,2002).This metricquanti estheconnectiity information
in the neighborhoodf a node.We usethe averageclustering
coefcient asaglobalmetric.

. Thepath length betweentwo nodess de ned astheir shortest

pathlengthin thegraph takingtheweightof eachlink asaunit
length.

. Given shortestpath lengthsbetweena nodei and all of the

reachablenodesaroundit, the eccentricity andthe closeness
of the nodei arede ned asthe maximumandthe averageof
theseshortestpath lengthsrespectiely. The maximumvalue
of the eccentricity alsoknown asthe diameter of a graph,is
anothemetricfor the classi er. This setof metricsre ects the
centrality of the node.We conjecturethattheir smallervalues




indicatethatthe nodeis closeto the centerof the cell-graph,
andhenceto the centerof the cancerinvasion.

5. Central points of the graphis de ned asthe pointshaving an
eccentricityequalto the radius.We've usedthis metricfor the
learningaswell.

6. Thehopplot valuere ects thesizeof aneighborhoodetween
ary two nodeswithin a hop. For hop h, the hop plot valueis
de ned asthe numberof nodepairssuchthatthe pathlength
betweerthesenodepairsis lessthanor equalto h hops.Using
thehopplot valuedistributions,two globalfeaturesarecompu-
ted.The rst oneis thehop-plot exponent whichis computed
asthe slopeof the hop plot valuesas a function of h in log-
log scale.The secondglobalfeatureis the effective diameter,

2
Nil whereN andE arethe
(N + 2E)#"
numberof nodesandedgesandH is the hop plot exponent.

whichis de ned as" =

7. We've also computedsomeglobal graph metrics which are
not directly computedrom the distributionsof thelocal graph
metrics.For examplethe ratio of the size of the giantconnec-
ted componenbver the size of the entire graphis one of the
distinguishingfeaturesn thelearningstep.In graphtheory the
giant connectedcomponentof agraphis de ned asthelargest
setof thenodeswhereall of the nodesn this setarereachable
from eachother

8. Otherglobalgraphmetricsarethe percentagef the isolated
and the end nodesin the entiregraph.A nodeof a graphis
calledisolatedpointif it hasno edgesi.e.,if it hasa degreeof
0. A nodeof agraphis calledendpointif it hasonly oneedge.

4 EXPERIMENTS
4.1 Data SetPreparation

The tissuesare randomly selectedfrom the archived Mount Sinai
Schoolof Medicine (MSSM) PathologyDepartmentarchives. For
eachsubject, a group of representate slides are chosenby the
pathologist,a subjectidenti er (i.e. the accessiomumberon slide
labels)are removed after diagnostictakulation in a codedmanner
Then, the codeddataare kept and, hence,thereis no ary direct
linked back to the subjects. Thesecasesare reviewed by breast
pathologistDr. Nagiin collaborationwith Shabnandafer MD. at
MSSNto reacha consensus.

This selectionis madeuniformly andrandomly but preference
aregivento casedrom the last5 years,unlessan adequatenum-
ber of available casesare not reachedThis allows accesgo more
caseghathave beenworked up andmanagedvith modernclinical,
radiological, sugical and pathologytechniquesAll patientpopu-
lations, regardlessof age, sex, or race, are be included. Patient

reportsare available to the pathologiston a pathology database.

First selectionis performedbasedon diagnosticcateories, such
asall patientsdiagnosedwith invasiveduct carcinomafrom 1999
to date After initial selection,individual casesreexaminedunder
themicroscopdo con rm the diagnosisandtechnicaladequag of
the material. This is performedby two independenpathologistdo
furtherensurereliability andaccurag. After a glassslideis chosen
for the study it will be numericallycoded,and patientidenti ers
will be removed. The codedtally of individual caseds securedn
the pathologist of ce. Digital photomicrographareobtainedin a
standardizeflashionwith regardsto magni cationandillumination.

Threemajor diagnosticgroupsare be formedandanalyzedThe
rst groupconsistof normalbreastissuesTheseareobtainedrom
sumical pathologymaterial. The secondgroup consistsof benign
reactive processessuchashyperplasiaradial scaror in ammatory
changes Florid hyperplasiamay simulateduct carcinomain situ
basedon cellularity. Histopathologicallyhowever, they areusually
easily discernedirom neoplasmsThe rationalefor including this
catgory is to testthe computeralgorithms, and prove that high
cellularity aloneis not mistalen for a neoplasticprocesausingthe
modelthatis proposedOtherbenignconditionssuchassclerosing
adenosiwill alsobe testedon the computermodelto ensurethat
alow power patternis not confusedwith invasive carcinoma.The
third groupis in ltrating carcinomasThede nition andgradingof
thesetumorsis performedaccordingto the publishedguidelinesof

themodi ed Bloom Richardsorcriteria.

We conductour experimentson the datasetthat comprisesthe
imagef cancerousindbenignbreastissuesThis datasetconsists
of bothinvasive andnoninvasive (ductalcarcinomain situ [DCIS])
cancerougissues.Similar to the brain tissuedataset, this dataset
containghetissuesf patientsthatwererandomlychoserfrom the
PathologyDepartmenarchivesin Mount Sinai Schoolof Medicine
andeachof thesetissueswas stainedwith hematoxylinand eosin
technigque.A Nikon CoolscopeDigital Camera/Scanneras used
to take the imagesof breasttissuesamplesimagesweretakenin
the RGB color spaceprior to color quantizationThe magni cation
of imagesis 100 14 andthey aretaken by usinga 10 micros-
copeobjective lensandthereis anothedensat the eye end..In our
experimentswe usetissueimageswith aresolutionof 960  960.

Ourdatasetcontaindmagesof 446 breastissuesampleghatare
removed from 36 differentpatients.We split this datasetinto the
trainingandtestsetseachof which consistsf 18 patientsthe pati-
entsof thetrainingandtestsetsarecompletelydifferent.In thisdata
set,somepatientshave tissuesamplef morethanonetissuetype
(for example,the samepatientmight have bothinvasive cancerous
andbenigntissuesamples)In the training set, we use84 invasive
cancerougissueimagesof 10 patients,38 non-irnvasive cancerous
(DCIS) tissueimagesof 5 patients,and82 benigntissueimagesof
10 patients.

In the test set, the tissueand patientdistribution is as follows:
118invasie cancerousissueimagesof 9 patients 55 DCIS tissue
imagesof 6 patientsand69 benigntissueimagesof 9 patients.

4.2 Comparative Results

We have calculatedhe accurag of ourlearningtechniqueandthen
comparedit againstthe intensity basedapproach,voronoi based
approachsimplecell graphsandhierarchicalell-graphs.

In the intensity-basedpproachfeaturesare extractedfrom the
gray-level or color histogranof pixelsanddo not provide ary infor-
mationaboutthe spatialdistribution of pixels. At the cellularlevel,
the intensity histogramof pixels surroundedy the boundaryof a
nucleusis employed to de ne features.For example, using gray-
level histograms Weyn et al. computedthe sum and meanof the
opticaldensitief the pixelslocatedin anucleusandde ned these
valuesasthe intensity-basedeaturesof the nucleus\é extracted
intensity-basedeaturedy emplo/ing the RGB valuesof pixelsin a
tissue For eachcolor channelwe computedhe meanandstandard
deviation of pixel valuesin anentireimageandusedthesevaluesas
thefeaturesetof theclassi er.
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Table 1. HierarchicalCell-GraphResults

Link Grid Size
Threshold| 4 5 8 10 16

60.1 64.3 689 76.4 69.5
67.0 66.0 65.0 81.8 68.0
59.6 70.0 739 759 70.0
57.6 60.6 749 70.0 69.5
68.5 66.5 704 69.5 69.5
61.6 60.6 65.0 70.4 69.5
64.0 58.6 64.0 66.0 69.5
60.6 714 63.1 66.0 69.5
58.6 57.6 63.5 66.0 69.5
542 53.7 655 66.0 69.5
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The choiceof grid size for clustersaffectsthe learning
ratio signi cantly. We obtain the bestresultswhenthe
grid sizeis 10andlink thresholds 2. Onthe otherhand,
we have alearningratio of %54.2whenthegrid sizeis 4
andthelink thresholds 10.

Table 2. ProbabilisticCell-Graphs

Link 9
Threshold
Benign 92.0 0.03 88.7 0.04 89.2 0.04 91.6 0.02 91.1 0.03
InSitu 50.9 0.04 54.9 0.06 55.1 0.05 50.2 0.04 47.8 0.07
Invasve  79.2 0.04 75.9 0.04 74.6 0.07 77.1 0.04 78.1 0.03
Overall 745 0.02 73.2 0.03 72.6 0.04 73.1 0.01 72.9 0.02

Table 3. Comparisorof thetechniques

Intensity Delaunay Probabilistic Simple Hierarchical Hybrid

Benign 20.6 80.9 90.5 84.7 84.9 90.9
InSitu 69.1 16.3 51.8 51.6 69.9 57.3
Invasive 54.6 56.3 77.0 85.6 80.7 86.3
Overall 49.1 54.1 73.4 75.8 74.0 79.2

In orderto quantifythe spatialdistribution of nuclei, Voronoidia-
gramsandtheir Delaunaytriangulationsare proposedOn a tissue
image, the Voronoi diagramconstitutesconvex polygonsfor each
nucleus.For a particularnucleus every pointin its polygonis clo-
serto itself thanto anothernucleusin the tissue. The dual graph
of the Voronoi diagramis the Delaunaytriangulation.The Voronoi
diagramof a sampletissueimage and its Delaunaytriangulation
areillustratedin gure 3. In this approach,we de ne the Voro-
noi diagramon cell-clustersthat we identify in nodeidenti cation
step.Thenwe evaluatethe metricsexplainedin section3 for these
diagrams.Thesemetrics are then given as the featuresetto the
classier.

(@) (b)

Fig. 3. (@)The voronoi cells of the tissue. (b)The dual of the voronoi
diagram Delaunaytriangulation.

In table 1 we seethat increasingthe link thresholdvalue also
increaseghe learningratio up to somepoint. Increasingthe link
thresholdbeyondthis valuedecreasethelearningratio.

In table 3 we give the comparatie results of the techniques
discussedn the paper The intensity basedapproachachieves a
learning ratio of 49.2 which is the worst ratio amongstthe the
others.Delaunaytriangulationof the cells gave betterresultsthan

theintensitybasedapproactsincethis techniqueembedghe spatial
distribution of the cellsin learning. Simple cell-graphs,however,

embedghe spatialdistribution of the cellsbetterthanthe Delaunay
triangulationandachievesa %75.93 2.53learningratioon everage
for link threholdsvarying betweenl and 10. Probabilisticcell-

graphsdoesnt changethe result signi cantly comparedwith the
simplecell-graphsandthey achieve alearningratioof %73.4 1.24.
Thelearningratio of hierarchicalgraphss dependenvn the choice
of the grid size and the link threshold. A good choice of these
metricsis smalllink thresholdsandafairly big to nd theclusters.
For hierarchicalgraphsafter somepoint increasingthe link thres-
hold doesnt changethe learningratio, sincewe obtaina complete
graphwhereeachnodehasalink to theothernodesThereforewvhen
we arecalculatingthe averagevaluefor the hierarchicakell-graphs
we omittedthelink thresholdgreatethan7. We've usedagrid size
of 10 which is ableto capturethe cell clusters.The learningratio

for hierarchicalgraphsis %74 4.89. As the lasttechniquewe've

combinedtheintensityfeaturesthe metricscalculatedrom simple
cell-graphsaandhierarchicakell-graphsandusedthis setasthe fea-
ture setof our classi er. This hybrid approachis calculatedfor a
grid sizeof 10 andthe averagevaluefor this techniques %79.1.

5 CONCLUSION

Previously, we usedcell-graphsto modeland classify braintissue
samplesvhich present diffusive structure.In this work we extend
andenhancehe cell-graphapproacto modelingandclassi cation
of breastissuesamplesvhich hasa lobular/glandulamarchitecture,
thusdiffer from braintissuessigni cantly.

Cell-graphsenableus to identify and computea rich set of
featuresthat representhe two dimensionalstructureinformation
of breasttissues. The feature setsare input to a supportvector
machinefor classi cationof benign,invasive andnonirvasie (duc-
tal carcinomain situ) cancerougissuesWe shav thataccurag of
classi cationdependsigni cantly to theconstructiorof cell-graphs




which needsto capturethe characteristicef underlyingnative tis-
sue. A computationalcomparisonof our approachto the related
work in the literatureshaws that cell-graphsare much more accu-
rate.However, we believe thataccurag canbeimprovedfurtherby
increasinghe datasizeandimagesegmentation.

Finally we notethatcell-graphscanbe usedasa decisionsupport
systemby pathologistspr simply for training.
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