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Abstract—Thispaperpresentsanewalgorithm,Reinforced
andInformedNetwork-basedClustering(RINC),forfinding
unknowngroupsofsimilardataobjectsinsparseandlargely
non-overlappingfeaturespace whereanetworkstructure
amongfeaturescanbeobserved.Sparseandnon-overlapping
unlabeleddatabecomeincreasinglycommonandavailable
especiallyintextminingandbiomedicaldatamining.RINC
insertsadomaininformed modelintoa modellessneural
network.Inparticular,ourapproachintegratesphysically
meaningfulfeaturedependenciesintotheneuralnetwork
architectureandsoftcomputationalconstraint.Ourlearning
algorithmefficientlyclusterssparsedatathroughintegrated
smoothingandsparseauto-encoderlearning.Theinformed
designrequiresfewersamplesfortrainingandatleastpartof
themodelbecomesexplainable.Thearchitectureoftherein-
forcednetworklayerssmoothssparsedataoverthenetwork
dependencyinthefeaturespace. Mostimportantly,through
back-propagation,the weightsofthereinforcedsmoothing
layersaresimultaneouslyconstrainedbytheremainingsparse
auto-encoderlayersthatsetthetargetvaluestobeequal
totherawinputs.EmpiricalresultsdemonstratethatRINC
achievesimprovedaccuracyandrendersphysicallymeaningful
clusteringresults.

Keywords-UnsupervisedLearning,Clustering,ArtificialNeu-
ralNetworks

I.INTRODUCTION

Theexploratoryandunsupervisednatureofaclustering
taskinherentlydeterminesthatitisanill-posedproblemin
contrasttosupervisedlearninginmachinelearning[1].The
challengesofclusteringinclude1)Aclusteringalgorithm
mayproducesolutionsseemequallyplausiblewithoutprior
adequateknowledgeaboutthedatadomain,ormayproduce
meaninglessresultsifithaserroneousassumptionsabout
theunderlyingdatadistribution.Thereforeintegrationofany
possiblepriorinformationaboutthedatadomainisdesirable
foraproperclusteringsolution[2].2)Everyclustering
algorithmseeksawaytofindgroupsofsimilarobjects.
Itiscrucialinclusteringanalysistocalculatesimilarity
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betweentwovectorsofdataobjects.Curseofdimensionality
inhighdimensionalspacemakessimilaritymeasurementfor
sparsedataextremelychallenging[3].3)Datacollected
intextminingandbiomedicaldatamining,especiallyin
cancerresearch,arehighlyvariableinnature.Forexample,
therearenotclearlydefined,well-accepteddefinitionof
molecularsubtypesin mostcancersandintheprecise
identificationofmolecularsubtypesindiseaseremainsan
openproblem[4].Complexdiseasessuchascancercallfor
data-drivenmachinelearningalgorithmsthatcanidentify
diseasesubtypes,differinginresponsetotherapy,recurrence
risk,andoverallsurvival.
Inthispaper, wepresentanewalgorithm,called

ReinforcedandInformedNetwork-basedClustering(RINC),
forfindingclustersinsparseandlargelynon-overlapping
featurespacewhereanetworkstructureamongfeaturescan
beobservedfromdomain.Ourapproachintegratesphysi-
callymeaningfulfeaturedependenciesintoneuralnetwork
architectureandsoftcomputationalconstraintdesignand
efficientlyclusterssparsedatathroughintegratedsmoothing
andsparseauto-encoderlearning,whichwillincreasethe
informationentropyinthemodel,decreasetheuncertaintyof
theresults,withoutaddingmorevariablestothemodel.We
leavethethingsweareuncertainaboutflexibletochange,
andonlycutouttheedgeslesspossible.Theinformeddesign
requireslesssamplesfortrainingandatleastpartofthe
modelbecomesexplainable.
Theuseofneuralnetworksallowstheimplementation

withmulti-layered,arbitrarilynon-linearstructures,whichis
essentialforaddressingthecomplexitiesofhighlynonlinear
realdatasets[5].However,astandardneuralnetwork,given
itsdatahungrynature,cannotachieveitsfullpotentialwhen
dataissparseandsamplessizesarehundredsofordersof
magnitudesmallerthanthedimensionofthefeaturespace
[6].Ourmodelconsistsofintegratedlayersofinformed
andreinforcednetworksmoothingandsparseauto-encoder.
Thearchitectofhiddenlayersincorporatesexistingnetwork
dependencyinfeaturespace.Thereinforcednetworklay-
erssmoothsparsedataoverthenetworkstructure. Most



importantly,throughback-propagation,theweightsofthe
reinforcedsmoothinglayersaresimultaneouslyconstrained
bytheremainingsparseauto-encoderlayersthatsetthe
targetvaluestobeequaltotherawinputs.
Moreover,empiricalresultsdemonstratethatRINCout-

performscompetitorsandachievesimprovedaccuracyand
renderphysicallymeaningfulclusteringresults.Thus,our
maincontributionsareasfollows.

1)Robustnessonsparseandnon-overlappingdata.RINC
integratespriordomainknowledgeintothelearning
modelinformsofarchitecture,networksmoothing,
andregularization.Itachievesgoodaverageper-
formanceforfindingclustersinsparseandnon-
overlappingfeaturespace.

2)InformationIntegration.RINCoptimallyputsdomain
knowledgeintoanewdesignofreinforcedsmoothing
structureandauto-encoder.

3)PhysicallyMeaningfulClusteringResults.Inourem-
piricalstudies,successfulclusteringisobtainedwith
clinicallyrelevantoutcomes.

II.RINC:REINFORCEDANDINFORMED
NETWORK-BASEDCLUSTERING

A.ProblemStatementandNotations

OurRINCneuralnetworkmodelisdesignedtodealwith
non-overlappingsparsedata.Thecostfunctionoftheneural
networkessentiallyhelpsustodynamicallydecideclusters
duringthetrainingprocess.
Thekeypointsinouroverallcostfunctionare:1)sparsity
andnon-overlap:integratingsmoothingoperationsina
reinforcedandinformedneuralnetworkstructure;and2)
non-overlap:enforcingtheinter-featuregraphstructureina
“guidedauto-encoder.”
Ourproposedcostfunctionmeasureshowwellaneural

networkdoeswithrespecttoitsgiventrainingsamplesand
theexpectedoutputs:

Cost=Lossα+Regα, (1)

where Lossα istheinnerlossthat oversees both
data smoothing and auto-encoder learning, and
Regα is the regularization that guides the auto-
encoder.In particular,Lossα = ||X − WαH||

2
2 ,

Regα = λTrace(HLαH
T).LetX ∈ IRm×n denote

therawinputdatamatrixwithnfeaturesandmsamples,
H ∈ (IR+)k×n representthedecoder weight matrix
thathasksuggestedclusters,λbetheregularization
hyper-parameter,andWα∈(IR

+)m×krepresentthevector
ofthehiddenneuronsoftheauto-encoder.H containsthe
edgesthatconnectthe2nd layerneuronstoW hidden
neurons.The2nd layerneuronsareiterativelysmoothed
bydefusingthefeaturevaluesthroughtheneighboring
featuresasdeterminedbytheinter-featurerelationnetwork.
Herewechoosetheactivationfunctionsoftheneurons

Notation Description
n #offeatures
m #ofsamples
k #ofclusters
p #ofsmoothingoperationineachiteration
X Inputsamplematrix

xi ithsamplevector

xαi Smoothedithsamplevector
Wα Encodedsamplematrix

wαi Encodedvectorcorrespondstotheithsample
S,Lα Supportingmatrices
H,H∗ DecoderandEncodermatrices
α Smoothingparameter
η Learningrate
λ Regularizationhyper-parameter

TableI:NotationTable

thatcanproducenon-negativevalues,suchasarectified
linearunit(ReLU),toproducemoreinterpretableclustering
result.Theinputofauto-encoderisthesmootheddata.The
subscriptαofW isthesmoothinghyper-parameterused
bythefirsttwolayerssmoothingunit.Finally,Lα∈IR

n×n

isasupportingmatrix,obtainedbytheLaplacianofthe
inter-featurerelationnetwork. Figure1representsan
schematicoverviewofthemodel.

Tohelpunderstandthealgorithmsandformulasinthis
paper, WelistthenotationsusedintheRINCmodelin
TableI.

B.InformedDesign:IntegrateInter-featureRelationInfor-
mationintotheDesignofNeuralNetworkArchitecture

Non-overlappingandsparsedatasetsarenaturallyhardto
cluster,butwecanusesmoothingmethodstoeliminatethe
non-overlappingpropertyandmakethedatasetslesssparse.
Ourapproachtodothesmoothingprocessisintegrate
inter-featurerelationinformationintheclusteringproblem.
Oneofthekeycontributionsofourmodelisthatunlike
otherexistingmethods,wheresmoothingandsubsequent
clusteringareperformedindependently,weintegratethese
operationsintoaunifiedneuralnetworkframework.

LetG=(V,E)denoteainter-featurerelationnetwork,
withV representingvertices(nodes)andE representing
edges.Nodesoftheinter-featurerelationnetworkarepar-
titionedbyV=Vinf∪Vaff,whereVinfdenotestheset
ofinfluencerfeaturesandVaffdenotesthesetofaffected
features.Existenceofainter-featurerelationbetweena
influencerfeaturevinf ∈ Vinfandanaffectedfeatures
vaff ∈ Vaff,impliesanedgevinf → vaff inthe
network. WedenotethisedgebyEinf,aff=(vinf,vaff).
Letσ(vaff) ={vinf|(vinf,vaff)∈E}anddefinethe
smoothingmatrix

S=D−1/2AgD−1/2. (2)

HereAgisthen×nadjacencymatrixoftheinter-feature
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Figure1:a)OverviewofRINCmodel.Theinput,smoothing,clusteringinputandoutputnodenumbersareequaltothe
numberoffeatures.Theintermediatelayerinclusteringstructurehasthenumberofnodesequaltothenumberofclusters
wewanttofindinthedatasets.b)Thesmoothingstructureusesarecursivelyreinforcedstructuretodomultiplesmoothing
operationsdescribedinEquation4.Sintheformulaistheinter-featurenetworkconnectionbetweenthesetwolayers
describedbyAginEquation3.c)Illustratingexamplesoftherawdataandsmootheddata.Weshowabout1000genesover
the92AdenoidCysticCarcinomacancerpatients.Blackmeansthepatient’sgenerelatedtothatpositionisnotmutated,
andwhitemeansmutated.Aftersmoothingbygene-interaction,sparserawdatastarttopresentmeaningfulpatterns.

graphicnetwork,where

Agij=
1, i=jandσ(vaffi)∩σ(vaffj)=∅

0,otherwise
(3)

andDisadiagonalmatrixwithDiiequaltothesumof
theithrowofAg.LetA0denoteanormalizedinputvector
withA∈{0,1}nandletα∈(0,1).SmoothingofA0over
thenetworkisthenobtainedby[7]:

At+1=αSAt+(1−α)A0. (4)

Notethatast→ ∞,Atwillconvergetoastablesolution
A∗,whichisthesmoothedA0overthenetwork. Were-
formulateEquation4asfollowstofacilitateneuralnetwork
implementation:

xαi←αSc+(1−α)xi, c←xαi (5)

herexiisinitializedastheinputvectorofthei
thsample,

andxαiisthesmoothedinputofthei
thsample.Thevector

cconceptuallycorrespondstoalayeroftheneuralnetwork
thatstoresandtransfersinformationamongdifferentsam-
ples. Werefertothislayerasthe“context”layer(thefirst
layerinFigure1).

C.InformedDesign:IntegrateInter-featureRelationInfor-
mationintoRegularization

Wedesignasparseauto-encoderunderasoftconstraintof
inter-featurenetworkstructure. Wealsotakeanadditional
steptoapplyactivationfunctionontheencodedlayerto
ensuretheencodedresultsarenon-negatives.Non-negativity
ontheencodedlayerproducesinterpretableclusteringresults
thatarealsodesirableinscientificdomains[8].Weconnect
thisauto-encodertotheoutputfromprevioussmoothing
unitsandbuildeverythingintooneneuralnetwork. We
imposearegularizationbasedoninter-featurerelationin-
formationtoguidethesparsityandincreaseinterpretability
oftheresultsinaphysicallymeaningfulway.Asbefore,let
xαibethesmoothedinput,xithei

thoriginalinputinthe
datasetX,H∗theencodermatrix,H thedecodermatrix,
andwtheencodedvector.Theauto-encoderperformsthe
followingoperations:

ReLu(xαiH
∗)=wαi, wαiH≈xi (6)

HereReLu(x)=max(0,x).Mostimportantlyweenforce
asimilarityconstraintbasedonthenetworkstructureamong
features,i.e.,wewouldliketobringdatasamplesinclose



proximityintheinter-featurenetworkclosertoeachother.
Thiscanbeachievedbyenforcinganetwork-based 2

penalty[9]Regα=trace(HLαH
T)where

Lα=G−A
smp (7)

isthegraphLaplacianandAsmpisthefeatureadjacency
matrixbasedonsamples,definedby

Asmpij =
1,ifxi∈NNq(xj)orxj∈NNq(xi)

0,otherwise
(8)

HereGisadiagonalmatrixwithGiiequaltothesumof
theithrowofAsmpandNNq(xi)denotetheqnearest
neighborsofsamplexi.Thedistanceweusedisamod-
ifiedEuclideandistancebetweenthesampleswhicheach
dimensioncanbereplacedbyanyneighbouraccordingto
theinter-featuregraphstructureofthefeatures.i.e.,consider
twosamplesaandbthathavedifferentvaluesonfeaturei.If
ai=1butbi=0,whereaiandbiarenormalizedbetween
0and1.Samplesaandbarefarawayintheithdimension
intheoriginalfeaturespaceduetotheircompletelydifferent
values.Butifaandbarerelatedviatheinter-featurerelation
network,∃j,vaffj=1∈σ(vaffi),RINCwillbringaand
bcloser.

D.CombineComputationalProblemsIntoOneObjective
Function

Figure1showstheoveralldesignofRINC,whichis
guidedbytheprincipleofinter-featurerelationinformation.
TheinputsofRINCmodelaretherawnon-overlappingand
sparsedatawhereanetworkstructureamongfeaturescanbe
observed.TheoutputofRINCistheclusteringassignment
oftheobjects.Thenumberofclustersisauserdefined
parameterk.Theclusteringassignmentoftheithsample
iscalculatedby

yi=argmax(wαi), Y=argmax(Wα) (9)

Sameasinaregularneuralnetwork,theRINCalgorithm
proceedsbyaforwardinformationpropagationforeach
sample,followedbyanerrorbackpropagationandthe
subsequentweightupdate.Thesearestraightforward,so
wedonotdiscussupdateformulasinthispaper.

III.EMPIRICALSTUDY

WetestRINCmodelwithrespecttoaccuracy,robustness,
andclinicalrelevanceoftheclusteringsolutionsincancer
subtyping.WeevaluateRINCusingcarefullydesignedsim-
ulationdataandreal-worldcancerdatasets.Inparticular,we
designexperimentstoevaluatethefollowingpropertiesof
themodelRINC:

• Evaluationonsyntheticdata: Canthereinforced
smoothingstructureinRINCaccuratelyandautomati-
callylearnthevalueofsmoothingfactorαfromdata?
HowdoesRINCimprovetheperformanceofclustering

usinggenetogeneinteractioninformationinneural
networkstructureandregularization?

• Effectivenessinrealcancerdataincludingtwosolid
tumorsandaliquidcancer:CanRINCidentifyclin-
icalrelevantcancersubtypes,incomparisonwithits
competingmethodsinrealgenemutationcancerdata,
withhigherstability?

Itisnowwidelyacceptedthat mutationingenesets,
iftheyarepartofimportantpathwayssuchasapoptosis
andcellproliferations,isamoresignificantcontributorto
cancerthansinglegene mutations [10].Sowedesign
simulatedgenemutationdatasetsto“mimic”thisbiologi-
calproperty,thataggregationofsporadicmutationsalong
biologicalpathwayscanbeabetterpredictoroftumor
biologyandcancersubtypesthansinglegenemutations.We
constructgenerelationnetworksusingrealgeneregulatory
networks.Forthechoiceofthegeneregulatorynetwork,we
userealcausal/non-causalprotein-proteinandprotein-gene
interactionsintheSTRINGDBdatabase[11].Thisnetwork
consistsofapproximately40,000nodesand400,000edges.
AutomaticallyLearningtheSmoothingFactorαFrom
Data.Toverifywhetherourreinforcedsmoothinglayers
canaccuratelyfindtheappropriateα,wefirstdisconnectthe
smoothinglayersfromtheautoencoderpartandseparately
testthisunit.Weusetherealuterineendometrialcarcinoma
somaticmutationdatasets,obtainedfromtheTCGA(the
Cancer Genome Atlas)dataportal[12]. Only mutation
datageneratedusingtheIllumina GAIIxplatform were
retained,andpatientswithfewerthan10mutationsgene
werediscarded.Thefinaldatasetincludes248patientswith
mutationsin17,968genes.Wefilteroutthosegenesnotin
thegeneregulatorynetwork,andgetabinarymatrixXof
0and1valuesindimensions248by6,324. Wethenuse
Equation4tocomputetheconvergedvalueYwithatarget
αusingthegroundtruthvalueα0.Accordingtotheproof
donein[7],wecanalwaysgetauniqueconvergedvalue
Y.Inourexperiments,ourmodelcanfindtheaccurateα
with|α−α0|≤1e

−3within30iterations. Weletthesub-
modelstartwitharandomα∈(0,1),andthevalueof
thecostfunctionistherootmeansquareerrorbetweenthe
sub-modeloutputandconvergedvalueY.Thesub-model
updatesαduringeachiteration.Wetestthesmoothingunit
1000timesusing1,000randomvaluesastheinitialvalues
forα.
Assessingthesignificanceofintegrationofbiological

interactiontoclustering.Thegeneregulatorynetworkhave
clearinfluencerfeatures,whicharetheregulators.Andit
alsohasclearaffectedfeature,whicharetheaffectedgenes
bythoseregulators.FollowingEquation3,wecanbuildthe
adjacencymatrixS.
Werandomlyselecttwonon-overlappingpathsoffixed

lengthintherealgenerelationnetworkcalculatedfrom
theSTRINGDBdatabase. Mutationsalongeachpathare
assumedtoassociatewithasubtype,resultinginatotal
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independentofthepaths,andahigherprobabilitywith
hundredsoftimesofbackgroundprobabilityifgenesfall
ononeofthepaths.

Noticethat,whenwesimulatethesamples,weareusing
pathwayswhichconsiderreallyfunctionalindomain.

Inourexperiments,eachsub-typeofthesimulateddata
has200samples,6,000features,andusesonepathwayof
thegenerelationnetworks.Thefeaturesofthesamplesare
thegenesappearthatinthegenerelationnetworks.Notice
thatweintegratethecompletegeneregulatorynetworkto
theRINCmodel,thusourmodelhasthecapacitytosimulate
anypossiblepathways. Weusethesimulateddatawith
pathwaylengthequalto15andmutationrateequalto0.5
toperformclusteringwiththefollowingdifferentdesignof
neuralnetworks:

1) Aclassicauto-encoderwithoutanymodifications,
2) Aregularizedauto-encoder withoutpre-processed
smoothingunit,

3) Aclassicauto-encoderwithfixedfactorsmoothed
inputsbutwithoutregularization,

4)RINC(Modelwithinformedregularizationandinte-
gratedreinforcementinformedsmoothinglayers).

Figure2summarizestheclusteringresults. Wecanob-
servethateithertheintegrationofgene-networkbased
regularizationorthesmoothingoperationcanimprovethe
performanceoftheplainauto-encoder.TheRINCmodel
hasthebestclusteringaccuracy withrelativelysmaller
variance,comparedtotheindividualuseofsmoothingunit
andregulatedauto-encoder.Clusteringaccuracyiscalculated
asfollows.Weenumerateallobjectsamplepairs.Foreach
simulatedsamplepairthatbelongstothesamesub-type
inthegroundtruth,iftheyarestillreportedinthesame
clusters,thenitiscountedasatruepositive.Otherwiseitis
consideredincorrect.
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Figure3:ModelsperformanceevaluationsusingACCcancer
consensusmatricesandsurvivalrategraphsandcalculated
usingnumbersofclustersk=2,3,4.Theconsensusmatrices
aredrawingupon20runs,thegraphshowsRINCisa
methodwhichhavehighconsistency.Thesegraphsshows
RINCsuccessfullyfindthesubtypesthatconsistofcancer
patientswithdifferentsurvivalrates.

Figure4:BenchmarkbetweenNBSandRINConACC,
LAML,LGGdatasets. Weexpectthelineoftwoclus-
ters(blueandorange)asspreadaspossible.Theresultsshow
RINCslightlybetterspreadthegroupofpatients,which
meansRINCcandoarelativelybetterworkoncancer
subtypingwithrespecttoclinicalobservationofsurvival
rates.

Thestate-of-artmodelssuchasLDA,LSAandNMF
cannotdeal withsuchsparse,high-dimensional,non-
overlappingsamples.TheyarefarbelowourRINCmodel
andclassicauto-encoder. WeusePythonmachinelearning
libraryfromPyPIfortheLDA,LSA,andNMFimple-
mentation[13]–[15].TheNBS[16]modelisthestate-of-
artNMFbasedmodelpublishedinthejournalofNature
Methodsforcancerpatientclusteringwithgenemutation
dataproblem.Itisourclosestrivalmethod,wethusperform
acomprehensivecomparativestudyinthefollowingsection
usingthreedifferentrealcancerdatasetsinsolidtumorsand
aliquidcancer.

A.CancerSubtypingevaluationusingRealCancerData

Weuse3datasetswhicharethegenemutationdataofpa-
tientswithAdenoidcysticcarcinoma(ACC),AcuteMyeloid
Leukemia(LAML)andBrainLowerGradeGlioma(LGG).
ACCandLGGaresolidtumorcancertypeandLAMLis



liquidcancertype.TheACCdatasethas10,213features,92
samples,and0.12overlappingratio.TheLAMLhas8,175
features,196samples,and0.02overlappingratio.TheLGG
has13,229features,296samples,and0.29overlappingratio.
Weevaluatetheperformanceofourmodelwithconsensus
matricesandsurvivalrategraphs,toshowtherobustnessof
ourproposedmethodRINC.Theexperimentalresultsonthe
ACCdatasetareavailableinFig3.The20-runconsensus
matricesshowRINCconsistentlyprovidesstableresults.
Aninconsistentclusteringalgorithmwillproduceconsen-

susmatricesthatareblurrywithoutclearlyidentifiableclus-
ters.ButintheconsensusmatricesofRINC,wecanclearly
seeseveralblocksinthegraphforclusteringassignment2,
3,and4,whichmeansRINCwillconvergetothesimilar
clusteringassignmentsinthemostofcases.
Inclinicalobservation,twogroupsofpatientswithdif-

ferentcancersubtypesbutunderthesametreatmentsshould
havedifferentsurvivalrate.Iftheclusteringresultisnot
associatedwiththetruecancersub-type,thesurvivalrate
graphofthesetwogroupsofpatientsmaybeoverlapped
andunseparated.
ThesurvivalrategraphbasedonRINCresultsshows

thispointwell,especiallyforthegroupwhichhavehigher
overallsurvival(Fig3).
Wealsobenchmarktheperformanceofourmodelwith

thecompeting methodNBS,whichisconsideredasthe
state-of-artcancersubtypingmethodusinggenemutation
data.Becausetherearefewmodelsthatdealwiththenon-
overlappingfeaturespacesparsedatasets,LDA,LSA,and
NMFbarelycanproduceanymeaningfulresults.NBS[16]is
a modelpublishedin Nature Methodsandisa more
advancedimplementationofplain NMF,so wedonot
presentcomparisonsonplainNMF.NBShasastronghyper-
parametertuningapproachandalsotakesadvantagefrom
generelations.
Becausethereisnogroundtruthforcomparingclustering

resultsonthethreeunlabeledcancerdatasets,weusethe
survivalrategraphtoillustratethedifferencebetweenRINC
andNBS.TheresultsinFig4arethe medianover20
runs,whichshowthatRINChasbetterspreadsthegroup
ofpatientsthanNBS.

IV.CONCLUSION

Insummary,wepresentanewlearningalgorithmto
addressthechallengesofsparseandnon-overlappingdata.
OurRINCmodelincorporatesanetworksmoothingpro-
cedurethroughareinforcedmoduleinaneuralnetwork,
coupledwithanauto-encodermodule,designedtoperform
advancedclusteringthroughoneoverallobjectivefunction.
Theauto-encodermoduleincorporatesinter-featurerelation
informationthroughnetwork-basedregularizationbasedon
thegraphLaplacian,resultinginoptimalmodelsparsityand
higherinterpretability.Importantlyoursmoothingprocedure
isintegratedintothecostfunction,eliminatingtheneedfor

manuallyadjustmentofsmoothingparameters.Wesimulate
thedatausingbiologicallymotivatedhypothesisontumor
biologyandbenchmarkourmethodwithstat-of-the-artmod-
elsusingsimulationdataandrealcancerdata.Ourmodelis
implementedinPythonandcodeisavailableuponrequest.
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