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Abstract

Background

For virtually every patient with colorectal cancer (CRC), hematoxylin±eosin (HE)±stained

tissue slides are available. These images contain quantitative information, which is not rou-

tinely used to objectively extract prognostic biomarkers. In the present study, we investi-

gated whether deep convolutional neural networks (CNNs) can extract prognosticators

directly from these widely available images.

Methods and findings

We hand-delineated single-tissue regions in 86 CRC tissue slides, yielding more than

100,000 HE image patches, and used these to train a CNN by transfer learning, reaching a

nine-class accuracy of �!94% in an independent data set of 7,180 images from 25 CRC

patients. With this tool, we performed automated tissue decomposition of representative

multitissue HE images from 862 HE slides in 500 stage I±IV CRC patients in the The Cancer

Genome Atlas (TCGA) cohort, a large international multicenter collection of CRC tissue.

Based on the output neuron activations in the CNN, we calculated a ªdeep stroma score,º

which was an independent prognostic factor for overall survival (OS) in a multivariable Cox

proportional hazard model (hazard ratio [HR] with 95% confidence interval [CI]: 1.99 [1.27±

3.12], p = 0.0028), while in the same cohort, manual quantification of stromal areas and a
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gene expression signature of cancer-associated fibroblasts (CAFs) were only prognostic in

specific tumor stages. We validated these findings in an independent cohort of 409 stage I±

IV CRC patients from the ªDarmkrebs: Chancen der VerhuÈtung durch Screeningº (DACHS)

study who were recruited between 2003 and 2007 in multiple institutions in Germany. Again,

the score was an independent prognostic factor for OS (HR 1.63 [1.14±2.33], p = 0.008),

CRC-specific OS (HR 2.29 [1.5±3.48], p = 0.0004), and relapse-free survival (RFS; HR 1.92

[1.34±2.76], p = 0.0004). A prospective validation is required before this biomarker can be

implemented in clinical workflows.

Conclusions

In our retrospective study, we show that a CNN can assess the human tumor microenviron-

ment and predict prognosis directly from histopathological images.

Author summary

Why was this study done?

· Colorectalcancer(CRC)isacommondiseasewith avariableclinicalcourse,andthere
isahighclinicalneedto moreaccuratelypredicttheoutcomeof individual patients.

· ForalmosteveryCRCpatient,histologicalslidesof tumor tissueareroutinelyavailable.

· Deeplearningcanbeusedto extractinformation from verycompleximages,andwe
hypothesizedthatdeeplearningcanpredictclinicaloutcomedirectlyfrom histological
imagesof CRC.

What did the researchers do and find?

· Wetrainedadeepneuralnetworkto identify differenttissuetypesthatareabundantin
histologicalimagesof CRC,especiallynontumorous(ªstromalº)tissuetypes.

· Weshowedthat thisdeepneuralnetworkcandecomposecomplextissueinto its con-
stituentpartsandthat theabundanceof eachof thesetissuepartscanbeaggregatedin a
prognosticscore.

· In two independent,multicenterpatientcohorts,weshowedthat thisscoreimproves
survivalpredictioncomparedto theUnion InternationaleContreleCancer(UICC)
stagingsystem,whichis thecurrentstateof theart.

What do these findings mean?

· Deeplearningisaninexpensivetool to predicttheclinicalcourseof CRCpatientsbased
on ubiquitouslyavailablehistologicalimages.

· Prospectivevalidationstudiesareneededto firmly establishthisbiomarkerfor routine
clinicaluse.

Predicting survival from histology in colorectal cancer using deep learning
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Introduction
Precisiononcologydependson stratificationof cancerpatientsinto differentgroupswith dif-
ferenttumor genotypes,phenotypes,andclinicaloutcome.While subjectiveevaluationof his-
tologicalslidesbyhighly trainedpathologistsremainsthegoldstandardfor cancerdiagnosis
andstaging,molecularandgenetictestsaredominatingthefield of quantitativebiomarkers
[1±4].

Pathologyslidesofferawealthof information thathavefor yearsbeenquantifiedbymeans
of digital pathologyandclassicalmachinelearningtechniques[5]. However,fewif anydigital
pathologybiomarkershavemadetheir wayinto theclinic sofar,partlybecauseof technologi-
callimitations,includingcomplicatedimageanalysisalgorithms.Previouswork on digital
pathologyhasusedcomputer-basedimageanalysisapproachesfor celldetectionandclassifica-
tion [6], tissueclassification[7], nucleiandmitosisdetection[8,9],microvesselsegmentation
[10], andotherimmunohistochemistry scoringtasks[11] in histopathologicalimages.
Machinelearningmethodscanextractprognosticatorsfrom suchimages[12] andhavealso
beenusedto extractprognosticatorsfrom radiologicalimages[13].

Outsideof medicine,theadventof convolutionalneuralnetworks(CNNs)hasrevolution-
izedtheimageanalysisfield.Complexvisualtaskscanbeefficientlysolvedbyneuralnetworks
thatcanlearnto distinguishobjectsbasedon featureslearnedfrom training data.Applications
of CNNsrangewidely,from speechrecognition[14,15],facerecognition[16], or traffic sign
classification[17] to masteringtheJapanesegameof Go[18]. Wereferto LeCunetal.[19] for
anexcellentreview.In thecontextof medicalimaging,CNNshavebeenusedto classifymedi-
calimages[20], detectcancertissuein histopathologicalimages[21], extractprognosticators
from tissuemicroarrays(TMAs) of humansolidtumors[22], andclassifytumor cellnuclei
accordingto chromatinpatterns[23].

While mostof thesestudieshavefocusedon thetumor cells,thestromalcompartmentÐ
definedasall nontumor componentsof cancertissueÐismovinginto thefocusof biomarker
researchin oncology[24]. In solidtumorssuchascolorectalcancer(CRC),lymphocytesand
fibroblastsprofoundlyshapethetumor microenvironmentandhaveasignificantimpacton
clinicalendpoints[25,26].Tumor-infiltrating lymphocyteshavebeenquantifiedwith classical
imageanalysismethods[27,28]anddeeplearningmethods[29], whichfor sometumor types
hasbeencorrelatedto transcriptomicdata[30].

However,theclinical translationof this technologicalprogressisstill hamperedby two
mainobstacles:lackof wellannotatedandabundantdatafor training CNN models,andvali-
dationof theseproposedmethodsin awiderangeof clinicallyrelevantsituationswith hetero-
geneousreal-worlddata,especiallyhematoxylin±eosin(HE) imagesfrom different
institutions.

In thepresentstudy,weaimedto fill thesegapsin thecontextof humanCRC,aclinically
highly relevantdisease.Weusedtwo large,multicentercollectionsof histologicalimagesand
aimedto evaluatetheprognosticpowerof CNNsin thesedatasetsbydevelopingandvalidat-
ing anewprognosticmodel.

Methods

Ethicsstatement
All experimentswereconductedin accordancewith theDeclarationof Helsinki,theInterna-
tional EthicalGuidelinesfor BiomedicalResearchInvolvingHumanSubjectsby theCouncil
for InternationalOrganizationsof MedicalSciences(CIOMS),theBelmontReport,andthe
USCommonRule.Anonymizedarchivaltissuesampleswereretrievedfrom thetissuebankof
theNationalCenterfor Tumor diseases(NCT; Heidelberg,Germany)in accordancewith the

Predicting survival from histology in colorectal cancer using deep learning
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regulationsof thetissuebankandtheapprovalof theethicscommitteeof HeidelbergUniver-
sity (tissuebankdecisionnumbers2152and2154,grantedto NH andJNK;informedconsent
wasobtainedfrom all patientsaspartof theNCT tissuebankprotocol;ethicsboardapproval
S-207/2005,renewedon 20December2017).Partsof thesesamplesoriginatedfrom the
DACHSstudy[31,32].Anothersetof tissuesampleswasprovidedby thepathologyarchiveat
UniversityMedicalCenterMannheim(UMM; HeidelbergUniversity,Mannheim,Germany)
afterapprovalby theinstitutionalethicsboard(EthicsBoardII atUMM; decisionnumber
2017-806R-MA,grantedto AM andwaivingtheneedfor informedconsentfor this retrospec-
tiveandfully anonymizedanalysisof archivalsamples).HE imagesfrom theTheCancer
GenomeAtlas(TCGA) [33] weredownloadedfrom public repositoriesat theNationalInsti-
tutesof Health(NIH; USA).Theseimageswererandomlydrawnfrom colorectaladenocarci-
noma(COAD) andrectaladenocarcinoma(READ)patients.

Prospectiveanalysisplan
Beforestartingthestudy,weplannedto train aCNN for multiclasstissueclassificationin CRC
histology,to applythisCNN to histologicalimagesof theTCGAcohortandbuild apredictive
scorefrom theoutputneuronactivations.Havingdonethis,weacquiredanindependentdata
set(DACHSdataset,seebelow)to validatethepredictor.During thepeerreviewprocess,we
addedmultiple elementsof internalandexternalvalidation,but wehavenot changedthepre-
dictivemodel.

Patient cohortsanddataavailability
HE-stainedhumancancertissueslidesfrom four patientcohortswereusedin thisstudy.All
imageswere224� 224pixels(px) and0.5�m/px andwerenormalizedwith theMacenko
method[34]. Weusedthiscolornormalizationmethodbecausethereweresubtledifferences
in theredandbluehuesin theoriginal images,whichresultedin abiasedclassification.

First,86HE slidesof humancancertissuefrom theNCT biobankandtheUMM pathology
archivewereusedto createatraining imagesetof 100,000imagepatches(NCT-CRC-HE-
100K,without clinical follow-updata,dataavailableathttp://dx.doi.org/10.5281/zenodo.
1214456).Representativeimagesof thiscohortareshownin Fig1.Wemanuallydelineated
regionsof puretexturesasdescribedbefore[7] andextractedthesenonoverlappingimage
patcheswith approximatelyequaldistribution amongthefollowingnine tissueclasses:adipose
tissue,background,debris,lymphocytes,mucus,smoothmuscle,normalcolonmucosa,can-
cer-associatedstroma,andCRCepithelium.CRCepitheliumwasonly derivedfrom human
CRCspecimen(primary andmetastatic).Normal tissuesuchassmoothmuscleandadipose
tissuewasmostlyderivedfrom CRCsurgicalspecimen,but alsofrom gastrectomyspecimen
(including uppergastrointestinalsmoothmuscle)in orderto maximizevariability in this
training set.

Second,25HE slidesof humanCRCtissuefrom theDACHSstudyin theNCT biobank
wereusedto createatestingsetof 7,180imagepatches(CRC-VAL-HE-7K,without clinical
follow-updata,dataavailableathttp://dx.doi.org/10.5281/zenodo.1214456).

Third, weretrieved862HE slidesfrom 500CRCpatientsfrom theTCGAcohort(COAD
andREADpatientsavailableathttp://cancer.digitalslidearchive.net/)[33] with clinical follow-
up dataandhistopathologicalannotation.Thesamplesizeof thiscohortwaschosensuchthat
thepatientnumberwascomparableto thesamplesizesin similarstudies[35,36].For the
TCGAdataset,weusedsnap-frozensectionsonly becausethesearederivedfrom thetissue
portionsthatwerealsousedfor molecularanalysis.All slidesfrom CRCpatientsin theTCGA
projectweremanuallyreviewed,andslideswith tissuefolds,torn tissue,or otherartifactsÐas
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wellasslidewithout anytumor tissueÐwereexcluded.Theprocessof slideselectionwasdone
blindedto all otherclinicopathologicalvariables,outcomedata,or geneexpressiondata.For
all TCGApatientsin our analysis,wealsoretrievedgeneexpressiondata(availableathttps://
portal.gdc.cancer.gov/)aswellastumor purity estimatesasdefinedby theABSOLUTE
method(describedin [37], dataavailableathttps://www.synapse.org/#!Synapse:syn3582761).
Fromthedigitalwhole-slideimages,wemanuallyextractedregionsof 1,500� 1,500px at
0.5�m/px (MPP)from theseimages.Theseregionswereextractedin suchawaythatno arti-
factswerepresentin theregion.Theprocessof extractingtheregionswasblindedto all

Fig 1. Exampleimagesfor eachof the nine tissueclassesrepresentedin the NCT-CRC-HE-100Kdataset.ADI, adiposetissue;BACK,background;
CRC,colorectalcancer;DEB,debris;HE,hematoxylin±eosin;LYM, lymphocytes;MUC, mucus;MUS,smoothmuscle;NCT,NationalCenterfor
Tumor Diseases;NORM,normalcolonmucosa;STR,cancer-associatedstroma;TUM, colorectaladenocarcinomaepithelium.

https://doi.org/10.1371/journal.pmed.1002730.g001
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clinicopathologicaldata,outcomedata,andgeneexpressiondata.With matchedRNA-seq
datafrom thesepatients,wecalculatedacancer-associatedfibroblast(CAF)scoreasproposed
by Isellaetal.[38]. Thescorewascomputedusingtheaveragegeneexpressionlevels(RNA-
seq)of theCAFsignature.Thegenelistsfor theCAFsignatureisshownin S1Table.Aspartof
themetadata,manualestimationof total stromalcontentbypathologistswasavailable.When-
everthis information wasavailablefor morethanoneslideperpatient,weusedthemeanin all
downstreamanalyses.ThisTCGAdatasetwasusedto analyzeprognosticimpactof neural
network-basedtissuedecompositionanddeepstromascore(seebelow)with primary end
point beingoverallsurvival(OS).A clinicopathologicalsummaryof thesepatientsisshownin
S2andS3Tables.OSby tumor stagefor thiscohort isshownin S1AFig.More extensiveclini-
caldataon thesubjectsin thiscohort(asrequiredby theTRIPODchecklist)arepubliclyavail-
ableviatheGDCdataportalathttps://portal.gdc.cancer.gov/projects/TCGA-COADand
https://portal.gdc.cancer.gov/projects/TCGA-READ.Tissuesamplesin thiscohortwerepro-
videdbymultiple institutionsin differentcountries,whicharelistedathttps://gdc.cancer.gov/
resources-tcga-users/tcga-code-tables/tissue-source-site-codes.Subjectswith missingoutcome
datawereexcludedfrom theprognosticmodel,andno imputationwasused.

Fourth,weretrieved409HE slidesfrom 409patientsin theDACHScohort[31,32]at the
NCT biobankwith clinical follow-updataandusedthiscohortasanindependentvalidation
setfor thedeepstromascore.Theprimary endpoint wasOS;secondaryendpointsweredis-
ease-specificsurvival(DSS)andrelapse-freesurvival(RFS).Thesamplesizefor thiscohort
wasbasedon tissueavailability.A clinicopathologicalsummaryof thesepatientsisshownin
S4andS5Tables.OSby tumor stagefor thiscohort isshownin S1BFig.Thepatientswere
recruitedin multiple hospitalsin theRhine-Neckarregionin Germanybetween2003and
2007.More extensiveclinicaldataon thesubjectsin thiscohort,including information about
follow-up(asrequiredby theTRIPODchecklist),wasdescribedpreviously[31,32].Subjects
with missingoutcomedatawereexcludedfrom theprognosticmodel,andno imputationwas
used.

Training and testingof neural networks
WeusedvariousCNN models,all of whichwerepretrainedon theImageNetdatabase(www.
image-net.org).Wereplacedtheclassificationlayerandtrainedthewholenetworkwith sto-
chasticgradientdescentwith momentum(SGDM).Weevaluatedtheperformanceof fivedif-
ferentCNN models:aVGG19model[39], asimplerneuralnetworkmodel,AlexNet[40], a
verysimplemodel,SqueezeNetversion1.1[41], amorecomplexmodel,GoogLeNet[42], and
aªresiduallearningºnetworkmodel,Resnet50[43]. To gaugetheperformanceof thesenet-
work architectures,weusedtheNCT-CRC-HE-100Ksetanddividedit into 70%training set,
15%validationset,and15%testingset.Wetrainedall networkson adesktopworkstationwith
two NVidia P6000GPUswith amini batchsizeof 360andalearningrateof 3 � 10�4 for eight
iterations.Wefound thatall networkswith theexceptionof SqueezeNetachieved>97%classi-
ficationaccuracyin this task.VGG19hadthebestperformance,with 98.7%accuracyandan
acceptabletraining time (S2Fig).WethereforeusedVGG19for all further experiments.The
trainedVGG19modelcanbedownloadedathttp://dx.doi.org/10.5281/zenodo.1420524.

In all cases,rotationalinvariancewasachievedthroughdataaugmentationwith random
horizontalandverticalflipsof thetraining images.Imageswereresizedto theneuralnetwork
input sizeif necessary.To testtheclassificationaccuracyof theneuralnetworkwith thestan-
dardimagedatasets,imagesof 224� 224px (112� 112�m) werefedinto thenetworkoneat
atime.

Predicting survival from histology in colorectal cancer using deep learning
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After neuralnetworktraining with all 100,000imagepatches(whichwerederivedfrom 86
whole-slideimages)in theNCT-CRC-HE-100Kset,weassessedtissueclassificationaccuracy
in anexternalvalidationset:theCRC-VAL-HE-7Kdataset,whichcontained7,180image
patches(derivedfrom 25whole-slideimages).All imagesin thesesetshadasizeof 224� 224
px andwerepresentedto thenetworksequentially.

Next,weappliedthenetworkto largerimageswith heterogeneoustissuecomposition.We
usedaslidingwindowto extractpartiallyoverlappingtilesthatwerepresentedto thenetwork.
Theactivationsof thesoftmaxoutput layer(layer46,oneoutputneuronpertissueclass,rang-
ing from 0 to 1) werethensavedfor eachimagetile. Forvisualization,eachoutputclasswas
representedbyadistinctcolor.Thefinal colorof eachpixel in thevisualizationwasthesumof
thesecolorsweightedby theoutputneuronactivationsat thisparticularlocation.To compare
differentimages,themeanactivationfor eachtissueclasswasused.

Assessmentof neural network training
To assessthequalityof neuralnetworktraining,weemployedthreeseparatesteps:(1) valida-
tion of theclassificationaccuracyin anindependenttraining set,(2) visualizationof theclass
separationbasedon t-distributedstochasticneighborembedding(tSNE)[44] of deeplayer
activations,and(3) DeepDreamvisualizationof deepneuronactivations(layer46of VGG19,
pyramidlevel12,iterations75,scale1.1,with histogramstretchingof theresultingimagefor
optimalvisualization).

Deepstromascore
Foreachimagein theTCGAdataset,weusedthemeanactivationof thesoftmaxoutputneu-
ron for anyof thenineoutput classesin regionsof 1,500� 1500px (750� 750�m). In thisset,
wesampledoneregionfrom thetop slideandoneregionfrom thebottomslideif bothwere
available.Thesameprocedurewasappliedto theDACHSset.However,only oneslideper
patientwasavailablein thisset,andwesampledtwo or threeregionsfrom eachimagedepend-
ing on imagesize.In total,862imagepatcheswereusedfor theTCGAdataset,and1,349
imagepatcheswereusedfor theDACHSdataset(S3Fig).If severalimagesfor onepatient
wereavailable,themaximumactivationwasusedfor eachclass(maxpooling).All imagewere
Macenko-normalizedbeforefurther analysis[34].

Followingtissuedecompositionof all imagesin thetraining set(TCGAset),weassessed
theprognosticperformanceof eachtissuecomponentbyusingunivariableCoxproportional
hazardmodelswith continuouspredictors(nonthresholded).For thenineclasses(adipose,
background,debris,lymphocytes,mucus,smoothmuscle,normalcolonmucosa,cancer-asso-
ciatedstroma,andCOAD epithelium),thehazardratios(HRs)for shorterOSwere1.150,
0.015,5.967,1.226,0.488,3.761,0.909,1.154,and0.475.Then,optimalcutoffsfor thepredic-
tion of survival(yes/no)weredeterminedusingROCanalysisbyselectingthecutoffwith the
highestYoudenindex(sensitivity+ specificity� 1). If thereweremultiple optimalcutoffs,the
onecloserto themedianwaschosen.Thesecutoffswere0.00056,0.00227,0.03151,0.00121,
0.01123,0.02359,0.06405,0.00122,and0.99961.Next,wecombinedall tissuecomponents
with aHR > 1 into ascorebyusingthefollowingprocedure:wecountedthenumberof tissue
classes(0 to 5) thatwereabovetheoptimum Youdenthresholdfor eachclass,weightedby the
HR for eachclassin orderto givemoreweightto featureswith higherprognosticpower.This
HR wasderivedfrom aunivariableCoxproportionalhazardmodel.Becausetheresultingmet-
ric comprisedinformation from variousnontumor (i.e.,stromal)componentsof thetumor,
wetermedit ªdeepstromalscore.ºIt shouldbenotedthat thisnotion of ªstromaºcomprises
variousnontumor componentsof thetissuesuchasdesmoplasticstroma,lymphocytes,and
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adiposetissue.In theTCGAset,themedianscorevaluewas8.347,whichwassubsequently
usedto stratifypatientsinto high/low in all further analyses.Usingthissameprocedureand
thesamecutoff in theDACHSdataset,34%of all patientswereªhigh,ºand66%wereªlow.º
Usingthesedichotomousvalues,wefitted multivariateCoxproportionalhazardmodels
adjustingfor theUnion InternationaleContreleCancer(UICC) stage(continuousvariable,1,
2,3,or 4),sex(maleor female),andagein decades(agein yearsdividedby10)to estimate
HRsandcorresponding95%confidenceintervals(CIs).

Thecutoffsfor comparingtheprognosticpowerof differentscoreswereasfollows:weused
themedianfor deepstromascoreandanoptimal threshold(calculatedby theYouden
method)for CAFscoreandpathologistannotation.Then,eachscorewasassessedin adichot-
omizedwayin amultivariableCoxproportionalhazardmodelincluding tumor, node,and
metastases(TNM) stage,sex,andageascovariates.

Summaryof the procedures
In summary,wesystematicallytestedfiveneuralnetworkmodelsfor atransfer-learning±
basedclassificationtaskin 100,000histologicalimagepatches.VGG19wasthebestmodelin
aninternalandanexternaltestingset(S2Fig,detailson themodelin S6Table).Wethenused
thismodelto extracttissuecharacteristicsfrom complexhistologicalimageswith clinical
annotationandcombinedthesedatain aªdeepstromascore.ºThisscorewasevaluatedin two
largepatientcohortswith atotalof 909patients.A flowchartof thefull procedureisshownin
S3Fig.Our studycomplieswith theTRIPODstatement[45] asdeclaredin S7Table.

Software
All statisticalanalysesweredonein Runlessotherwisenoted(Rversion3.4.0)usingthefol-
lowing libraries:survminer,survival,ggfortify,ggplot2,OptimalCutpoints(andtheir respec-
tivedependencies).� < 0.05wasconsideredstatisticallysignificant;� � 0.05wasconsidered
not significant(n.s.).JASPversion0.8.5.1wasusedfor descriptivestatistics.Neuralnetwork
training anddeploymentwasdonein MatlabR2018aon two standarddesktopworkstations
with two Nvidia QuadroP6000GPUsandaNvidia Titan Xp GPU,respectively.Our source
codesareavailableathttp://dx.doi.org/10.5281/zenodo.1471616.

Results

CNNscanlearn morphological featuresin histological images
Weusedour NCT-HE-100Kdatasetof 100,000histologicalimagesto train aVGG19CNN
modelandtestedtheclassificationperformancein anindependentsetof 7,180imagesfrom
differentpatients(CRC-VAL-HE-7K,Fig2A).Theoverallnine-classaccuracywascloseto
99%in aninternal testingset(S2Fig)and94.3%in anexternaltestingset.A highaccuracywas
obtainedin all tissueclasses(Fig2B).Mostmisclassificationsarosebetweentheclassesmuscle
andstromaaswellasbetweenlymphocytesanddebris/necrosis(Fig2B).Thismisclassification
wasexpectedbecausemuscleandstromashareafibrousarchitectureandnecrosisisoften
infiltrated by inflammatorycells(Fig1). In asimilarmulticlassproblemin CRCimageanaly-
sis,previousmethodshaveattainedwellbelow90%accuracy[7]. Wevisualizedtheinternal
representationsof tissueclassesbyusingtSNEon deeplayeractivationsandsawanearperfect
separationof theclassesin thetestingset(Fig2C).Thisshowsthat theCNN learnsimagefea-
turesthatallowaseparationof nine tissueclasses.

Next,wevisualizedthemorphologicalfeatureslearnedby thenetworkusingaDeepDream
approach,whichto our knowledgehasnot beenusedin thecontextof histologicalimaging
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Fig 2. A CNN learnsrobust representations of histological imagesandattainshigh classificationaccuracy.(A) A nine-classtraining setcontaining100,000unique
imagesandatestingsetof 7,180uniqueimages.Classesareadipose,background, debris,lymphocytes,mucus,smoothmuscle,normalmucosa,stroma,cancerepithelium.
Pieareaisproportionalto samplenumber.(B) Confusion matrix of theCNN-basedclassification;overallaccuracyis94%.(C) tSNEof thetestingsetbasedon deeplayer
activationsof thetrainedCNN.Tissueclassesnaturallyaggregatein separateclusters,with closeproximity of theTUM andNORM clusterandtheMUSandSTRcluster,
respectively.(D) Deepdreamvisualization of thespatialpatternsrepresented in thetrainedCNN. Forall tissueclasses,thenetworkhaslearnedto visuallydiscernkey
features.Forexample,LYM arecomposedof tightly collectedsmallround cells,andNORM iscomposedof glandsin anevendistribution pattern.ADI, adiposetissue;
BACK,background;CNN, convolutional neuralnetwork;DEB,debris;LYM, lymphocytes; MUC, mucus;MUS,smoothmuscle;NORM,normalmucosa;STR,stroma;
tSNE,t-distributedstochastic neighborembedding;TUM, cancerepithelium.

https://doi.org/10.1371/journal.pmed.1002730.g002
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before.Ascanbeseenin Fig2D,thetissuestructuresthatwerelearnedby thenetworkare
wellunderstandablefor humanvision:examplesarelooselyalignedtissuefibersin muscleand
stroma,theregulartexturespresentin normalcolonicmucosa,andthemoreirregulartexture
presentin colorectalcarcinomaepithelium.Weappliedtheneuralnetworkto largerimages,
with examplesshownin S4A±S4MFig,andto whole-slideimages,two representativeimages
of whichareshownin Fig3A and3B.Especiallyin thewhole-slideimages,theneuralnetwork
achievedahighclassificationaccuracythatmatcheshumanperception.For two major tissue
classes,tumor andstroma,wevisualizeddeeplayeractivationsusingtSNE(S5AandS5BFig).

Fig 3. A CNN cansegment histopathologicalwhole-slideimages.Theneuralnetworkclassifierwasusedto classifyreal-world imagesfrom theDACHScohort.(A)
and(B) showtwo representativeexampleimages.Left:originalHE image;right: classificationmap.Evenfine structuresarerecognizedby theneuralnetworkevenin
regionsof suboptimaltissuequality.Only thetissueisshownin thisexample,andbecausethetissuedoesnot occupyarectangular areaon thepathologyslide,the
whole-slideimagewasmanuallysegmented byanobservertrainedin pathologyto showonly tissuewithout background for betterclarity (backgroundiswhite).ADI,
adiposetissue;BACK,background; CNN,convolutionalneuralnetwork;DACHS,Darmkrebs:ChancenderVerhuÈtungdurchScreening; DEB,debris;HE,
hematoxylin±eosin;LYM, lymphocyteaggregates;MUC, mucus;MUS,muscle; NORM,normalmucosa;STR,stroma;TUM, tumor epithelium.

https://doi.org/10.1371/journal.pmed.1002730.g003
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Wesawthat,within theseclasses,similarphenotypesweregroupedtogether,anddifferent
phenotypeswerelocatedareatalargerdistancefrom oneanother.Forstroma,densestroma
andloosestromaformedseparateclusters(S5AandS5BFig).For tumor, welldifferentiated
andpoorlydifferentiatedtumor partseachformedaseparatecluster(S5CandS5DFig).

Basedon thesedata,weconcludethatCNNsdevelopinternalrepresentationsof different
tissueclassesandthat theyarecapableof solvingmulticlasstissueclassificationproblemsbet-
ter thanthepreviousstateof theart [7]. Our dataprovideevidencethat training aCNN model
with alargedatasetresultsin excellentperformance,exceedingthestateof theart for histolog-
ical tissueclassification.Detailedperformancestatisticsof our modelareavailablein S6Fig
andS8Table.

CNNscandecomposecomplextissue
Basedon thefinding thataCNN couldclassifytissuecomponentsin histologicalimages,we
nextassessedwhetherthisapproachcanbeusedto extractprognosticallyrelevantinformation
from images.To thisend,weusedalargedatasetof clinicallyannotatedHE whole-slide
imagesfrom 500patientsfrom theTCGAcohort.Theseimagescamefrom variousinstitutions
andwerederivedfrom snap-frozentissuesectionswith varyingquality(Fig4A).Usingpar-
tially overlappingtiles,weclassifiedthetissuein thesecompleximages,yieldingplausibleneu-
ral networkactivationmaps(Fig4B).

CRCcanbeseparatedinto four distinct consensusmolecularsubtypes(CMSs)[46] thatare
correlatedto differentcellpopulationsin thetumor microenvironment[47]. Forall patients
with availableRNA-seqdata,wecalculatedtheCMSasdescribedpreviously[46]. It is known
thatCMS1tumorsarehighly infiltrated by lymphocytesandCMS4tumorscontainabundant
desmoplasticstroma.CNN tissuedecompositionyieldedcompatibleresults:activationof the
lymphocyteoutputneuronwassignificantly(� < 0.001)increasedin CMS1tumors(Fig4D)
comparedto all tumors.Activationof thestromaoutputneuronwassignificantly(� < 0.001)
increasedin CMS4tumors(Fig4E)comparedto all tumors.WeconcludethatCNNscan
decomposecomplextissuepartsandconsistentlyidentify tissuecomponentsthatareknown
to bepresentin specificmolecularsubtypesof CRC.

CNNscanextractprognosticatorsfrom HE images
HavingthusconfirmedthatCNN extractplausibledatafrom compleximageswith mixedtis-
sues,wenextinvestigatedwhetheractivationof theclassoutputneuronscarriesprognostic
information.Wefitted univariableCoxproportionalhazardmodelsto eachoutput classand
found thathigheractivationof fiveof nineclasseswascorrelatedto apooroutcome(adipose
tissue:HR = 1.150[n.s.];debris:HR = 5.967[� = 0.004];lymphocytes:HR = 1.226[n.s.];mus-
cle:HR = 3.761[� = 0.025];stroma:HR = 1.154[n.s.]).Basedon thesefindings,weinvestigated
whetheraªdeepstromascoreºthatcombinedall of thesefeatureswasanindependentprog-
nosticfactorfor survival.Thisdeepstromascorewasacombinationof multiple nontumor
componentsof thetissueasquantifiedby theoutputneuronactivationof aCNN. Indeed,in
theTCGAdataset,thedeepstromascorewasaprognosticfactorfor shorterOSin aunivariate
(HR 2.12[1.38±3.23],� = 0.001)andanindependentprognosticfactorin amultivariateCox
proportionalhazardmodel(HR 1.99[1.27±3.12],� = 0.0028,Fig5) with UICC stage,gender,
andageascovariates(Fig5).Wehypothesizedthat theremight betumor-stage±specificdiffer-
encesin theprognosticpowerandthereforecalculatedthemultivariableCoxmodelfor each
tumor stage.Indeed,theHR for shorterOSincreasedwith increasingtumor stageasshownin
Fig5.Weconcludethatadeepstromascorebasedon tissuedecompositionbyaCNN isan
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independentprognosticfactorin CRCpatientswith considerableprognosticpower,especially
in advancedtumor stages(UICC 4).

Neural network assessmentof the stromal compartmentcomparedto gold
standardmethods
Havingshownthatadeepstromascorecarriesprognosticpower,wecomparedthisapproach
to currentgoldstandardmethodsto assessthestromalcomponentof CRC.Twosuchstandard
methodsaremanualestimationof stromalpercentagein HE sectionsbypathologistsanda
geneexpressionsignatureof CAFs.In theTCGAcohort,manualannotationwasavailableas
partof themetadata.Also,geneexpressiondatawereavailable,from whichwecalculateda
CAFscoreasproposedby Isellaetal.[38]. TheCAFscorequantifiesfibroblastsonly,while the
pathologist'sannotationquantifiesareasof desmoplasticstroma.Bothmeasuresareknownto
beassociatedwith survivalin CRCandothertypesof cancer[48±51].It shouldbenoted,how-
ever,that thesemeasurescapturedifferentinformation thanour deepstromascore,which isa
combinationof multiple nontumor components,includingbut not limited to desmoplastic
stroma.

Foreachscore,wecalculatedtheHR for shorterOSin amultivariateCoxproportionalhaz-
ardmodel,usingCAFsignature,pathologistannotation,anddeepstromascore,respectively,
alongwith UICC stage,gender,andageascovariates.TheCAFsignaturewasindependently
prognosticfor survivalin stageII (HR = 2.35[1.06±5.23],� = 0.036)andstageIII (HR = 4.14
[1.58±10.82],� = 0.0038)tumors,while thepathologist'sannotationwasnot prognosticin any
tumor stage.Thedeepstromascorewasanindependentprognosticfactorin stageIV tumors
(Fig5).Also,thedeepstromascorewashighlysignificantlyprognosticof survivalin thefull
cohortof all tumor stages(HR = 1.99[1.27±3.12],� = 0.0028),whileCAFscoreandpathologist
annotationwerenot (Fig5).

Deepstromascorevalueswerenot significantlycorrelatedto CAFscoreor pathologist
annotation(� > 0.05).However,thestromacomponentof thedeepstromascoreitselfwas
moderatelycorrelatedto theCAFscore(Pearson'scorrelationcoefficientis0.26,� < 0.001).
This ishigherthanthecorrelationbetweenpathologistannotationandCAFscore(correlation
coefficient0.20,� < 0.001),suggestingthat theneuralnetworkisat leastasgoodaspatholo-
gistsatdetectingthestromalcomponentasreflectedin geneexpressionanalysis.Wealsocom-
paredtheoutputof theCNN tumor outputneuronto tumor purity estimatesandfound that
therewasapoorcorrelation(correlationcoefficient0.069,� = 0.14).Together,thesefindings
suggestthat thedeepneuralnetworkisnot agoodextractorfor tumor-cell±relatedcompo-
nentsbut isanefficientextractorof stromalcomponents.

Furthermore,wecomparedtheperformanceof our modelto theUICC TNM stagewhich
is thegoldstandardfor prognosticationin CRC.Asshownin S1Fig,TNM stageisawell-

Fig 4. Prognostication of CRCoutcomeby adeepstromascore.(A) HE imagesin theTCGAcohorthadheterogeneoustexture,
andsomehadpoorquality.Imagesizeis1,500� 1,500px,andregionswereclassifiedwith aslidingwindowof 224� 224px.(B)
Neuralnetworkactivationscorresponding to theimagesshownin panelA arevisualized.Evenin thepoor-qualitycase,tissue
structuresarerecognizedby thenetwork.(C) A deepstromascorebasedon neuralnetworkactivationsisdefinedastheweighted
sumof stromaltissueclassesthatareabovethreshold. (D, E)Meanoutput layeractivationfor lymphocytesandstromaseparatedby
CMS.Activationof (D) lymphocytesand(E) stromawereassessedin imagesfrom 425patientsfrom theTCGAcohort.As
expected,CMS1highlyactivatedthelymphocyteoutputneuron,whileCMS4highlyactivatesthestromaoutputneuron.� � � 0.05,
� � � � 0.01;ns> 0.05;two-tailed� testfor eachgroupversusall samples.Thedashedline marksthemeanof all samplesagainst
which� testwasperformed.Theline within eachboxmarksthemedianof thatgroup, thefull boxcontainsall samplesbetweenthe
25thandthe75thpercentile,andtheverticallinesextendto thesmallestandlargestnonoutlier value(Rggplot2geom_boxplot
convention).CMS,consensusmolecular subtype;CRC,colorectal cancer;HE,hematoxylin±eosin;LYM, lymphocytes;NA, not
available;ns,not significant; px,pixels;STR,stroma;TCGA,TheCancerGenomeAtlas.

https://doi.org/10.1371/journal.pmed.1002730.g004
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establishedpredictorof survival,andby itself,it isabetterpredictorthanthedeepstroma
scorealone.However,asthemultivariableanalysisshows(Fig5), thedeepstromascore
remainsasignificantpredictorof survivalin amultivariablerisk modelthat includesTNM
stage.

Deepstromascoregeneralizesto an independentvalidation cohort from a
different institution
Havingshownthat thedeepstromascorecarriesprognosticinformation,wevalidatedthis
approachin anindependentpatientcohort.Complexbiomarkersoftenfail whenappliedto
validationcohortsfrom differentinstitutions,partlybecauseof highvariability in tissuesam-
ples.WeusedHE-stainedslidesfrom formalin-fixedparaffin-embedded(FFPE)tissuefrom
409CRCpatientsin theDACHSstudy,alargemulticenterstudyin southwestGermany[31].
Wecalculatedthedeepstromascorein thesepatients,usingexactlythesamecutoff valuesas
found in theTCGAcohort.Weperformedmultivariateanalysisfor OS,disease-specific
(CRC-specific)survival(DSS),andRFS.Correspondingto theresultsfrom theTCGAcohort,
wefound that thedeepstromascorewasahighlysignificantprognosticatorfor OS(HR 1.63
[1.14±2.33],� = 0.008),DSS(HR 2.29[1.5±3.48],� = 0.0004),andRFS(HR 1.92[1.34±2.76],

Fig 5. Deepstromascoreis an independent prognosticator for shorter OSin the TCGA cohort. HRswith 95%CI in multivariableCoxmodelsincludingcancerstage
(I±IV), sex,andagefor aCAFgeneexpressionscore,pathologist'smanualquantification of stromalpercentageasprovidedin theTCGAmetadataandthedeepstroma
score.Thedeepstromascorewasbinarizedinto high/lowat themedian.Theotherscores(CAF,pathologist)werebinarizedatanoptimalthreshold(optimalYouden
index).Only thedeepstromascorewassignificantlyassociatedwith prognosisin thewholecohort(stageI±IV). Thehorizontalaxisisscaledlogarithmically (log10).
CAF,cancer-associatedfibroblast; CI, confidenceinterval;HR,hazardratio;OS,overallsurvival;TCGA,TheCancerGenomeAtlas.

https://doi.org/10.1371/journal.pmed.1002730.g005
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� = 0.0004)in thesepatients(Fig6).Thiswasindependentof CRCstage,sex,or age(Fig6).
RegardingdifferentUICC stagesof thetumor, thiseffectwasn.s.in stage1and2but was
highlysignificantin stage3and4cancer(multivariable-adjustedCRC-specificsurvivalfor
UICC stage1 cancer:HR 1.62[n.s.];stage2:HR 0.95[n.s.];stage3:HR 2.8[� = 0.0044];stage
4:HR 2.62[� = 0.0047];Fig6).Again,wecouldshowthat thedeepstromascoreisanindepen-
dentprognosticfactorwith strongprognosticpower,especiallyin advancedtumors.

Discussion
In thisstudy,weshowthatstromalmicroenvironmentpatternsasanalyzedbyaCNN are
prognosticof OSin atraining setof 500patientsandprognosticof OS,DSS,andRFSin an
independentvalidationsetof 409patients,independentlyof tumor stage,sex,andage.We
showthat thedeepstromascoresignificantlyextendstheUICC TNM system,whichis thecur-
rent stateof theart andusesmuchmorecomprehensivedata.Recently,Danielsenetal.have
proposedabiomarkerthatusesdigital imageanalysisto predictprognosisin stageII CRC
[52]. Thebiomarkerwepresentin thisstudyisanindependentprognosticfactorin advanced
CRC(stageIII andIV), therebycomplementingtheserecentfindings.

Fig 6. Deepstromascoreappliedto the validation dataset(DACHS cohort). HRswith 95%CI in multivariableCoxmodelsincludingcancerstage(I±IV), sex,and
agefor thedeepstromascore.HR for OS,DSS,andRFSareplotted.Thedeepstromascorewasstratifiedinto high/lowat themedianof thetraining set.In this
validationcohort,thedeepstromascorewasanindependent prognosticfactoroverall stagesandwithin stageIII andstageIV tumors.Thehorizontalaxisisscaled
logarithmically(log10).CI, confidenceinterval;DACHS,Darmkrebs:ChancenderVerhuÈtungdurchScreening;DSS,disease-specificsurvival; HR,hazardratio;OS,
overallsurvival;RFS,relapse-freesurvival.

https://doi.org/10.1371/journal.pmed.1002730.g006
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Interpretationof compleximagesbydeepCNNsispresentlytransformingmanydomains
in medicalimaging,but clinical translationof this technologyisstill in its infancy.Onereason
for thisdelayis thatCNNsperseneedhugeannotatedtraining datasetsthatarenot readily
availablein thecontextof histopathology.Anotherreasonis thatneuralnetwork±basedrisk
assessmentneedsto bevalidatedin clinicallycharacterizedvalidationcohorts.In thepresent
study,weaddressedbothof thesedifficulties:weassembledalargedatasetof 100,000histolog-
ical imagepatches,by far exceedingpreviouscomparablepubliclyavailabledatasets.Further-
more,weanalyzedtwo largepatientcohortsto establishandvalidateaCNN-basedassessment
asaprognosticbiomarkerin humanCRC.With thisapproach,wecouldindeedshowthat
CNNsarehighlycapableof classifyinghistologicalimagepatchesandof segmentinghistologi-
calimagesof complextissuearchitecture.Furthermore,wecouldshowthatneural-network±
basedtissuedecompositioncanbeusedto calibrateadeepstromascorethat isprognosticof
OSin alargecohortof patients.Validatingthisapproachin aseparatecohort,weconfirmed
theprognosticpowerof thisapproach.Thus,wepresentanovelbiomarkerthatcanbeincor-
poratedinto existingclinicalworkflowsbecauseit only relieson HE images,whicharewidely
available.

In CRC,thestromalcompartmenthasbeenshownto carryprognosticallyvaluableinfor-
mationthatcanberetrievedbysubjectivepathologicalevaluation,classicaldigital pathology
approaches,or viagenomicandproteomicstudies.However,to our knowledge,theprognostic
information presentin thestromalcompartmenthasnot yetbeenminedviadeeplearning
techniques.Thus,our methodconstitutesaprecedentcasefor accessinghiddeninformation
in thestromalcompartmentof CRCin anobjectiveandreproducibleway.

Our studyisaproof of conceptthatcanbethebasisfor prospectiveclinicalevaluation.
Immediateareasof interestwouldbeto identify high-riskpatientswith advancedcancerwho
might benefitfrom moreintensetreatment.In adigital pathologyworkflow,our method
couldbeusedto automaticallydetectCRCtumor tissueandÐfor oneor moreregionswithin
thetumorÐcalculatethedeepstromalscore.Thiswouldnot replace,but ratheraugmentand
accelerate,thepathologist'sevaluationof tissueslides,at thesametime makingit moreobjec-
tiveandreproducible.

Asin all studiesthatemploydeeplearningmethods,thequestionariseswhatthedeep
stromascorerepresentsexactly.TheCNN quantifiesthedifferentcomponentsof nontumor-
oustissue,combiningtheminto onenumber:thedeepstromascore.Thus,at first glance,it
actsasaproportion predictorof thevarioustissueclasses.However,havingasoftmaxlayeras
output,theCNN canalsoquantifymixturesof differenttissues.An exampleisanimagepatch
thathasa30%resemblanceto desmoplasticstromabut a70%resemblanceto tumor epithe-
lium. Thistypeof problemisapparentin Fig4A (middleandright panel)Ðin thesecases,the
tissueishighlymixed,andfor ahumanobserver,it isnot easilypossibleto assignproportions
of thedifferenttissueclasses.Our approachalsodiffersfrom geneexpression±basedmethods
to estimatethestromalcontribution to thetotal tissuemass,which infersstromalproportion
from bulk sequencingdataof heterogeneoustissue.Comparedto this,amajoradvantageof
our deeplearningmethodis theubiquitousavailabilityof HE slidesÐtheseareavailablefor
everycancerpatient,andscanningandanalyzingthemisnot verycostly.Also,our approachis
reproducible:If presentedwith thesameimagetwice,thealgorithmwill output thesame
result.Thesepointsmakethisnewapproachwellsuitedfor aclinicalapplication.

Asaretrospectivestudy,thisstudyneedsto bevalidatedprospectivelybeforeroutineclini-
caluse.Another limitation is that,in our study,ablindedobservermanuallyextractedtumor
regionsfrom histologicalwhole-slideimages.Thismanualstepcouldbereplacedin afully
automaticworkflow.
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Aspartof our study,weprovideopenlyaccessiblesetsof annotatedhistologicalimages,
their sizeexceedingcurrentlyavailabledatasetsbyafactorof 20[7]. This is important because
progressin deeplearningisdrivenby theavailabilityof largeannotatedcollectionsof training
data,andsuchdataaresparsein thefield of digital pathology.Thus,our methodandour data
setscanbeusedasabenchmarkfor future trials.

Supporting information
S1Fig.OSin the TCGA andDACHS cohort, stratified by UICC stageI, II, III, and IV
(cleanstage).Logrank � < 0.0001for panelsA andB.DACHS,Darmkrebs:ChancenderVer-
huÈtungdurchScreening;OS,overallsurvival;TCGA,TheCancerGenomeAtlas;UICC,
Union InternationaleContreleCancer.
(TIF)

S2Fig.Comparisonof threeCNN architectures.Theimagedatasetwith 100,000imagesin
nineclasseswasdividedinto 70%training set,15%validationset,and15%testingset.Fivedif-
ferentnetworks(alexnet,googlenet,resnet50,squeezenet,andvgg19)weretrainedon thisdata
set.VGG19achievedthebestclassificationaccuracy(98.7%)in this internal testsetandwas
usedfor all subsequentexperiments.Squeezenethadaclassificationaccuracy<<50% andis
not shown.CNN, convolutionalneuralnetwork.
(TIF)

S3Fig.Flowchartof the study.(A) First,weusedanimagesetof 100,000histologicalimagesto
find thebestneuralnetworkmodelamongthreecandidates.VGG19achievedthebestclassifica-
tion accuracyin aninternaltestset.(B) WethentrainedaVGG19modelon thefull setof 100,000
imagesandtestedthepredictionaccuracyin anexternaltestsetof >7,000images.Still,classifica-
tion accuracywasexcellent.(C) Wethenusedthis trainedmodelto extractstromafeaturesfrom
clinicallyannotatedslidesfrom 409patientsin theDACHScohort.Weassessedthepredictive
performancein imagesfrom 500patientsin theTCGAcohort.Wefoundthat thisyieldsastatisti-
callysignificant,independentprognosticfactorfor CRC.CRC,colorectalcancer;DACHS,
Darmkrebs:ChancenderVerhuÈtungdurchScreening;TCGA,TheCancerGenomeAtlas.
(TIF)

S4Fig.Softmaxlayeractivationsfor larger imagesin the DACHS cohort. (A±M) Represen-
tativeimagesfrom thisdataset;left:HE aftercolornormalization;right: outputneuronactiva-
tions(softmaxlayer[layer46]).DACHS,Darmkrebs:ChancenderVerhuÈtungdurch
Screening;HE,hematoxylin±eosin.
(TIF)

S5Fig.Clustering of stromal and tumoral phenotypes.Deepneuronactivation(fc7layerin
theVGG19model)from thetraining setNCT-CRC-HE-100Kwereextractedfor all imagesin
theclassesSTRandTUM. TheseactivationvectorswerevisualizedusingtSNE.Representative
imagesfrom four regions(top,bottom,left, right) areshown.(A) tSNEfor classSTR,four
regionsarecolored.(B) Exampleimagesfrom theseregions.(C) tSNEfor classTUM, (D)
exampleimagesfor theseimages.Bothfor STRandTUM, closelyrelatedtissuephenotypesare
closein thetSNErepresentation.Forexample,in thelowerpanelof B,densestromaimage
patchesclustertogether,while in thetop andleft panel,loosestromaclusterstogether.For
TUM, welldifferentiatedglandularadenocarcinomatissueisenrichedin theleft regionin
panelD, whilepoorlydifferentiatedhomogeneoustissueisenrichedin thetop panelin panel
D. STR,stroma;tSNE,t-distributedstochasticneighborembedding;TUM, cancerepithelium.
(TIF)
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S6Fig.ROCcurvesof classificationperformancein an externalvalidation set.Theexternal
validationsetconsistedof 7,180imagesin nine tissueclasses(CRC-VAL-HE-7Kdataset)and
wasrandomlysplit into k = 25subsets.Theclassifierwasappliedto eachof thesesubsets.For
eachtissueclassandeachsubset,theROCcurveisplotted,andtheAUC isgivenasmedian
with the5th and95thpercentileof their distribution.AUC, areaunderthecurve;CI, confi-
denceinterval;ROC,ReceiverOperatingCharacteristic.
(TIF)

S1Table.Genesusedfor the CAF signature,establishedby Isellaet al. (35).CAF,cancer-
associatedfibroblast.
(DOCX)

S2Table.Categoricalvariablesof the TCGA cohort.
(DOCX)

S3Table.Continuousvariablesof the TCGA cohort.
(DOCX)

S4Table.Categoricalvariablesof the DACHS cohort.
(DOCX)

S5Table.Continuousvariablesof the DACHS cohort.
(DOCX)

S6Table.All layersin the final modified VGG19CNN model.
(DOCX)

S7Table.TRIPOD compliancestatement.
(DOCX)

S8Table.Statisticsfor eachtissueclassin an externalvalidation set.AUC, sensitivity,speci-
ficity, PPV,andNPV areshownasmedianwith the5th and95thpercentileof their distribu-
tion basedon k = 25randomsplitsof theexternalvalidationsetasshownin S6Fig.AUC, area
underthecurve;CI, confidenceinterval;NPV,negativepredictivevalue;PPV,positivepredic-
tivevalue.
(DOCX)
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