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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.
Summar y: 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 mostcommoncancerand the secondleading
causeof cancerdeathamongAmericanfemales,with the current
incidentratespredictingthat1 in 8 womenin theUnitedStateswill
developbreastcancerin her lifetime. Currently, long-termsurvival
is approximately70%.Diagnosisandstagingfor prognosisis based
onhistopathologicalexaminationandgradingof surgically removed
breasttissueandaxillary lymphnodes.Prognosticanalysisof breast
cancerin individual patientscurrentlydependsonestablishedclini-
cal,andlaboratoryparameterssuchashistopatologicalgradingand
hormonalreceptorstatusof individual tumortissues.

Unfortunately, theseparametersareonly accuratein approxima-
tely75-80%of thecases,particularlyin StageI tumors.In thisgroup
of patients,despitebeingnodenegative i.e. tumor con�ned to the
breastwith no spreadto lymph nodes,20-30%will recur. Thus, it
is importantto beableto predictwhich groupof thesepatientswill
needchemotherapy to preventtumorrecurrence.Currenttechniques
for diagnosingandpredictingthe biological behavior of cancerin
individual patientsare basedpredominantlyon pathologicalpara-
meters.New moleculartechniquesare currently being utilized to

identify higherrisk for speci�c subgroupsof cancerandarein great
demand.Unfortunately, reliableprognosticinformation is still not
available in a signi�cant percentageof individuals with common
typesof cancer, suchasbreastcancer.

A large setof automatedcancerdiagnosistoolsconsistsof lear-
ning somefeaturesets.Morphologicalfeaturessuchasarea,peri-
meter, androundnessof a nucleusareusedin Esgiaret al. (1998),
Gansteret al. (2001),Glotsoset al. (2003),Hamiltonet al. (1987),
Jain et al. (2004),Mangasarianet al. (1995),Reyeset al. (1999),
Tasouliset al. (2003),Wolberg et al. (1995),Zhouet al. (2002)for
this purpose.Textural featuressuchastheangularsecondmoment,
inversedifferencemoment,dissimilarity, andentropy derived from
the co-occurrencematrix areusedfor diagnosisin in Esgiar et al.
(1998),Naguib et al. (1998),Glotsoset al. (2003),Hamiltonet al.
(1997), Schnorrenberg et al. (1996), Tasouliset al. (2003), Wol-
berg et al. (1995).To distinguishthehealthyandcanceroustissues
thesesystemsaretrainedby usingarti�cial neuralnetworksSchnor-
renberg et al. (1996), Tasouliset al. (2003), Zhou et al. (2002),
thek-nearestneighborhoodalgorithmNaguibetal. (1998),Ganster
et al. (2001),supportvectormachinesGlotsoset al. (2003),linear
programmingMangasarianet al. (1995), logistic regressionWol-
berg et al. (1995),fuzzy Jain et al. (2004),andgeneticReyeset al.
(1999)algorithms.Complimentaryto themorphologicalandtextu-
ral features,a few of thesestudiesusecolorimetricfeaturessuchas
the intensity, saturation,red,green,andbluecomponentsof pixels
Gansteret al. (2001),Zhouet al. (2002)anddensitometricfeatures
suchasthenumberof low opticaldensitypixelsin animageNaguib
et al. (1998),Hamilton et al. (1997),Schnorrenberg et al. (1996).
Anothersubsetof thesestudiesusesfractalsthatdescribethesimi-
larity levels of different structuresfound in a tissueimageover a
rangeof scalesEinsteinet al. (1998),Esgiar, Naguib, Sharif et al.
(2002). Thesestudiesusethe fractal dimensionsas their features
andusethek-nearestneighborhoodalgorithmEsgiar, Naguib,Sha-
rif et al. (2002),neuralnetworks, and logistic regressionEinstein
et al. (1998)as their classi�ers. Finally, the orientationalfeatures
areextractedby makinguseof Gabor�lters thatrespondto contrast
edgesandline-like featuresof a speci�c orientationTodmanet al.
(2001).

Therearealsosomeothermathematicaldiagnosistools that rely
on geneexpression(Ben-Dor et al. (2000); Furey et al. (2000)
Golub et al. (1999), Guyonet al. (2002)) andmassspectroscopy
(Wu et al. (2003)) to detecta cancertumor. However, thesetools
requirehigh technologicalhard-wiredsuchasmicro-arrays(Guyon
et al. (2002),Rifkin et al. (2003))or massspectrometers(MALDI,
http:info.med.yale.edu/wmkeck/prochem/procmald.htm)
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Anotherapproachusesspatialdependency of thecellsratherthan
theintensityvalues.It constructsagraphof cellsfrom atissueimage
andcomputegraph-theoreticalfeaturesthat quantify how the cells
are distributed over the tissue(Gunduzet al. (2004); Weyn et al.
(1999);Choi et al. (1997);Keenanet al. (2000)).In this approach,
a graphof a tissueis de�ned representingnuclei as verticesand
de�ning the edgesas to representthe relationshipsbetweenadja-
cent nuclei. In (Weyn et al. (1999), Choi et al. (1997); Keenan
et al. (2000)),theVoronoidiagramof the imageis constitutedand
its Delaunaytriangulationis built. In thesestudiesthegraph-based
featuresarede�nedontheDelaunaytriangulationgraphor its corre-
spondingminimumspanningtree.SincetheDelaunaytriangulation
allows the existenceof edgesbetweenonly the adjacentvertices,
thus,only therelationshipsbetweencloselylocatednucleiarerepre-
sentedin this graphconstructionmethod.Moreover, prior to graph
construction,thismethodshouldcarryoutthesegmentationfor each
nucleus.

Recently, we generalizedthe graphbasedapproachesto encode
apairwisespatialrelationshipbetweentwo verticesby constructing
cell-graphs(Gunduzet al. (2004)).In a cell-graph,thecell clusters
of thesampletissuearetheverticesandanedgeis de�ned between
a pair of thesecell clustersbasedon an assumptionthathasa bio-
logical foundation.For example, if we believe that cells that are
spatiallycloseto eachotheraremorelikely to interact(e.g.,signal)
with eachother than more distantcells, then a link can be made
betweenthemwith a probabilitythatdecaysexponentiallywith the
increasingEuclideandistancebetweenthem. Thus links of a cell
graphaimsatcapturingthebiologicalinteractionsin theunderlying
tissue.

There are several signi�cant advantages of our cell-graph
approach:(1) it enablesadaptinga rich set of metricsde�ned by
the graphtheoryto be usedasthe features,(2) it providesa com-
monframework for bothcell level andtissuelevel featurede�nition
andextraction, and(3) sinceit usescell clustersinsteadof a sin-
glesegmentedcell, it requiresonly determiningthecoarselocations
of thecellseliminatingthenecessityof high magni�cation images.
Furthermore,detailsof a cancerouscell do not needto beresolved,
and a speci�c textural changein the imageis not required.Thus
the cell-graphapproachdiffers from the previously demonstrated
modelsthat alsousetissueimageanalysis,and to the bestof our
knowledge,it is the �rst techniqueto extract thegenericorganiza-
tional principlesof cancerouscells from the tissueimagesfor the
purposeof bothdiagnosisandprognosticationof cancertumors.

Applicationsof graphtheoryto otherproblemdomainsarealso
impressive.Real-worldgraphsof varyingtypesandscaleshavebeen
extensively investigated(Barabasi et al. (2002)) in technological
(Shavittet al. (2003);Gunduzand Yener et al. (2003); Faloutsos
etal. (1999)),social(Broderetal. (2000);Albertetal. (1999);Mil-
gram et al. (1967); Newmanet al. (2001); Wassermanand Faust
etal. (1994);Liljerosetal. (2001);Goldberg etal. (2003))andbio-
logical systems(Wuchty et al. (2003);Jeonget al. (2003)).In spite
of their differentdomains,suchself-organizingstructuresunexpec-
tedly exhibit commonclassesof descriptive spatial (topological)
features(Barabasiet al. (2002); Watts and Strogatzet al. (1998);
Faloutsosetal. (1999);Albertetal. (1999);GunduzandYeneretal.
(2003)).Thesefeaturesarequanti�ed by de�nition of computable
metrics.Our computationalsystemis basedon the hypothesisthat
if one can constructa cell-graphthen onecan de�ne computable

metricson thesegraphsto identify canceroustissueanddistinguish
it from normalandreactive non-neoplasticconditions.

In thispaperwepresentanovel mathematicaltechnique,”mining
cell-graphsfor modelingandclassi�cation of breasttissues”.Our
modelingapproachis basedon graphtheorywhich enablesus to
represeta tissuesampleasagraph.We show thatcell-graphmining
canclassifybreasttissuesamplesin different(dis)functionalstates
suchasbenign,in-situ andinvasive.

(a) (b)

(c)

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

Contrib utions:
This work is anextensionof our previous resultson brain tissue

images.Becauseof theunderlyingarchitecturaldifferencesbetween
the breastandbrain tissues,our previous techniqueis not able to
modelandclassifythesampleswith morethana %74accuracy. In
this work we extend the cell-graphapproachto capturethe breast
tissuearchitectureaswell.

Organization: The restof the paperis organizedasfollows. In
section2 weexplainourmethodologyto generatethecell-graphsof
breasttissues.In section3 we explain thede�nitions of themetrics
thatareextractedfrom ourgraphsandusedasa featuresetfor lear-
ning. We presentour experimentsandresultsat section4, andwe
concludeour discussionwith a summaryanda featureperspective
for our research.

2 METHODOLOGY
Our techniqueconsistsof segmentingtheimageto extractthecells,
modelling the tissueby cell-graphsaccordingto the location of
the cells and then learning thesegraphsusing machinelearning
techniques.Eachstepis furtherdiscussedin thefollowing sections.

2



2.1 Image Segmentation
1. Segmentation:In orderto form cell-graphson top of thecells,

�rst we needto segment the cells in tissueimages.Howe-
ver, imagesegmentationis still anopenquestionandthereare
several segmentationtechniquesthat are proposedfor diffe-
rent typesof images.K-meansalgorithm, which clustersthe
pixels of imagesaccordingto their RGB valuesinto cluste-
ring vectors,gave satisfactoryresultsfor breasttissueimages.
The clusteringvectorsobtainedfrom K-meansalgorithm are
assignedaseitherbeingcell or backgroundby a humanexper-
tise. The clusteringvectorsare estimatedas to minimize the
following errorfunctionE ,

E =
kX

j =1

X

x n 2 S j

(xn � � j )2

This stepis depictedasthetransitionfrom �gure 2ato 2b.

2. NodeIdenti�cation: Thenext stepis to translatetheclassinfor-
mationto nodeinformation.After theimagesegmentation,we
have thepixels thatconstitutea cell but still boundariesof the
cells are not available. We've placeda grid on the resulting
imagesof imagesegmentationto identify the cells. For each
grid entry we've calculatedthe probability of beinga cell as
theratio of cell pixelsto thetotal numberof pixels in thegrid.
Then we've appliedthresholdingto decidewhetherthis grid
entryis a cell or not.

Note that therearetwo parametersin this step,namelygrid
sizeandthresholdvalue.The grid sizedependson the actual
cell size and thereforeshould be decidedindependentfrom
the restof the work. Increasingthe thresholdvaluewill help
to eliminatenoisein the imagesegmentationbut increasingit
beyondanoptimumvaluewill resultin thelossof cell informa-
tion. Therefore,we needa thresholdvaluewhich canidentify
the cells andeliminatethe noisein the image.This stepcan
alsobe consideredasdownsamplingof the image.The result
of nodeidenti�cation is givenin �gure 2d.

2.2 Cell-Graph Generation
After the imagesegmentation,we have the locationsof the cells,
whicharethecentersof thegrid entries.Webuild ourgraphson top
of thesegridentries.Formallyagraphis representedby G = (V; E )
whereV is thevertex setof thegraphandE is theedgesetof the
graph.After imagesegmentationstepwe have thevertex setof the
graphsandin cell-graphgenerationweform theedgesof thegraphs.

We've constructedthree different kinds of cell-graphscaptu-
ring the pairwisedistancerelationshipbetweenthe nodes.These
threedifferentkinds of cell-graphsareexplainedin the following
sections.

2.2.1 SimpleCell-Graphs: In simple cell-graphswe set a link
betweentwo nodesif theeuclideandistanceis lessthana threshold.
Theeuclideandistancebetweentwo cellsis givenby

d(u; v) =
p

(ux � vx )2 + (uy � vy ).

whereux anduy arex andy coordinatesof nodeu respectively.
Thesegraphsform a relationbetweennodesif they arecloseto

eachother.

2.2.2 Probabilistic Cell-Graphs: The probabilistic model is a
moregeneralversionof simplecell-graphs.In this modelwe build
a link betweentwo nodeswith a certainprobabilitywhich is given
by givenby

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

That is, thesegraphsmay build links betweentwo nodeswhich
arefar away from eachother. Note thatprobabilisticgraphsdo not
necessarilyform links betweentwo nodeseven if thedistancebet-
weentwo nodesis small. But still, it' s morelikely that nodesthat
arecloseto eachotherwill have links andnodesthatarefar away
from eachotherwill nothave links betweenthem.

2.2.3 Hierarchical Cell-Graphs: Theprevioustwo formsof gra-
phscapturetheglobaldistribution of thecellsandwereusefull for
braintissueimages.However, theunderlyingarchitecturesof brain
andbreasttissuesaredifferentfrom eachother. Breasttissueshave
lobular architecturewhereas,brain tissuesdo not have suchhigher
level structures.For breasttissues,the pairwiserelationsof cells
within thesameglandaswell asthepairwiserelationsof different
glandsarethereforeimportant.To capturethe lobular architecture
of the breasttissueswe needan hierarchicalrepresentationof the
tissues.We formedour hierarchicalgraphssimilar to the way we
formedour cell-graphs.After the nodeidenti�cation stepwe had
ournodes(cells)of thegraphs.In orderto �nd theclusters(lobs)of
thetissues,weplaceda grid on topof thesecells.Wecalculatedthe
numberof cellsin thegrid andcalculatedtheprobabilityof beinga
clusterfor eachgrid entry. Thenweformedourgraphsontheseclu-
sters.We canthink this stepasfurtherdownsamplingof the image
to capturethecell clusters.This stepis shown in �gure 2e.

Note that thepresenceof a link betweennodesdoesnot specify
whatkind of relationshipexistsbetweenthenodes(cells);it simply
indicatesthat a relationshipof somesort is proposedto exist, and
thatit is dependenton thedistancebetweencells.Surprisingly, this
measurealoneis suf�cient to revealimportant,diagnosticstructural
differencesin humantissues.

2.3 Cell-Graph Mining
In orderto learnthedifferencesbetweenthegraphswe needto �nd
awayto extracttheproperties(metrics)of thesegraphs.Themetrics
thatarecomputedfor eachgraphareexplainedin section3. After
calculatingourmetrics,wehave scaledourdatasincesomemetrics
aretoo largeandsomeof themaretoosmall thereforeeffectingthe
learningsigni�cantly. We'vescaledeachmetricto therange[� 1; 1]
for a bettercomparasion.

Wehaveusedsupportvectormachines(SVM) asourmainclassi-
�er . TheSVM algorithmcreatestheoptimalseparatinghyperplane
betweendatapoints suchthat the datapoints of different classes
fall into theoppositesidesof this hyperplane.If thereis no hyper-
planethatseparatesthesetwo classes(i.e., if thedatais not linearly
separable),thisalgorithmcreatesahyperplanethatleadsto theleast
error.

Parametersof the optimal separatinghyperplanearederived by
solvinga quadraticprogrammingoptimizationproblemwith linear
equalityandinequalityconstraints;thisoptimizationproblemmaxi-
mizes the margin. In caseof a nonseparabledata set, the slack
variablesare introducedto minimize the error. An importantfea-
ture of support vector machinesis the use of kernel functions.
Thekernelfunction transformsthe input spaceto a new spaceand
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(a) (b) (c)

(d) (e) (e)

Fig. 2. The stepsof our methodology. (a) Original tissueimageis openedin RGB space.(b) The resultof k-meanssegmentation,black pointsarepart of
cellsandwhite pointsaretreatedasbackground.(c) Theapplicationof grid andthresholdingto theresultingsegmentation.Appling a thresholdingwill get
rid of thenoisein thesegmentationandthecenterof grid entrieswill beusedasthelocationsof cells.(d) Theoverall resultof nodeidenti�cation. (e) Simple
cell-graphsareformedbasedon the locationinformationof thecells.(f) A biggergrid is appliedto theimageto capturethecell clusters.Eachgrid entry is
thenthresholdedto gettheclusters.After clusteridenti�cation, hierarchicalgraphsarebuild onclustercells.

allows the algorithm to �nd the optimal separatinghyperplanein
this new space.Theuseof nonlinearkernelfunctionsallows using
non-linearitywithoutexplicitly requiringa non-linearalgorithm.

We've usedSVMs with theradialbasiskernel

K (x; y) = e
 k x � y k 2
.

To �nd thebestparametersof C whereC is thepenaltyparameter
and
 , we'veusedcross-validation.After �nding C and
 wetrained
our trainingsetwith theseparameters.We thentestedour classi�er
on thetestsetwhich is completelydifferentthanthetrainingset.

3 METRICS
In order to have a quantitive representationof the graphs we
extractedsomemetricsfrom the graphs.We useseveral different
topologicalpropertiesde�ned on theentiregraph(i.e. globalgraph
metrics).Thesecell-graphfeaturesareassimpleasthe numberof
neighboringcellswhichcorrespondsto thedegreeof anode.

1. Thesimplestmetric is thenumber of nodesin thegraph.The
degreeof a nodeis de�ned asthenumberof its edges.Using
the distribution of the nodedegrees,we computethe average

degreeasaglobalmetric.A cancerouscell clusteror tissuehas
typically largervaluefor this metrics.On theotherhand,it is
not alwaystheindicatorfor cancerasin thecaseof in-situ cell
clustersor tissues.

2. Anothergraphmetric is the clustering coef�cient of a node
Ci , which is de�ned asCi = (2E i )=(k(k + 1)), wherek is
the numberof neighborsof the nodei andE i is the number
of existing links betweenits neighbors(Dorogovtsev andMen-
des,2002).This metricquanti�es theconnectivity information
in theneighborhoodof a node.We usetheaverageclustering
coef�cient asa globalmetric.

3. Thepath length betweentwo nodesis de�ned astheir shortest
pathlengthin thegraph,takingtheweightof eachlink asaunit
length.

4. Given shortestpath lengthsbetweena node i and all of the
reachablenodesaroundit, the eccentricity andthe closeness
of the nodei arede�ned asthe maximumandthe averageof
theseshortestpath lengthsrespectively. The maximumvalue
of theeccentricity, alsoknown asthediameter of a graph,is
anothermetricfor theclassi�er. This setof metricsre�ects the
centralityof thenode.We conjecturethat their smallervalues
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indicatethat the nodeis closeto the centerof the cell-graph,
andhence,to thecenterof thecancerinvasion.

5. Central points of thegraphis de�ned asthepointshaving an
eccentricityequalto theradius.We've usedthis metric for the
learningaswell.

6. Thehopplot valuere�ects thesizeof a neighborhoodbetween
any two nodeswithin a hop. For hop h, the hop plot valueis
de�ned asthe numberof nodepairssuchthat the pathlength
betweenthesenodepairsis lessthanor equalto h hops.Using
thehopplot valuedistributions,two globalfeaturesarecompu-
ted.The�rst oneis thehop-plot exponent, which is computed
as the slopeof the hop plot valuesasa function of h in log-
log scale.Thesecondglobal featureis theeffective diameter,

which is de�ned as" =
N 2

(N + 2E )
1
H

whereN andE arethe

numberof nodesandedges,andH is thehopplot exponent.

7. We've also computedsomeglobal graph metrics which are
not directly computedfrom thedistributionsof thelocal graph
metrics.For examplethe ratio of thesizeof thegiantconnec-
ted componentover the sizeof the entiregraphis oneof the
distinguishingfeaturesin thelearningstep.In graphtheory, the
giant connectedcomponentof agraphisde�nedasthelargest
setof thenodeswhereall of thenodesin this setarereachable
from eachother.

8. Otherglobalgraphmetricsarethepercentagesof the isolated
and the end nodesin the entiregraph.A nodeof a graphis
calledisolatedpoint if it hasnoedges,i.e., if it hasa degreeof
0. A nodeof agraphis calledendpoint if it hasonly oneedge.

4 EXPERIMENTS

4.1 Data SetPreparation
The tissuesare randomlyselectedfrom the archived Mount Sinai
Schoolof Medicine(MSSM) PathologyDepartmentarchives.For
eachsubject, a group of representative slides are chosenby the
pathologist,a subjectidenti�er (i.e. the accessionnumberon slide
labels)areremoved after diagnostictabulation in a codedmanner.
Then, the codeddataare kept and, hence,thereis no any direct
linked back to the subjects.Thesecasesare reviewed by breast
pathologistDr. Nagi in collaborationwith ShabnamJaffer MD. at
MSSNto reacha consensus.

This selectionis madeuniformly andrandomly, but preference
aregiven to casesfrom the last 5 years,unlessan adequatenum-
ber of availablecasesarenot reached.This allows accessto more
casesthathave beenworkedup andmanagedwith modernclinical,
radiological,surgical andpathologytechniques.All patientpopu-
lations, regardlessof age, sex, or race, are be included. Patient
reportsare available to the pathologiston a pathologydatabase.
First selectionis performedbasedon diagnosticcategories, such
asall patientsdiagnosedwith invasiveduct carcinomafrom 1999
to date. After initial selection,individual casesareexaminedunder
themicroscopeto con�rm thediagnosis,andtechnicaladequacy of
thematerial.This is performedby two independentpathologiststo
furtherensurereliability andaccuracy. After a glassslideis chosen
for the study, it will be numericallycoded,andpatientidenti�ers
will be removed. The codedtally of individual casesis securedin
thepathologist's of�ce. Digital photomicrographsareobtainedin a
standardizedfashionwith regardsto magni�cationandillumination.

Threemajordiagnosticgroupsarebeformedandanalyzed.The
�rst groupconsistsof normalbreasttissues.Theseareobtainedfrom
surgical pathologymaterial.The secondgroupconsistsof benign
reactive processes,suchashyperplasia,radialscaror in�ammatory
changes.Florid hyperplasiamay simulateduct carcinomain situ
basedon cellularity. Histopathologically, however, they areusually
easilydiscernedfrom neoplasms.The rationalefor including this
category is to test the computeralgorithms, and prove that high
cellularity aloneis not mistaken for a neoplasticprocessusingthe
modelthat is proposed.Otherbenignconditionssuchassclerosing
adenosiswill alsobe testedon the computermodel to ensurethat
a low power patternis not confusedwith invasive carcinoma.The
third groupis in�ltrating carcinomas.Thede�nition andgradingof
thesetumorsis performedaccordingto thepublishedguidelinesof
themodi�ed BloomRichardsoncriteria.

We conductour experimentson the dataset that comprisesthe
imagesof cancerousandbenignbreasttissues.Thisdatasetconsists
of both invasive andnoninvasive (ductalcarcinomain situ [DCIS])
canceroustissues.Similar to the brain tissuedataset, this dataset
containsthetissuesof patientsthatwererandomlychosenfrom the
PathologyDepartmentarchivesin Mount SinaiSchoolof Medicine
andeachof thesetissueswasstainedwith hematoxylinandeosin
technique.A Nikon CoolscopeDigital Camera/Scannerwas used
to take the imagesof breasttissuesamples.Imagesweretaken in
theRGB color spaceprior to color quantization.Themagni�cation
of imagesis 100 � 14 and they are taken by usinga 10 micros-
copeobjective lensandthereis anotherlensat theeye end..In our
experiments,we usetissueimageswith a resolutionof 960� 960.

Ourdatasetcontainsimagesof 446breasttissuesamplesthatare
removed from 36 differentpatients.We split this dataset into the
trainingandtestsetseachof whichconsistsof 18patients;thepati-
entsof thetrainingandtestsetsarecompletelydifferent.In thisdata
set,somepatientshave tissuesamplesof morethanonetissuetype
(for example,thesamepatientmight have both invasive cancerous
andbenigntissuesamples).In the training set,we use84 invasive
canceroustissueimagesof 10 patients,38 non-invasive cancerous
(DCIS) tissueimagesof 5 patients,and82 benigntissueimagesof
10patients.

In the test set, the tissueand patientdistribution is as follows:
118invasive canceroustissueimagesof 9 patients,55 DCIS tissue
imagesof 6 patients,and69 benigntissueimagesof 9 patients.

4.2 ComparativeResults
Wehave calculatedtheaccuracy of our learningtechniqueandthen
comparedit againstthe intensity basedapproach,voronoi based
approach,simplecell graphs,andhierarchicalcell-graphs.

In the intensity-basedapproachfeaturesare extractedfrom the
gray-level or colorhistogramof pixelsanddonotprovideany infor-
mationaboutthespatialdistribution of pixels.At thecellular level,
the intensityhistogramof pixels surroundedby the boundaryof a
nucleusis employed to de�ne features.For example,usinggray-
level histograms,Weyn et al. computedthe sumandmeanof the
opticaldensitiesof thepixelslocatedin anucleusandde�ned these
valuesas the intensity-basedfeaturesof the nucleusWe extracted
intensity-basedfeaturesby employing theRGBvaluesof pixelsin a
tissue.For eachcolor channel,we computedthemeanandstandard
deviationof pixel valuesin anentireimageandusedthesevaluesas
thefeaturesetof theclassi�er.
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Table 1. HierarchicalCell-GraphResults

Link Grid Size
Threshold 4 5 8 10 16

1 60.1 64.3 68.9 76.4 69.5
2 67.0 66.0 65.0 81.8 68.0
3 59.6 70.0 73.9 75.9 70.0
4 57.6 60.6 74.9 70.0 69.5
5 68.5 66.5 70.4 69.5 69.5
6 61.6 60.6 65.0 70.4 69.5
7 64.0 58.6 64.0 66.0 69.5
8 60.6 71.4 63.1 66.0 69.5
9 58.6 57.6 63.5 66.0 69.5
10 54.2 53.7 65.5 66.0 69.5

The choiceof grid size for clustersaffects the learning
ratio signi�cantly. We obtain the bestresultswhen the
grid sizeis 10andlink thresholdis 2. On theotherhand,
wehavea learningratioof %54.2whenthegrid sizeis 4
andthelink thresholdis 10.

In orderto quantifythespatialdistributionof nuclei,Voronoidia-
gramsandtheir DelaunaytriangulationsareproposedOn a tissue
image,the Voronoi diagramconstitutesconvex polygonsfor each
nucleus.For a particularnucleus,every point in its polygonis clo-
ser to itself than to anothernucleusin the tissue.The dual graph
of theVoronoidiagramis theDelaunaytriangulation.TheVoronoi
diagramof a sampletissueimageand its Delaunaytriangulation
are illustrated in �gure 3. In this approach,we de�ne the Voro-
noi diagramon cell-clustersthat we identify in nodeidenti�cation
step.Thenwe evaluatethemetricsexplainedin section3 for these
diagrams.Thesemetricsare then given as the featureset to the
classi�er.

(a) (b)

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

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

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

Table 2. ProbabilisticCell-Graphs

Link 5 6 7 8 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

Invasive 79.2� 0.04 75.9� 0.04 74.6� 0.07 77.1� 0.04 78.1� 0.03
Overall 74.5� 0.02 73.2� 0.03 72.6� 0.04 73.1� 0.01 72.9� 0.02

Table 3. Comparisonof 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

theintensitybasedapproachsincethis techniqueembedsthespatial
distribution of the cells in learning.Simple cell-graphs,however,
embedsthespatialdistributionof thecellsbetterthantheDelaunay
triangulationandachievesa%75.93� 2.53learningratiooneverage
for link threholdsvarying between1 and 10. Probabilisticcell-
graphsdoesn't changethe result signi�cantly comparedwith the
simplecell-graphsandthey achievealearningratioof %73.4� 1.24.
Thelearningratio of hierarchicalgraphsis dependenton thechoice
of the grid size and the link threshold.A good choice of these
metricsis small link thresholdsanda fairly big to �nd theclusters.
For hierarchicalgraphsafter somepoint increasingthe link thres-
hold doesn't changethe learningratio, sincewe obtaina complete
graphwhereeachnodehasalink to theothernodes.Thereforewhen
wearecalculatingtheaveragevaluefor thehierarchicalcell-graphs
weomittedthelink thresholdsgreaterthan7. We'veusedagrid size
of 10 which is able to capturethe cell clusters.The learningratio
for hierarchicalgraphsis %74� 4.89. As the last techniquewe've
combinedtheintensityfeatures,themetricscalculatedfrom simple
cell-graphsandhierarchicalcell-graphsandusedthis setasthefea-
ture setof our classi�er. This hybrid approachis calculatedfor a
grid sizeof 10 andtheaveragevaluefor this techniqueis %79.1.

5 CONCLUSION
Previously, we usedcell-graphsto modelandclassifybrain tissue
sampleswhich presenta diffusive structure.In this work we extend
andenhancethecell-graphapproachto modelingandclassi�cation
of breasttissuesampleswhich hasa lobular/glandulararchitecture,
thusdiffer from braintissuessigni�cantly.

Cell-graphsenableus to identify and computea rich set of
featuresthat representthe two dimensionalstructureinformation
of breasttissues.The featuresetsare input to a supportvector
machinefor classi�cationof benign,invasive andnoninvasive (duc-
tal carcinomain situ) canceroustissues.We show thataccuracy of
classi�cationdependssigni�cantly to theconstructionof cell-graphs
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which needsto capturethe characteristicsof underlyingnative tis-
sue. A computationalcomparisonof our approachto the related
work in the literatureshows that cell-graphsaremuchmoreaccu-
rate.However, we believe thataccuracy canbeimprovedfurtherby
increasingthedatasizeandimagesegmentation.

Finally wenotethatcell-graphscanbeusedasadecisionsupport
systemby pathologists,or simply for training.
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