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Abstract

Background

For virtually every patient with colorectal cancer (CRC), hematoxylinteosin (HE)xstained
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 194% 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 11V 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 2deep stroma score,°
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 2Darmkrebs: Chancen der Verhtung durch Screening® (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?

- Colorectakcancen{CRC)is acommondiseasevith avariableclinical courseandthere
is ahigh clinical needto more accuratelypredictthe outcomeof individual patients.

- ForalmosteveryCRCpatient,histologicaklidesof tumor tissueareroutinely available.

- Deeplearningcanbeusedto extractinformation from verycompleximagesandwe
hypothesizedhat deeplearningcanpredictclinical outcomedirectly from histological
imagef CRC.

What did the researchers do and find?

- Wetrainedadeepneuralnetworkto identify differenttissuetypesthat areabundantin
histologicaimagesof CRC,especiallypontumorous(®stromal®) tissuetypes.

- We showedhat this deepneuralnetworkcandecomposeomplextissueinto its con-
stituentpartsandthatthe abundancef eachof thesetissuepartscanbeaggregated a
prognosticscore.

- In two independentmulticenterpatientcohorts, we showedhat this scoremproves
survivalpredictioncomparedo the Union InternationaleContrele Cancer(UICC)
stagingsystemwhichis the currentstateof the art.

What do these findings mean?

- Deeplearningis aninexpensiveool to predictthe clinical courseof CRCpatientsbased
on ubiquitouslyavailablenistologicaimages.

- Prospectivevalidationstudiesareneededo firmly establishthis biomarkerfor routine
clinicaluse.

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1002730 January 24, 2019

2/22


https://doi.org/10.1371/journal.pmed.1002730
https://www.bmbf.de/
https://www.bmbf.de/
http://www.dfg.de/en/index.jsp
https://www.nct-heidelberg.de/

@’PLOS ‘ MEDICINE

Predicting survival from histology in colorectal cancer using deep learning

Introduction

Precisiononcologydependson stratificationof cancerpatientsinto differentgroupswith dif-
ferenttumor genotypesphenotypesandclinical outcome While subjectiveevaluationof his-
tologicalslidesby highly trained pathologistsemainsthe gold standardfor cancerdiagnosis
andstagingmolecularandgenetidestsaredominatingthefield of quantitativebiomarkers
[1x4].

Pathologyslidesoffer awealthof information that havefor yeardbeenquantifiedby means
of digital pathologyandclassicainachinelearningtechniqueg5]. However fewif anydigital
pathologybiomarkershavemadetheir wayinto the clinic sofar, partly becausef technologi-
callimitations, including complicatedmageanalysislgorithms.Previousvork on digital
pathologyhasusedcomputer-base@nageanalysisapproachefor celldetectionandclassifica-
tion [6], tissueclassificatiorf7], nucleiand mitosisdetection[8,9], microvessesegmentation
[10], andotherimmunohistochemifry scoringtaskg11] in histopathologicaimages.
Machinelearningmethodscanextractprognosticatorgrom suchimaged12] and havealso
beenusedto extractprognosticatorgrom radiologicalimageq13].

Outsideof medicine the adventof convolutionalneuralnetworks(CNNs) hasrevolution-
izedtheimageanalysidield. Complexvisualtaskscanbeefficientlysolvedby neuralnetworks
that canlearnto distinguishobjectsbasedn featuredearnedfrom training data.Applications
of CNNsrangewidely,from speechiecognition[14,15],facerecognition[16], or traffic sign
classificatiorf17] to masteringthe Japanesgameof Go[18]. Wereferto LeCunetal.[19] for
anexcellenteview.In the contextof medicalimaging,CNNshavebeenusedto classifymedi-
calimaged20], detectcancettissuein histopathologicaimageq21], extractprognosticators
from tissuemicroarrayg(TMASs) of humansolidtumors[22], andclassifytumor cellnuclei
accordingto chromatinpatterng[23].

While mostof thesestudieshavefocusedn the tumor cells the stromalcompartmentb
definedasall nontumor componentf cancettissuebismovinginto the focusof biomarker
researchn oncology{24]. In solidtumorssuchascolorectakcance(CRC),lymphocytesand
fibroblastsprofoundly shapehetumor microenvironmentandhaveasignificantimpacton
clinicalendpoints[25,26]. Tumor-infiltrating lymphocytesavebeenquantifiedwith classical
imageanalysisnethodg27,28]and deeplearningmethodg29], which for sometumor types
hasbeencorrelatedo transcriptomicdata[30].

However the clinical translationof this technologicaprogresss still hamperedy two
main obstacledackof wellannotatedand abundantdatafor training CNN modelsandvali-
dation of theseproposedmethodsin awiderangeof clinically relevantsituationswith hetero-
geneouseal-worlddata,especialljhematoxylinteosifHE) imagesrom different
institutions.

In the presentstudy,weaimedto fill thesegapsgn the contextof humanCRC,aclinically
highly relevantdiseasé/Ve usedtwo large multicentercollectionsof histologicaimagesand
aimedto evaluatehe prognosticpowerof CNNsin thesedatasetsby developingandvalidat-
ing anewprognosticmodel.

Methods
Ethicsstatement

All experimentsvereconductedn accordancevith the Declarationof Helsinki,the Interna-
tional EthicalGuidelinesfor BiomedicaResearclnvolving Human Subjectsdy the Council
for InternationalOrganizationsof MedicalScience$§CIOMS),the BelmontReport,andthe
USCommonRule.Anonymizedarchivaltissuesamplesvereretrievedfrom thetissuebankof
the NationalCenterfor Tumor diseasefNCT; HeidelbergGermany)in accordancevith the
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regulationsof thetissuebankandthe approvalof the ethicscommitteeof HeidelbergUniver-
sity (tissuebankdecisionnumbers2152and 2154 grantedio NH and JNK;informed consent
wasobtainedfrom all patientsaspart of the NCT tissuebankprotocol;ethicsboardapproval
S-207/2005enewedn 20DecembeR017).Partsof thesesample®riginatedfrom the
DACHSstudy[31,32].Another setof tissuesamplesvasprovidedby the pathologyarchiveat
UniversityMedicalCenterMannheim(UMM; HeidelbergUniversity,Mannheim,Germany)
afterapprovalby theinstitutional ethicsboard(EthicsBoardll atUMM; decisionnumber
2017-806R-MAgrantedto AM andwaivingthe needfor informed consentfor this retrospec-
tive andfully anonymizedanalysi®f archivalsamples)HE imagedrom the The Cancer
GenomeAtlas(TCGA) [33] weredownloadedrom public repositoriesat the National Insti-
tutesof Health(NIH; USA).Theseémagesvererandomlydrawnfrom colorectaladenocarci-
noma(COAD) andrectaladenocarcinom@READ) patients.

Prospectiveanalysisplan

Beforestartingthe study,weplannedto train a CNN for multiclasstissueclassificationn CRC
histology to applythis CNN to histologicaimagesf the TCGA cohortandbuild apredictive
scorefrom the output neuronactivationsHavingdonethis, weacquiredanindependentata
set(DACHS dataset,seebelow)to validatethe predictor.During the peerreviewprocessye
addedmultiple elementof internal and externalvalidation,but wehavenot changedhe pre-
dictivemodel.

Patient cohortsand data availability

HE-stainechumancancettissueslidesfrom four patientcohortswereusedin this study.All
imagesvere224 224pixels(px) and0.5 m/px andwerenormalizedwith the Macenko
method[34]. We usedthis color normalizationmethodbecaus¢hereweresubtledifferences
in thered andbluehuesin the originalimageswhichresultedin abiasedclassification.

First,86 HE slidesof humancancettissuefrom the NCT biobankandthe UMM pathology
archivewereusedto createatraining imagesetof 100,000magepatchegNCT-CRC-HE-
100K ,without clinical follow-up data,dataavailableat http://dx.doi.org/10.5281/zedo.
1214456)Representativenagesof this cohortareshownin Fig 1. We manuallydelineated
regionsof puretexturesasdescribedefore[7] andextractedhesenonoverlappingmage
patcheswith approximatelyequaldistribution amongthe following nine tissueclassesadipose
tissue packgroundgdebris,lymphocytesmucus,smoothmuscle hormal colonmucosagcan-
cer-associatestroma,and CRCepithelium.CRCepitheliumwasonly derivedfrom human
CRCspecimenr(primary and metastatic)Normal tissuesuchassmoothmuscleandadipose
tissuewasmostlyderivedfrom CRCsurgicalspecimenbut alsofrom gastrectomypecimen
(including uppergastrointestinasmoothmuscle)in orderto maximizevariabilityin this
training set.

Second?25HE slidesof humanCRCtissuefrom the DACHS studyin the NCT biobank
wereusedto createatestingsetof 7,180magepatchegCRC-VAL-HE-7K,without clinical
follow-up data,dataavailableat http://dx.doi.org/10.5281/zenod®14456).

Third, weretrieved862HE slidesfrom 500CRCpatientsfrom the TCGA cohort(COAD
andREAD patientsavailableat http://cancer.digitadlidearchive.net/j33] with clinicalfollow-
up dataand histopathologicaannotation.The samplesizeof this cohortwaschosernsuchthat
the patientnumberwascomparabléo the samplesizesn similar studieg35,36].For the
TCGA dataset,weusedsnap-frozersectionsonly becaus¢hesearederivedfrom thetissue
portionsthat werealsousedfor molecularanalysisAll slidesfrom CRCpatientsin the TCGA
projectweremanuallyreviewedandslideswith tissuefolds,torn tissue pr otherartifactsbas
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Fig 1. Exampleimagesfor eachof the nine tissueclassesepresentedn the NCT-CRC-HE-100K dataset.ADI, adiposdissue BACK,backgrour;
CRC,colorectakcancerDEB,debris;HE, hematoxylh+eosinLYM, lymphocytesMUC, mucus;MUS, smoothmuscleNCT, National Centerfor
Tumor Disease\\ORM, normal colonmucosaSTR cancer-assoatedstroma;TUM, colorectabdenocaregiomaepithelium.

https://doi.0g/10.137 1§urnal.pmed 102730.g001

well asslidewithout anytumor tissueBwereexcludedThe proces®f slideselectionvasdone
blindedto all other clinicopathological/ariablesputcomedata,or geneexpressiordata.For

all TCGA patientsin our analysisyealsoretrievedgeneexpressiomata(availableat https://
portal.gdc.cancer.govdswell astumor purity estimatessdefinedbythe ABSOLUTE
method(describedn [37], dataavailableat https://www.synapse.okg Synapse:syn3582761).
Fromthedigital whole-slidedmagesye manuallyextractedegionsof 1,500 1,500px at

0.5 m/px (MPP)from theseémagesTheseaegionswereextractedn suchawaythatno arti-
factswerepresentin theregion. The proces®f extractingthe regionswasblindedto all
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clinicopathologicatiata,outcomedata,and geneexpressiomata.With matchedRNA-seq
datafrom thesepatientswe calculatech cancer-associatdibroblast(CAF) scoreasproposed
by Isellaetal.[38]. Thescorewascomputedusingthe averag@eneexpressiotevelfRNA-
seq)of the CAF signature Thegendlistsfor the CAF signatureis shownin S1Table. Aspart of
the metadatamanualestimationof total stromalcontentby pathologistsvasavailableWhen-
everthisinformation wasavailabl€or morethanoneslideper patient,we usedthe meanin all
downstreamanalysesT his TCGA datasetwasusedto analyzerognosticimpactof neural
network-basedissuedecompositiorand deepstromascore(seebelow)with primary end
point beingoverallsurvival(OS).A clinicopathologicasummaryof thesepatientsis shownin
S2and S3TablesOSby tumor stageor this cohortis shownin S1AFig.More extensivelini-
caldataon the subjectsn this cohort (asrequiredby the TRIPOD checklist)arepublicly avail-
ableviathe GDC dataportal at https://portal.gdc.cancer.ggwojects/TCGA-COADand
https://portal.gdc.cancer.gfprojects/TCGA-READTissuesamplesn this cohortwerepro-
videdby multiple institutionsin differentcountrieswhich arelistedat https://gdc.cancer.gov/
resources-tcga-users/tcgade-tables/tissue-source-site-cod®gbjectsith missingoutcome
datawereexcludedrom the prognosticmodel,and no imputation wasused.

Fourth, weretrieved409HE slidesfrom 409patientsin the DACHS cohort[31,32]atthe
NCT biobankwith clinical follow-up dataand usedthis cohortasanindependentalidation
setfor the deepstromascore Theprimary endpoint wasOS;secondargendpointsweredis-
ease-specifisurvival(DSS)andrelapse-fresurvival(RFS).The samplesizefor this cohort
wasbasedn tissueavailability A clinicopathologicabummaryof thesepatientsis shownin
S4and S5TablesOSby tumor stagéor this cohortis shownin S1BFig. The patientswere
recruitedin multiple hospitaldn the Rhine-Neckaregionin Germanybetweer?2003and
2007 More extensiveslinical dataon the subjectsn this cohort,including information about
follow-up (asrequiredby the TRIPOD checklist) wasdescribedpreviously{31,32].Subjects
with missingoutcomedatawereexcludedrom the prognosticmodel,andno imputationwas
used.

Training and testing of neural networks

We usedvariousCNN modelsall of whichwerepretrainedon the ImageNetdatabasévww.
image-net.org)We replacedhe classificatiodayerandtrainedthe wholenetworkwith sto-
chastiggradientdescentvith momentum(SGDM).We evaluatedhe performanceof five dif-
ferentCNN modelsaVGG19model[39], asimplerneuralnetworkmodel,AlexNet[40], a
verysimplemodel,SqueezeNetersionl.1[41], amore complexmodel,GoogLeNef{42], and
a?residuallearning®networkmodel,Resnet5(43]. To gaugehe performanceof thesenet-
work architectureswe usedthe NCT-CRC-HE-100Ksetand dividedit into 70%training set,
15%validationset,and 15%testingset.We trainedall networkson a desktopworkstationwith
two NVidia P6000GPUswith amini batchsizeof 360andalearningrateof 3 10* for eight
iterations.We found that all networkswith the exceptionof SqueezeNetchieved>97% classi-
ficationaccuracyn thistask.VGG19hadthe bestperformancewith 98.7%accuracyandan
acceptabléraining time (S2Fig). We thereforeusedvGG19for all further experimentsThe
trainedVGG19modelcanbedownloadedat hitp://dx.doi.org/10.581/zenodo.1420524.

In all casegiotationalinvariancewasachievedhroughdataaugmentatiorwith random
horizontalandverticalflips of the training imagesimageswvereresizedo the neuralnetwork
input sizeif necessaryl o testthe classificatioraccuracyof the neuralnetworkwith the stan-
dardimagedatasetsimagesf 224 224px (112 112 m) werefedinto the networkoneat
atime.

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1002730 January 24, 2019 6/22
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After neuralnetworktraining with all 100,000magepatchegwhich werederivedfrom 86
whole-slideémages)n the NCT-CRC-HE-100Kset,weassesseiiksueclassificatioraccuracy
in anexternalvalidationset:the CRC-VAL-HE-7Kdataset,which contained7,180mage
patchegderivedfrom 25whole-slideémages)All imagesn thesesetshadasizeof 224 224
px andwerepresentedo the networksequentially.

Next,weappliedthe networkto largerimageswith heterogeneousssuecomposition.We
usedaslidingwindowto extractpartially overlappingtilesthat werepresentedo the network.
Theactivationsof the softmaxoutput layer(layer46,oneoutput neuronpertissueclassrang-
ing from Oto 1) werethensavedor eachimagetile. For visualizationgachoutput classvas
representedby adistinctcolor. Thefinal color of eachpixelin the visualizatiorwasthe sumof
thesecolorsweightedby the output neuronactivationsatthis particularlocation.To compare
differentimagesthe meanactivationfor eachtissueclassvasused.

Assessmenof neural network training

To assesthe quality of neuralnetworktraining, weemployedhreeseparatesteps(1) valida-
tion of the classificatioraccuracyn anindependentraining set,(2) visualizationof the class
separatiorbasedn t-distributed stochastimeighborembeddingtSNE)[44] of deeplayer
activationsand(3) DeepDreanvisualizationof deepneuronactivationglayer46 of VGG19,
pyramidlevell2,iterations75,scalel.1,with histogramstretchingof the resultingimagefor
optimalvisualization).

Deepstromascore

Foreachimagein the TCGA dataset,weusedthe meanactivationof the softmaxoutput neu-
ron for anyof the nine output classes regionsof 1,500 1500px (750 750 m). In thisset,
wesampledneregionfrom thetop slideandoneregionfrom the bottom slideif bothwere
availableThe sameprocedurewasappliedto the DACHS set.Howeveronly oneslideper
patientwasavailablén this set,andwe sampledwo or threeregionsfrom eachimagedepend-
ing onimagesize.n total, 862imagepatchesvereusedfor the TCGA dataset,and 1,349
imagepatchesvereusedfor the DACHS dataset(S3Fig). If severalmagedor onepatient
wereavailablethe maximumactivationwasusedfor eachclasgmaxpooling).All imagewere
Macenko-normalizedeforefurther analysig34].

Followingtissuedecompositiorof allimagesn thetraining set(TCGA set), weassessed
the prognosticperformanceof eachtissuecomponentby usingunivariableCox proportional
hazardmodelswith continuouspredictors(nonthresholded)For the nine classegdipose,
backgrounddebris,lymphocytesmucus,smoothmuscle normal colonmucosagcancer-asso-
ciatedstroma,and COAD epithelium),the hazardratios (HRs)for shorterOSwere1.150,
0.0155.967,1.2260.4883.7610.909,1.154and 0.475 Then,optimal cutoffsfor the predic-
tion of survival(yes/no)weredeterminedusingROCanalysidy selectinghe cutoffwith the
highestYoudenindex (sensitivity+ specificity 1).If thereweremultiple optimal cutoffs,the
onecloserto the medianwaschosenThesecutoffswere0.000560.002270.031510.00121,
0.011230.023590.064050.00122and0.9996 1Next, we combinedall tissuecomponents
with aHR > 1into ascoreby usingthefollowing procedurewe countedthe numberof tissue
classef0 to 5) that wereabovethe optimum Youdenthresholdfor eachclassweightedby the
HR for eachclasdn orderto givemoreweightto featureswith higherprognosticpower.This
HR wasderivedfrom aunivariableCoxproportionalhazardmodel.Becaus¢heresultingmet-
ric comprisednformation from variousnontumor (i.e.,stromal)componentsf thetumor,
wetermedit 2deepstromalscore.qt shouldbenotedthatthis notion of 2stroma®comprises
variousnontumor componentsf the tissuesuchasdesmoplastistroma,lymphocytesand
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adiposdissueln the TCGA set,the medianscorevaluewas8.347whichwassubsequently
usedto stratify patientsinto high/lowin all further analysedJsingthis sameprocedureand
the samecutoffin the DACHS dataset,34%of all patientswere2high,®° and 66%were?low.°
Usingtheseadichotomousvaluesyvefitted multivariateCoxproportionalhazardmodels
adjustingfor the Union InternationaleContrele Cancer(UICC) stagecontinuousvariable 1,
2,3,0r 4), sex(maleor female) andagein decadegagein yearsdivided by 10)to estimate
HRsandcorresponding@5%confidencentervals(Cls).

The cutoffsfor comparingthe prognosticpowerof differentscoresvereasfollows:weused
themedianfor deepstromascoreandan optimalthreshold(calculatedy the Youden
method)for CAF scoreandpathologistannotation.Then,eachscorewasassessed adichot-
omizedwayin amultivariableCox proportionalhazardmodelincluding tumor, node,and
metastase@ NM) stagesexandageascovariates.

Summaryof the procedures

In summary wesystematicallyestedfive neuralnetworkmodelsfor atransfer-learning+
basedtlassificatiortaskin 100,00(histologicaimagepatchesVGG19wasthe bestmodelin
aninternalandanexternaltestingset(S2Fig,detailson themodelin S6Table).Wethenused
this modelto extracttissuecharacteristicfom complexhistologicaimageswith clinical
annotationand combinedthesedatain a®deepstromascore.This scorewasevaluatedn two
largepatientcohortswith atotal of 909patients A flowchartof the full procedureis shownin
S3Fig.Our studycomplieswith the TRIPOD statemenf{45] asdeclaredn S7Table.

Software

All statisticabnalysesveredonein R unlessotherwisenoted(R version3.4.0)usingthefol-
lowing libraries:survminer,survival,ggfortify, ggplot2 OptimalCutpoints(and their respec-
tive dependencies). < 0.05wasconsideredstatisticallysignificant;  0.05wasconsidered
not significant(n.s.).JASPversion0.8.5. wasusedfor descriptivestatisticsNeuralnetwork
training anddeploymentvasdonein MatlabR2018an two standarddesktopworkstations
with two Nvidia QuadroP6000GPUsandaNvidia Titan Xp GPU,respectivelyOur source
codesareavailableat http://dx.doi.org/10.581/zenodo.1471616.

Results
CNNscanlearn morphological featuresin histologicalimages

We usedour NCT-HE-100Kdatasetof 100,000histologicaimagedo train aVGG19CNN
modelandtestedthe classificatiorperformancen anindependensetof 7,180magedrom
differentpatients(CRC-VAL-HE-7K,Fig 2A). Theoverallnine-classiccuracywascloseto
99%in aninternaltestingset(S2Fig) and94.3%n anexternaltestingset.A highaccuracywas
obtainedin all tissueclasseg~ig 2B).Most misclassificationarosebetweerthe classemuscle
andstromaaswell asbetweendymphocytesanddebris/necrosigFig 2B). This misclassification
wasexpectedecausenuscleandstromashareafibrousarchitectureand necrosigs often
infiltrated by inflammatorycells(Fig 1). In asimilar multiclassproblemin CRCimageanaly-
sis,previousmethodshaveattainedwell below90%accuracy 7]. We visualizedheinternal
representationsf tissueclasseby usingtSNEon deeplayeractivationsand sawanearperfect
separatiorof the classes thetestingset(Fig 2C). This showsthatthe CNN learnsimagefea-
turesthat allowaseparatiorof nine tissueclasses.

Next,wevisualizedhe morphologicafeaturedearnedby the networkusinga DeepDream
approachwhichto our knowledgehasnot beenusedin the contextof histologicaimaging
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Fig 2. A CNN learnsrobust representdions of histological imagesand attains high classificationaccuracy(A) A nine-clasgraining setcontaining100,00@nique
imagesandatestingsetof 7,180uniqueimagesClasseareadiposebackgroum, debris lymphocyts, mucus,smoothmuscle normal mucosastroma,cancerepithelium.
Pieareais proportionalto samplenumber.(B) Confusia matrix of the CNN-basedtlassificationpverallaccuracys 94%.(C) tSNEof the testingsetbasedn deeplayer
activationof thetrained CNN. Tissueclassegaturallyaggregaten separatelusterswith closeproximity of the TUM andNORM clusterandthe MUS and STRcluster,
respectivelyD) Deepdreamvisualizatbn of the spatialpatternsrepresentd in thetrained CNN. For all tissueclasseghe networkhaslearnedto visuallydiscernkey
featuresFor example|.YM arecomposedf tightly collectedsmallround cellsandNORM is composeaf glandsin anevendistribution pattern.ADI, adiposeissue;
BACK,backgrouml; CNN, convoluional neuralnetwork; DEB,debris;LYM, lymphocytesMUC, mucus;MUS, smoothmuscle NORM, normalmucosaSTR stroma;
tSNE t-distributedstochast neighborembeddirg; TUM, cancerepithelium

https://da.org/10.1371¢urnal.pned.1002730@02
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before Ascanbeseenn Fig 2D, thetissuestructureghat werelearnedby the networkare
wellunderstandabléor humanvision:examplesarelooselyalignedtissuefibersin muscleand
stroma,theregulartexturespresenin normal colonicmucosaandthe moreirregulartexture
presenin colorectalcarcinomaepithelium.We appliedthe neuralnetworkto largerimages,
with exampleshownin S4A+S4M-ig,andto whole-slidémagestwo representativémages
of whichareshownin Fig 3A and 3B.Especiallyn the whole-slidédmagesthe neuralnetwork
achieved high classificatioraccuracythat matcheshumanperception For two major tissue
classedumor andstroma,wevisualizedleeplayeractivationausingtSNE(S5Aand S5BFig).

Fig 3. A CNN cansegmer histopathological whole-slideimages.Theneuralnetworkclassifer wasusedto classifyreal-wort imagesrom the DACHScohort.(A)
and(B) showtwo representatieexamplémagesLeft: original HE imageright: classificatiormap.Evenfine structuresarerecognizedy the neuralnetworkevenin
regionsof suboptimatissuequality. Only thetissueis shownin this exampleandbecaus¢hetissuedoesnot occupyarectanglar areaon the pathologyslide the
whole-sldeimagewasmanuallysegmente by anobservetrainedin pathologyto showonly tissuewithout backgrourl for betterclarity (backgrounds white).ADI,
adiposetissue BACK, backgrourn; CNN, convolufonal neuralnetwork; DACHS, Darmkrebs: Chancerder Verhttung durch ScreeningDEB, debris;HE,
hematoxylhteosinLYM, lymphocyteaggregas;MUC, mucus;MUS, muscle NORM, normalmucosaSTR stroma;TUM, tumor epithelium.

https://da.org/10.1371¢urnal.pned.100273@003
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We sawthat, within theseclassesimilar phenotypesveregroupedtogether anddifferent
phenotypesverelocatedareatalargerdistancefrom oneanother.For stroma,densestroma
andloosestromaformedseparateluster S5Aand S5BFig). For tumor, well differentiated
andpoorly differentiatectumor partseachformedaseparateluster(S5Cand S5DFig).

Basedn thesedata,we concludethat CNNsdevelopnternal representationsf different
tissueclasseandthat theyarecapablef solvingmulticlasgtissueclassificatiorproblemsbet-
terthanthe previousstateof the art [7]. Our dataprovideevidencehattraining aCNN model
with alargedatasetresultsin excellenperformanceexceedinghe stateof the art for histolog-
icaltissueclassificationDetailedperformancestatisticof our modelareavailablén S6Fig
andS8Table.

CNNscandecomposeomplextissue

Basedn thefinding thata CNN could classifitissuecomponentsn histologicaimageswe
nextassesseagthetherthis approachcanbeusedto extractprognosticallyrelevantinformation
from imagesTo this end,weusedalargedatasetof clinically annotatedHE whole-slide
imagedrom 500patientsfrom the TCGA cohort. Thesémagesamefrom variousinstitutions
andwerederivedfrom snap-frozerissuesectionswith varyingquality (Fig 4A). Usingpar-
tially overlappindiles,we classifiedhetissuein thesecompleximagesyieldingplausibleneu-
ral networkactivationmaps(Fig 4B).

CRCcanbeseparatedhto four distinct consensusmolecularsubtypegCMSs)[46] thatare
correlatedo differentcellpopulationsin thetumor microenvironment[47]. For all patients
with availableRNA-seqdata,we calculatedhe CMSasdescribedpreviously{46]. It isknown
that CMS1tumorsarehighlyinfiltrated by lymphocytesand CMS4tumors containabundant
desmoplastistroma.CNN tissuedecompositioryieldedcompatibleresultsactivationof the
lymphocyteoutput neuronwassignificantly( < 0.001)increasedn CMS1tumors(Fig4D)
comparedo all tumors.Activation of the stromaoutput neuronwassignificantly( < 0.001)
increasedn CMS4tumors(Fig 4E)comparedo all tumors.We concludethat CNNscan
decomposeomplextissuepartsand consistentlyidentify tissuecomponentghat areknown
to bepresentn specificmolecularsubtypeof CRC.

CNNs canextract prognosticatorsfrom HE images

Havingthusconfirmedthat CNN extractplausibledatafrom compleximageswith mixedtis-
sueswenextinvestigatedvhetheractivationof the clasoutput neuronscarriesprognostic
information. Wefitted univariableCoxproportionalhazardmodelsto eachoutput classand
found that higheractivationof five of nine classewascorrelatedo apoor outcome(adipose
tissueHR = 1.150[n.s.];debris:HR =5.967 = 0.004]lymphocytesHR = 1.22€n.s.];mus-
cle:HR=3.761] =0.025]stroma:HR = 1.154[n.s.]). Basedn thesefindings,weinvestigated
whethera®deepstromascore®hat combinedall of thesefeaturesvasanindependentprog-
nosticfactorfor survival.This deepstromascorewasa combinationof multiple nontumor
componentf the tissueasquantifiedby the output neuronactivationof aCNN. Indeed,in
the TCGA dataset,the deepstromascorewasa prognosticfactorfor shorterOSin aunivariate
(HR 2.12[1.38+3.23], = 0.001)andanindependeniprognosticfactorin amultivariateCox
proportionalhazardmodel(HR 1.99[1.27+3.12], = 0.0028Fig5) with UICC stagegender,
andageascovariategFig 5). We hypothesizedhat theremight betumor-stage+specifidiffer-
encesn the prognosticpowerandthereforecalculatedhe multivariableCoxmodelfor each
tumor stagelndeed the HR for shorterOSincreasedvith increasingumor stageasshownin
Fig5.We concludethat adeepstromascorebasedn tissuedecompositiorby aCNN isan
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Fig 4. Prognostiation of CRCoutcomeby a deepstromascore.(A) HE imagesn the TCGA cohorthadheterogeneostexture,
andsomehadpoor quality.Imagesizeis 1,500 1,500px, andregionswereclassifiedvith aslidingwindowof 224 224px. (B)
Neuralnetworkactivadions corresponihg to theimagesshownin panelA arevisualizedEvenin the poor-qualitycasetissue
structuresarerecognizedy the network.(C) A deepstromascorebasedn neuralnetworkactivationss definedastheweighted
sumof stromaltissueclassethatareabovethreshold (D, E) Meanoutput layeractivationfor lymphocytesnd stromaseparatedy
CMS.Activationof (D) lymphocyte and (E) stromawereassessead imagesrom 425patientsfrom the TCGA cohort.As
expectedCMS1highly activatedhe lymphocyteoutput neuron,while CMS4highly activateshe stromaoutput neuron. 0.05,

0.01)ns> 0.05;jwo-tailed testfor eachgroupversusall samplesThedashedine marksthe meanof all samplesgainst
which testwasperformed.Theline within eachbox marksthe medianof thatgroup the full box containsall samplebetweerthe
25thandthe 75thpercentileandtheverticallinesextendto the smallesandlargesnonoutier value(R ggplot2geom_box it
convention).CMS,consensumolecubr subtype CRC,colorecthcancerHE, hematoxyihteosinLYM, lymphocytes;NA, not
availablens,not significart; px, pixels;STR stroma;TCGA, The CancetGenomeAtlas.

https://doi.org/1A.371/journalmed.100273@004

independenprognosticfactorin CRCpatientswith considerablg@rognosticpower,especially
in advancedumor stagegUICC 4).

Neural network assessmentf the stromal compartmentcomparedto gold
standardmethods

Havingshownthat a deepstromascorecarriesprognosticpower,wecomparedhis approach
to currentgold standardmethodsto assesthe stromalcomponentof CRC.Two suchstandard
methodsaremanualestimationof stromalpercentagén HE sectiondy pathologistanda
geneexpressiorsignatureof CAFs.In the TCGA cohort,manualannotationwasavailableas
part of themetadataAlso,geneexpressiomatawereavailablefrom whichwe calculateda
CAF scoreasproposeddy Isellaetal.[38]. The CAF scorequantifiesfibroblastsonly, while the
pathologist'sannotationquantifiesareasf desmoplastistroma.Bothmeasuresreknown to
beassociatewvith survivalin CRCandothertypesof cancel{48+51].It shouldbenoted,how-
ever thatthesemeasuresapturedifferentinformation than our deepstromascorewhichisa
combinationof multiple nontumor componentsincluding but not limited to desmoplastic
stroma.

For eachscorewecalculatedhe HR for shorterOSin amultivariateCox proportionalhaz-
ard model,usingCAF signaturepathologist@annotation,and deepstromascore respectively,
alongwith UICC stagegenderandageascovariatesThe CAF signaturewasindependently
prognosticfor survivalin stagdl (HR = 2.35[1.06+5.23], = 0.036)andstagdll (HR=4.14
[1.58+10.82], = 0.0038)Yumors,while the pathologist'sannotationwasnot prognosticin any
tumor stageThe deepstromascorewasanindependeniprognosticfactorin stagdV tumors
(Fig5). Also,the deepstromascorewashighly significantlyprognosticof survivalin the full
cohortof alltumor stagegHR = 1.99[1.27+3.12], = 0.0028)while CAF scoreandpathologist
annotationwerenot (Fig 5).

Deepstromascorevaluesverenot significantlycorrelatedo CAF scoreor pathologist
annotation( > 0.05)However the stromacomponentof the deepstromascoreitselfwas
moderatelycorrelatedo the CAF score(Pearson'sorrelationcoefficientis 0.26, < 0.001).
Thisis higherthanthe correlationbetweerpathologistannotationand CAF score(correlation
coefficient0.20, < 0.001)suggestinghatthe neuralnetworkis atleastasgoodaspatholo-
gistsat detectingthe stromalcomponentasreflectedn geneexpressioranalysisWe alsocom-
paredthe output of the CNN tumor output neuronto tumor purity estimatesandfound that
therewasapoor correlation(correlationcoefficient0.069, =0.14).Togetherthesefindings
suggesthatthe deepneuralnetworkis not agoodextractorfor tumor-celltrelateccompo-
nentsbut is an efficientextractorof stromalcomponents.

Furthermore wecomparedhe performanceof our modelto the UICC TNM stagewhich
isthe gold standardfor prognosticationn CRC.Asshownin S1Fig, TNM stagdsawell-
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Fig 5. Deepstromascoreis anindependert prognosticator for shorter OSin the TCGA cohort. HRswith 95%Cl in multivariabke Coxmodelsincluding cancerstage
(I£1V), sexandagefor a CAF geneexpressiorscore pathologist'snanualquantificaton of stromalpercentagasprovidedin the TCGA metadataandthe deepstroma
scoreThedeepstromascorewasbinarizedinto high/low atthe median.The otherscoregCAF, pathologst) werebinarizedat an optimal threshold(optimal Youden
index).Only the deepstromascorewassignificantlyassociatedith prognosisn thewholecohort(stagd+1V). Thehorizontalaxisis scaledogarithmicaly (log 10).
CAF, cancer-asociatedibroblast Cl, confidencenterval;HR, hazardratio; OS,overallsurvival;TCGA, The CancerGenomeAtlas.

https://doiorg/10.1371§urnal.pmed.002730.g005

establishegredictorof survival,andby itself,it isabetterpredictorthanthe deepstroma
scorealone However asthe multivariableanalysishowsFig 5), the deepstromascore
remainsasignificantpredictorof survivalin amultivariablerisk modelthatincludesTNM
stage.

Deepstromascoregeneralizego anindependentvalidation cohort from a
different institution

Havingshownthatthe deepstromascorecarriesprognosticinformation, wevalidatedthis
approachn anindependenpatientcohort. Complexbiomarkersoftenfail whenappliedto
validationcohortsfrom differentinstitutions, partly becausef high variability in tissuesam-
ples.We usedHE-stainedslidesfrom formalin-fixed paraffin-embeddedFFPE)tissuefrom
409CRCpatientsin the DACHS study,alargemulticenterstudyin southwesGermany[31].
We calculatedhe deepstromascorein thesepatients usingexactlythe samecutoff valuesas
foundin the TCGA cohort.We performedmultivariateanalysigor OS,disease-specific
(CRC-specificsurvival(DSS) andRFS Correspondingo theresultsfrom the TCGA cohort,
wefound thatthe deepstromascorewasa highly significantprognosticatofor 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],
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=0.0004)n thesepatients(Fig 6). Thiswasindependenbf CRCstagesex,or age(Fig 6).
RegardinglifferentUICC stage®f thetumor, this effectwasn.s.in stagel and2 but was
highly significantin stage3 and4 cancer{multivariable-adjuste@RC-specifisurvivalfor
UICC stagel cancerHR 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,wecouldshowthatthe deepstromascoreis anindepen-
dentprognosticfactorwith strongprognosticpower,especiallyn advancedumors.

Discussion

In this study,weshowthat stromalmicroenvironmentpatternsasanalyzedy a CNN are
prognosticof OSin atraining setof 500patientsand prognosticof OS,DSSandRFSn an
independentvalidationsetof 409patients jndependentlyof tumor stagesexandage We
showthatthe deepstromascoresignificantlyextendghe UICC TNM systemwhichis the cur-
rent stateof the art anduseamuch more comprehensivelata.RecentlyPanielseretal. have
proposedabiomarkerthat usedigital imageanalysigo predictprognosisn stagdl CRC
[52]. Thebiomarkerwe presentin this studyis anindependenprognosticfactorin advanced
CRC(stagdll andlV), therebycomplementingheserecentfindings.

Fig 6. Deepstroma scoreappliedto the validation dataset(DACHS cohort). HRswith 95%Cl in multivariable Coxmodelsincluding cancerstagg+1V), sexand
agefor thedeepstromascore HR for OS,DSSandRFSareplotted. The deepstromascorewasstratifiedinto high/low atthe medianof thetraining set.In this
validationcohort,the deepstromascorewasanindependen prognosticfactoroverall stagesndwithin stagdll andstagdV tumors.Thehorizontalaxisis scaled
logarithmically (log 10).Cl, confiderceinterval;DACHS, Darmkrebs Chancerder VerhEung durch Screeing; DSSgisease-gificsurvival HR, hazardratio; OS,

overallsurvival;RFSrelapse-fresurvival

https://da.org/10.1371¢urnal.pred.1002730 @06
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Interpretationof compleximageshy deepCNNsis presenthtransformingmanydomains
in medicalimaging,but clinical translationof this technologyis still in its infancy.Onereason
for this delayis that CNNs per seneedhugeannotatedraining datasetghat arenot readily
availablén the contextof histopathologyAnother reasoris that neuralnetwork+basedisk
assessmemeeddo bevalidatedn clinically characterizedalidationcohorts.In the present
study,weaddressethoth of thesddifficulties:weassembled largedatasetof 100,00(istolog-
icalimagepatchesby far exceedingpreviouscomparableublicly availabledatasets Further-
more,weanalyzedwo largepatientcohortsto establistandvalidatea CNN-basedassessment
asaprognostichiomarkerin humanCRC.With this approachwe couldindeedshowthat
CNNsarehighly capableof classifyinghistologicaimagepatchesand of segmentindhistologi-
calimagesf complextissuearchitecture Furthermore we could showthat neural-network+
basedissuedecompositiorcanbeusedto calibratea deepstromascorethatis prognosticof
OSin alargecohortof patients Validatingthis approachn aseparateohort,we confirmed
the prognosticpowerof this approachThus,we presentanovelbiomarkerthat canbeincor-
poratedinto existingclinicalworkflowsbecausé only relieson HE imageswhich arewidely
available.

In CRC the stromalcompartmenthasbeenshownto carry prognosticallyvaluablenfor-
mationthat canberetrievedby subjectivgpathologicakvaluationclassicatligital pathology
approachesyr viagenomicand proteomicstudiesHowever to our knowledgethe prognostic
information presenin the stromalcompartmenthasnot yetbeenminedviadeeplearning
techniquesThus,our methodconstitutesa precedentasdor accessin@iddeninformation
in the stromalcompartmentof CRCin anobjectiveandreproducibleway.

Our studyis aproof of conceptthat canbethe basidfor prospectiveclinical evaluation.
Immediateareasof interestwould beto identify high-risk patientswith advancead¢ancemwho
might benefitfrom moreintensetreatment.In adigital pathologyworkflow, our method
couldbeusedto automaticallydetectCRCtumor tissueandbfor oneor moreregionswithin
thetumorbcalculatethe deepstromalscore. Thiswould not replaceput ratheraugmentand
accelerateéhe pathologist'svaluationof tissueslides at the sametime makingit moreobjec-
tiveandreproducible.

Asin all studieghatemploydeeplearningmethodsthe questionarisesvhatthe deep
stromascorerepresentexactly. The CNN quantifiesthe differentcomponentof nontumor-
oustissuecombiningtheminto onenumber:thedeepstromascore Thus,atfirst glanceijt
actsasa proportion predictorof the varioustissueclassedlowever havingasoftmaxlayeras
output,the CNN canalsoquantify mixturesof differenttissuesAn examplds animagepatch
thathasa 30%resemblancéo desmoplastistromabut a 70%resemblancéo tumor epithe-
lium. Thistypeof problemisapparentn Fig4A (middle andright panel)bin thesecaseshe
tissueis highly mixed,andfor ahumanobserverit is not easilypossiblgo assigrproportions
of thedifferenttissueclasse€ur approachalsodiffersfrom geneexpressiontbasedethods
to estimatethe stromalcontribution to thetotal tissuemasswhichinfersstromalproportion
from bulk sequencinglataof heterogeneoutissue Comparedo this,amajor advantag®f
our deeplearningmethodis the ubiquitousavailabilityof HE slidesbthesareavailabl€or
everycancerpatient,andscanningandanalyzinghemis not verycostly.Also,our approachs
reproducibleif presentedvith the sameimagetwice,the algorithmwill output the same
result. Thesepoints makethis newapproachwell suitedfor aclinical application.

Asaretrospectivestudy,this studyneeddo bevalidatedprospectivelypeforeroutine clini-
caluse Anotherlimitation isthat,in our study,ablinded observemanuallyextractedumor
regionsfrom histologicawhole-slideémagesThis manualstepcouldbereplacedn afully
automaticworkflow.
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As part of our study,we provideopenlyaccessiblsetsof annotatedhistologicaimages,
their sizeexceedingurrently availabledataset®y afactorof 20[7]. Thisisimportantbecause
progressn deeplearningis driven by the availabilityof largeannotatedcollectionsof training
data,andsuchdataaresparsen thefield of digital pathology Thus,our methodandour data
setscanbeusedasabenchmarkfor future trials.

Supporting information

S1Fig. OSin the TCGA and DACHS cohort, stratified by UICC stagel, I, lll, andIV
(cleanstage)Logrank < 0.000for panelsA andB.DACHS,DarmkrebsChancerderVer-
h&ung durch Screening©S,overallsurvival;TCGA, The CancerGenomeAtlas;UICC,
Union InternationaleContrele Cancer.

(TIF)

S2Fig. Comparisonof three CNN architectures.Theimagedatasetwith 100,000magesn
nine classewasdividedinto 70%training set,15%validationset,and 15%testingset.Fivedif-
ferentnetworks(alexnetgooglenetresnet50squeezenefndvggl9)weretrainedon this data
set.VGG19achievedhe bestclassificatioraccuracy98.7%)n this internal testsetandwas
usedfor all subsequengxperimentsSqueezendtadaclassificatioraccuracyk<50% andis
not shown.CNN, convolutionalneuralnetwork.

(TIF)

S3Fig. Flowchart of the study. (A) First,weusedanimagesetof 100,00(istologicaimagego
find the bestneuralnetworkmodelamongthreecandidatesy GG19achievedhe bestclassifica-
tion accuracyn aninternaltestset.(B) WethentrainedaVGG19modelon the full setof 100,000
imagesandtestedhe predictionaccuracyn anexternaltestsetof >7,000imagessSiill, classifica-
tion accuracywasexcellent(C) We thenusedthis trainedmodelto extractstromafeaturefrom
clinicallyannotatedslidesirom 409patientsin the DACHS cohort. We assessdtie predictive
performancen imagesrom 500patientsin the TCGA cohort. We found that this yieldsa statisti-
callysignificant,independenprognosticfactorfor CRC.CRC,colorectatancerDACHS,
DarmkrebsChancerder VerhEung durch ScreeningT CGA, The CancerGenomeAtias.

(TIF)

S4Fig. Softmaxlayer activationsfor largerimagesin the DACHS cohort. (A+M) Represen-
tativeimagedrom this dataset;left: HE aftercolor normalization;right: output neuronactiva-
tions (softmaxlayer[layer46]). DACHS,Darmkrebs Chancerder VerhEung durch
ScreeningHE, hematoxylinteosin.

(TIF)

S5Fig. Clustering of stromal and tumoral phenotypesDeepneuronactivation(fc7 layerin
theVGG19model)from thetraining setNCT-CRC-HE-100Kwvereextractedor allimagesn
theclasseSTRand TUM. TheseactivationvectorswerevisualizedusingtSNE.Representative
imagedrom four regions(top, bottom, left, right) areshown.(A) tSNEfor classSTR four
regionsarecolored.(B) Exampleémagedrom theseregions.(C) tSNEfor classTUM, (D)
exampldmagedor thesamagesBothfor STRandTUM, closelyrelatedtissuephenotypesire
closein thetSNErepresentationk-or examplejn thelower panelof B, densestromaimage
patche<lustertogetherwhile in thetop andleft panel,loosestromaclustersogether For
TUM, well differentiatedglandularadenocarcinoméissues enrichedin the left regionin
panelD, while poorly differentiatedhomogeneousissueis enrichedin thetop panelin panel
D. STRstroma;tSNE t-distributed stochastimeighborembeddingTUM, cancerepithelium.
(TIF)

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1002730 January 24, 2019 17/22



@’PLOS ‘ MEDICINE

Predicting survival from histology in colorectal cancer using deep learning

S6Fig. ROC curvesof classificationperformancein an externalvalidation set. Theexternal
validationsetconsistedf 7,180magesn nine tissueclasse§CRC-VAL-HE-7Kdataset)and
wasrandomlysplitinto k = 25subsetsThe classifiewasappliedto eachof thesesubsetst-or
eachtissueclassandeachsubsetthe ROCcurveis plotted,andthe AUC is givenasmedian
with the 5th and 95th percentileof their distribution. AUC, areaunderthe curve;Cl, confi-
denceinterval;ROC,ReceiveOperatingCharacteristic.

(TIF)

Si1Table.Genesusedfor the CAF signature,establishedby Isellaet al. (35). CAF,cancer-
associateéibroblast.
(DOCX)

S2Table.Categoricalvariablesof the TCGA cohort.
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S3Table.Continuous variablesof the TCGA cohort.
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S4Table.Categoricalvariablesof the DACHS cohort.
(DOCX)

S5Table.Continuous variablesof the DACHS cohort.
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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 the 5th and 95th percentileof their distribu-
tion basedn k = 25randomsplitsof the externalvalidationsetasshownin S6Fig.AUC, area
underthe curve;Cl, confidencenterval;NPV, negativepredictivevalue;PPV,positivepredic-
tive value.

(DOCX)
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