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Abstract

Radiomics aims to quantitatively capture the complex tumor phenotype contained in med-

ical images to associate them with clinical outcomes. This study investigates the impact

of different types of computed tomography (CT) images on the prognostic performance of

radiomic features for disease recurrence in early stage non-small cell lung cancer

(NSCLC) patients treated with stereotactic body radiation therapy (SBRT). 112 early

stage NSCLC patients treated with SBRT that had static free breathing (FB) and average

intensity projection (AIP) images were analyzed. Nineteen radiomic features were

selected from each image type (FB or AIP) for analysis based on stability and variance.

The selected FB and AIP radiomic feature sets had 6 common radiomic features between

both image types and 13 unique features. The prognostic performances of the features

for distant metastasis (DM) and locoregional recurrence (LRR) were evaluated using the

concordance index (CI) and compared with two conventional features (tumor volume and

maximum diameter). P-values were corrected for multiple testing using the false discov-

ery rate procedure. None of the FB radiomic features were associated with DM, however,

seven AIP radiomic features, that described tumor shape and heterogeneity, were (CI

range: 0.638±0.676). Conventional features from FB images were not associated with

DM, however, AIP conventional features were (CI range: 0.643±0.658). Radiomic and

conventional multivariate models were compared between FB and AIP images using

cross validation. The differences between the models were assessed using a permutation

test. AIP radiomic multivariate models (median CI = 0.667) outperformed all other models

(median CI range: 0.601±0.630) in predicting DM. None of the imaging features were

prognostic of LRR. Therefore, image type impacts the performance of radiomic models in

their association with disease recurrence. AIP images contained more information than

FB images that were associated with disease recurrence in early stage NSCLC patients
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treated with SBRT, which suggests that AIP images may potentially be more optimal for

the development of an imaging biomarker.

Introduction
Advancesin scienceandtechnologyhaveledto theunderstandingthateachtumor, even
within thesamecancertype,hasamyriadof distinctgenotypicandphenotypiccharacteristics.
Thisheterogeneityamongtumorsresultsin aspectrumof responsesto treatments,andhasled
to theevolutionof precisionmedicine[1]. In precisionmedicine,treatmentplansaretailored
towardstheindividual needsof eachpatient,largelybasedon their tumor characteristicsand
predictedtherapeuticresponse,with thepromiseof improvingoverallsurvivalandqualityof
life.Thesuccessof precisionmedicinerelieson ameansto capturethecomplexityandintrin-
sicpropertiesof thetumor that ispredictiveof themostefficacioustreatments.Radiomicsis
onemethodthataimsto do thisnon-invasivelybycreatingaquantitativeportrayalof the
tumor phenotypethroughtheextractionof advancedimagingfeaturesfrom medicalimages
[2±4].Theseradiomicfeaturesdescribethetumor phenotypethroughquantifyingproperties
relatedto its shape,textureandimageintensity,andhavebeenpredictiveof clinicaloutcomes
[5±15]andtumor characteristics,suchasgenotypeandproteinexpression[16±18].

Themajority of radiomicsstudieshavefocussedon investigatingfeaturesextractedfrom a
singleimagetype.However,it is important to considerthat thetumor phenotypeandits
behaviourmaybeuniquelycapturedin differenttypesof images,evenwithin thesameimag-
ing modality.Forexample,in radiationtherapytreatmentplanning,computedtomography
(CT) is themain imagingmodalityutilized,but differenttypesof CT imagesareacquiredto
provideadditionalinformation for thetreatmentplan.Commonly,treatmentplansare
designedon staticfreebreathing(FB)helicalCT images,however,in caseswhereorgan
motion isaconcern,suchaswith lung tumors,four-dimensional(4D) CT imagedatasetsare
alsoacquired.This is thecasefor earlystagenon-smallcelllungcancer(NSCLC)patientsthat
aretreatedwith stereotacticbodyradiationtherapy(SBRT)(Fig1a).FBscanscanprovide
additionalinformation for contouringnormal tissuestructuresandalignmentof thepatient
with theradiationfield.Thetreatmentcourseisplannedon 4DCTimages.Theutilization of
both typesof CT scansisonefactorthathascontributedto theexcellentsurvivalandlocalcon-
trol of NSCLCpatientstreatedwith SBRT[19±25].

In thefield of radiomics,theimpactof differenttypesof imageson theprognosticperfor-
manceof radiomicmodelshasnot yetbeenthoroughlyinvestigated.While previousstudies
havereportedtheinfluenceof differentimagetypes,scanningparametersor reconstruction
algorithmson thevariationin featurevalues[26±29],not manystudieshaveinvestigatedthe
differencesin prognosticperformanceof theseradiomicfeaturesfor clinicaloutcomes[30].
EarlystageNSCLCpatientstreatedwith SBRTareanidealcohort to evaluatetheprognostic
impactof differentimagetypes,asbothFBand4D CT scansareroutinelyacquiredin the
clinic for eachpatient.Furthermore,despitethesuccessesof SBRT,13±23%of thesepatients
still experiencerecurrentdisease[19±25]andradiomicsmayhaveanimportant role in identi-
fying whichpatientswouldbeathighestrisk of recurrencein orderto adapttheir courseof
treatmentwith theadditionor intensificationof therapy[31]. However,with themultiple
typesof CT imagesreadilyavailablefor thesepatients,it isunknownwhichtypeof image
wouldbeoptimal for radiomicanalysis.Theaimof thiscurrentstudyis to performaninitial
exploratoryevaluationof theprognosticperformanceof radiomicfeaturesextractedfrom FB
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and4D CT scansto potentiallyidentify which imagetypecontainsthemostpredictiveradio-
mic information for diseaserecurrencein SBRTpatients(Fig1B).Investigatingtheimpactof
imagetypeon theprognosticperformanceof radiomicfeaturesis imperativefor identifying
themostoptimal imagingbiomarkersfor precisionmedicine.

Materials and Methods

Patient characteristics
Onehundredandseventypatientswith earlystageNSCLCthatweretreatedwith SBRTatour
institution from 2009±2014wereincludedin thisstudy.ThisstudywasInstitutional Review
Board(IRB)approvedby theDana-FarberCancerInstitute IRB.Waiverof consentwas
approvedfor this retrospectivestudy.Fromthese170patients,patientswereexcludedif they
fulfilled anyof thefollowingcriteria:did not haveaFBCT on file (n = 10),theduration
betweentheFBscanandbeginningof SBRTwasgreaterthan1 week(n = 2),hadmultiple
SBRTtreatmentcoursesand/ormultiple primary tumors(n = 17),receivedinduction chemo-
therapy(n = 2),hadmetastasesto thelung from otherprimary sites(n = 30),locallyrecurrent
disease(n = 5),smallcelllungcancer(n = 1) or atypicalcarcinoid(n = 1) histology,or overall

Fig 1. A) Examples of free breathing (FB) and average intensity projection (AIP) images, demonstrating the observable differences in tumor
phenotype between each image type. AIP images were reconstructed from 4D computed tomography (CT) scans. B) Schematic
representation of the radiomics workflow for FB and AIP images. I. CT images of the patient are acquired and the tumor is segmented. II.
Imaging features (radiomic and conventional features) are extracted from the tumor volume. III. Radiomic features undergo a feature
dimension reduction process to generate a low-dimensional feature set based on feature stability and variance. IV. Imaging features are
then analyzed with clinical outcomes to evaluate their prognostic power. FB and AIP radiomics features are compared.

doi:10.1371/journal.pone.0169172.g001
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stageIII or IV (n = 1).Patientsthatdid not completethefull courseof treatmentwerealso
excluded(n = 1).After applyingtheseexclusioncriteria,112patientswereincludedin the
radiomicsanalysis.Thepatient,treatmentandtumor characteristicsarereportedin Table1.
DetailsregardingSBRTtreatmentprotocolandassessmentof clinicaloutcomescanbefound
in S1File.

CT image acquisition and tumor segmentation
All patientshadbothFBand4D CT scansacquiredon aGELightSpeedRT16CT scanner(GE
MedicalSystems,Milwaukee,WI, USA)accordingto standardclinicalscanningprotocols.
Themostcommonimagingslicethicknessandpixelspacingwas2.5mm and1.27mm by1.27
mm, respectively.All FBandAIP imageswereacquiredwith 120kVp, andastandard

Table 1. Patient, tumor, and treatment characte ristics and clinical outcome s.

Total (n = 112 patients) media n (range) or number (%)

Patient character istics

Age 74 (47±89)

Gender Female/ Male 57/ 55 (50.9/ 49.1)

Ethnicity African-American 8 (7.1)

Asian 2 (1.8)

Caucasian 102 (91.1)

Smoking Never/ Current/ Former 3/ 27/ 82 (2.7/ 24.1/ 73.2)

Pack-years 50 (0.4±180.0)

Performance status 0/ 1/ 2/ 3 17/ 50/ 39/ 6 (15.2/ 44.6/ 34.8/5.4)

Tumor character istics

Overall stage IA/ IB/ IIA 94/ 17/ 1 (83.9/ 15.2/ 0.9)

T stage T1a/ T1b/ T2a/ T2b 66/ 27/ 18/1 (58.9/ 24.1/ 16.1/ 0.9)

Histology Adenocarcinoma 48 (42.8)

Adenosquamous carcinoma 1 (0.9)

Squamous cell carcinoma 27 (24.1)

Undifferentiated NSCLC 16 (14.3)

No pathology 20 (17.9)

Treatment character istics

SBRT technique 3D Conformal / VMAT 84/ 28 (75/ 25)

Prescribed radiation dose (Gy) 54 (48±60)

Radiation dose per fraction (Gy) 18 (10±18)

Number of radiation fractions 3/ 4/ 5 67/ 2/ 43 (59.8/ 1.8/ 38.4)

Delivered biologically effective dose (Gy) 151.2 (100±151.2)

Clinical outcom es

Follow-up time (months) 20.8 (0.3±47.8)

Distant metastasis (DM) No/ Yes 89/ 23 (79.5/ 20.5)

Time to event (months) 10.0 (2.0±37.7)

Estimate of freedom from DM at 2 years 74.0%

Locoregional recurrence (LRR) No/ Yes 88/ 24 (78.6/ 21.4)

Time to event (months) 8.8 (2.0±26.4)

Estimate of freedom from LRR at 2 years 70.9%

Survival No/ Yes 53/ 59 (47.3/ 52.7)

Time to event (months) 22.5 (1.3±47.8)

Estimate of survival at 2 years 61.8%

doi:10.1371/journal.pone.0169172.t001

Radiomic Features from Static and Respiratory-Gated CT Scans

PLOS ONE | DOI:10.1371/journal.pone.0169172 January 3, 2017 4 / 17



reconstructionconvolutionkernel.AIP imageswerereconstructedfrom 4D CT imagedatasets
thatwereacquiredin axialcinemode,correspondingto onebreathingcycle.Theprimary
tumor sitewasmanuallycontouredon FBandAIP imagesbyE.H.,V.A.,andY.H.on Eclipse
software(VarianMedicalSystems,PaloAlto, CA,USA),andthenindividually verifiedbyan
expertradiationoncologist(R.H.M.).

Radiomic feature extraction
A setof 644radiomicfeatureswasextractedfrom tumor volumesisolatedfrom FBor AIP
images(Fig1B)usinganin-houseMatlab2013toolbox(TheMathworksInc.,Natick,MA,
USA)and3D Slicer4.4.0software[32]. Theintensitiesin therawimagewerediscretizedusing
abin width of 25Hounsfieldunits for thetexturefeaturesin orderto increasesensitivityrela-
tive to therawimage,reduceimagenoiseandnormalizetheintensitiesacrossall thepatients.
All CT voxelswereresampledto 1x 1 x 1mm3 usingabicubicinterpolationfunction prior to
featureextraction.Radiomicfeatureswerecategorizedasshape,statisticsor texturefeatures.
Shapefeaturesdescribethethreedimensionalphysicalappearancesof thetumor, statisticsfea-
turesquantifypropertiesof thevoxelintensityhistogram,andtexturefeaturesquantifythe
spatialrelationshipsbetweenvoxelintensities.A brief descriptionof theselectedradiomicfea-
turescanbefound in S1Tablein theSupplementaryInformation andafull descriptionof all
theradiomicfeaturescanbefound in thesupplementarymaterialfrom apreviousstudy[5].

RadiomicfeatureswerecomparedagainstcommonlyusedclinicalCT metrics(referredto
asªconventionalfeaturesº),whichincludedtumor volumeandmaximumdiameter.The
tumor diameterwascalculatedasthemaximumdiametermeasuredin asingleaxialimaging
slice.

Radiomic feature dimension reduction
All featureselectionandstatisticalanalyseswasconductedusingRsoftwareversion3.3.0[33].
A two-stepfeaturedimensionreductionmethodwasusedto reducethehigh-dimensional
radiomicfeaturesetto alow-dimensionalradiomicfeaturesetfor analysis.First,stablefeatures
wereselectedusingthetest-retestReferenceImageDatabaseto EvaluateTherapyResponse
(RIDER)dataset[34]. TheRIDERdatasetconsistsof aseriesof CT imagesfrom 31NSCLC
patientsobtainedapproximately15minutesapartin asimilarposition.644radiomicfeatures
wereextractedfrom theseimagesandwereassessedfor howwell theycorrelatedacrossthe
two setsof imagesbycalculatingtheintraclasscorrelationcoefficient(ICC) (usingtheªirrº
package[35]). Featureswith anICC greaterthan0.8wereconsideredstableandselectedfor
further analysis.Thisstepreducedthenumberof featuresto 286stablefeatures.

Second,thesetof stablefeatureswasfurther reducedto asetof featuresthatwouldretain
mostof thevariancewithin thedata.PrincipalComponentAnalysis(PCA)andfactoranalysis
wasappliedusingtheªFactoMineRºpackage[36]. Scoresthat retained95%of thevariability
from thestablefeaturesandcorrelatedbyat least99%to thePCAscoreswereselected.This
resultedin 19radiomicfeaturesfor eachimagetype(19FBfeatures,19AIP features).In total,
21imagingfeatures(19radiomicand2 conventionalfeatures)from eachimagetypewere
investigated.Thedatafor thesefeaturescanbefound in S2File.

Univariate data analysis
Thecorrelationsbetweentheimagingfeaturesfrom theFBandAIP imageswereevaluated
usingtheSpearman'scorrelationcoefficient(�). FBandAIP featuresthathada|�| > 0.8were
consideredto haveastrongcorrelation.
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Thefeaturevalueswerenormalized(centredandscaled)into z-scores.Theassociation
betweenimagingfeaturesandclinicaloutcomes(i.e.thedifferencein featurevaluesbetween
patientswith andwithout anevent)wasanalyzedat themediantime of event(10and9
monthsfor DM andLRR,respectively)usingatwo-sidedWilcoxonrank-sumtest.Thediffer-
encein featurevalueswascalculatedbydeterminingthedifferencein themedianfeatureval-
uesfor patientswith andwithout theevent.Patientsthatwerecensoredor did not havean
eventbeforetheconsideredtime point wereexcludedin theassessment.

Theconcordanceindex(CI) [37,38]wasusedasameasureof theprognosticpowerof the
imagingfeaturesfor theclinicaloutcomesandwascalculatedusingtheªsurvcompºpackage
version1.16from Bioconductor[39]. TheCI isageneralizationof theareaunderthereceiver
operatingcharacteristiccurve(AUC) thatalsoincorporatestime,andisameasureof theprob-
ability thatbetweentwo randomlydrawnsamples,thesamplewith thehighervaluewill havea
higherprobabilityof anevent.A CI equalto 0.5isequivalentto arandomguess,greaterthan
0.5indicatesthat thefeaturevalueisdirectlyproportionalto theprobabilityof experiencing
theoutcome,andlessthan0.5indicatesinverseproportionality(thelowerthevalue,thehigher
therisk).P-valueswerecomputedusingNoether'stestto determinethesignificanceof theCI
from random(CI = 0.5).Multiple testingcorrectionwasappliedto all univariateresultsby the
falsediscoveryrate(FDR)procedureintroducedbyBenjaminiandHochberg[40], wherep-
valueslessthan0.05wereconsideredstatisticallysignificant.

Multivariate data analysis
Fivemodelsfor predictingDM wereevaluated:FBconventional,FBradiomics,AIP conven-
tional,AIP radiomics,andacombinedFBandAIP radiomicmodel.A stratifiedcrossvalida-
tion approachwasused,wherethewholecohortwaspartitionedinto training (80%)and
validation(20%)datasetswith matchingeventratios.Thisstratifiedpartitioning methodwas
carriedout 100times,resultingin 100differenttraining (80%)andvalidation(20%)datasets.
Multivariatemodelsweretrainedon thetraining datasetsandtheir performancewasassessed
in thecorrespondingvalidationdatasetusingconcordanceindex(CI). In orderto limit the
numberof featuresin eachmultivariateradiomicsmodel,weusedalasso-basedfeaturereduc-
tion methodon thetraining dataset,whichreducedthesetof radiomicfeaturesto 5 features.
Theperformanceof eachmodelwasthenassessedon thevalidationdataset.Theperformance
betweenanytwo multivariatemodelswascomparedusingapermutationtestwith 200boot-
strapiterations.P-valueslessthan0.05wereconsideredstatisticallysignificant.All themulti-
variateanalysiswascarriedout usingtheRpackageªcaretº.

Results
Thepatientcohort included112earlystageNSCLCpatientsthathadbeentreatedsolelywith
SBRT.Patientandtreatmentcharacteristicsarereportedin Table1.Thepatientcohorthada
medianageof 74(range:47±89),wasapproximatelyequallysplit betweengenders(50.9%
female,49.1%male),andpredominantlyCaucasian(91.1%)andformersmokers(73.2%).All
patientswereoverallstageI-II (N0,M0) andtreatedwith SBRTwith amediandeliveredbio-
logicallyeffectivedoseof 151.2Gy(range:100Gy±151.2Gy).Themedianfollow-up time was
20.8months(range:0.3±47.8months).20.5%(n = 23)of patientsexperiencedDM with a
mediantime to eventof 10.0months.21.4%(n = 24)of patientsdevelopedLRRwith amedian
time to eventof 8.8months.The2-yearestimatesfor DM andLRRwere74.0%and70.9%,
respectively.All patientshadbothFBandAIP imagesacquired.Themeannumberof slices
pertumor in theAIP imageswas10.8slices(range:1.1±26.6).
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Radiomicfeatureswereextractedfrom bothFBandAIP imagesfrom eachpatient.Eachfea-
turesetwasreducedto 19radiomicfeatures,whichwereselectedbasedon stabilityandmain-
taining thevariancein thefeaturedatasets.Twosets(FBandAIP) of 21imagingfeatures(2
conventional,19radiomic)wereincludedin our analysis(Table2).Thetwo featuresetsshared
sixcommonradiomicfeatures,2 featuresdescribingtumor shape,3 featuresdescribingthe
intensityhistogramor statisticsof thetumor, and1 featuredescribingthehomogeneityof the
tumor texture.Theremaining13radiomicfeaturesin both theFBandAIP featuresetswere
uniqueto eachimagetype.Theuniqueradiomicfeaturesto theFBimageswerestatisticsfea-
tures(6 features)or texturefeatures(7 features).Theuniqueradiomicfeaturesto theAIP images
belongedto all featuregroups:shape(1 feature),statistics(4 features)andtexture(8 features).

ThecorrelationbetweentheFBandAIP imagingfeatureswasassessedusingtheSpear-
man'scorrelationcoefficient(�). Themajority of theFBandAIP featureswerenot strongly
correlated(mean� = 0.0524)(S1Fig),however,12pairsof FBandAIP featuresdid haveavery
strongcorrelation(� > 0.8)(S2Table).TheFBandAIP featuresthatwerestronglycorrelated
wereshape(9 of the12pairsof correlatedfeatures)andtexturefeatures(3 of the12pairs).

Theassociationbetweentheimagingfeaturevaluesandclinicaloutcomeswasinvestigated
for LRRandDM (Fig2,S2andS3Figs).Noneof theFBradiomicfeaturesweresignificantly

Table 2. Imaging features selected for analysis.

Feature Group Feature

Conventi onal features Conventional Volume

Max diameter

Common features between FB and AIP
images

Shape Sphericity

Sphere disproportionality

Statistics Wv LLL max

Wv HHL range

LoG 3mm 2D skewness

Texture LoG 3mm 3D GLCM homogeneity1

Unique features to FB and AIP images FB AIP

Feature
Group

Feature Feature
Group

Feature

Statistics Wv HLL max Shape Compactness2

Wv LLH total energy Statistics LoG 3mm 3D skewness

Wv LLH mean Wv HHL kurtosis

Wv LHL skewness Wv LLH skewness

Wv HLL var Wv HLL skewness

Wv HLH min Texture LoG 3mm 3D GLCM infoCorr2

Texture Wv LHL GLCM correl1 GLCM correl1

Wv HLH GLCM correl1 LoG 3mm 3D GLCM correl1

Wv LLL GLCM infoCorr2 Wv LLL GLCM clusShade

LoG 3mm 3D GLCM clusProm LoG 3mm 2D GLCM clus Prom

Wv HLH GLSZM high intensity large area
emphasis

Wv HLH RLGL low gray level run
emphasis

LoG 3mm 2D GLCM clusShade Wv LHH GLSZM large area
emphasis

Wv LLL GLCM infoCorr1 Wv LHH GLCM correl1

Labels: Wv = wavelet; LoG = Laplacian of Gaussian; L = low; H = high; GLCM = Gray-Level Co-occurrence Matrix; GLSZM = Gray-Level Size Zone Matrix;

RLGL = Run Low Gray Level;

doi:10.1371/journal.pone.0169172.t002
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associatedwith DM or LRR,however,oneAIP radiomicfeaturedescribingtheskewnessof the
intensityhistogram(LoG3mm3D statsskewness),wassignificantlyassociatedwith LRR(p-
value= 0.018).ThedifferencebetweenpatientswhohadaLRReventversusthosethatdid not
was0.51,indicatingthathighervaluesof skewnessin theAIP imageswereassociatedwith hav-
ing aLRRevent.

Theprognosticpowerof theFBandAIP imagingfeatureswasevaluatedbycalculatingthe
concordanceindex(CI) for eachfeature(Fig3,S3Table).Noneof theFBconventionalor
radiomicfeaturesfrom thisparticulardatasetwereprognosticof DM or LRR.However,fea-
turesextractedfrom theseAIP imageswereprognosticof DM. Bothconventionalfeatures,
maximumtumor diameterandvolume,wereprognosticof DM with CIsof 0.658and0.643,
respectively.SevenAIP radiomicfeatureshadCIssignificantlygreaterthanarandomguess
for DM thatbelongedto all featuregroups:3 texturefeatures(Wavelet(Wv) High (H) Low(L)
H RunLowGrayLevel(RLGL),LowGrayLevelRunemphasis(LGLRE),(Gray-LevelCo-
occurrenceMatrix (GLCM) correl1andLaplacianof Gaussian(LoG)3mm3D GLCM correl1,
CI range:0.648±0.676),1 statisticsfeature(Wv HLL statsskewness,CI = 0.638),and3 shape
features(compactness,sphericityandspheredisproportionalityhadCIsof 0.648).The

Fig 2. Heatmap of the associati on between imaging features and disease recurrence . Imaging features extracted from A) free breathing (FB)
and B) average intensity projection (AIP) images were evaluated for their association with distant metastasis (DM) and locoregional recurrence
(LRR). Features are grouped according to conventional (conv.) features, common features and unique features. ªCommonº features are radiomic
features that had been selected from both FB and AIP images. ªUniqueº features are the radiomic features that were selected that are different
between FB and AIP. The difference between the median values for each event status (event vs. no event) is plotted with the corresponding p-
value indicated (Wilcoxon rank-sum test, FDR corrected p-values). The time point considered for DM and LRR was the median time of event (10
and 9 months for DM and LRR, respectively). �p-value �� 0.05.

doi:10.1371/journal.pone.0169172.g002
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correspondingp-valuesfor thesignificantfeaturescanbefound in S3Table.Noneof theAIP
imagingfeatureswereprognosticof LRR.

Multivariatemodelsweregeneratedfor DM basedon theimagingfeaturesfrom FBand
AIP imagesusingcrossvalidation.Two imagingmodelsweregenerated(conventionaland

Fig 3. Prognostic perform ance of imaging features derived from A) FB or B) AIP images for disease recurrence
in NSCLC patients treated with SBRT. Concordance indices (CI) are shown for each imaging feature and the clinical
outcomes considered (distant metastasis (DM, left) and locoregional recurrence (LRR, right)). ªInv. Prop.º, ªRand.ºand
ªProp.º indicate inversely proportional, equivalent to a random guess, and directly proportional, respectively.
Conventional features are shown in grey and radiomic features are shown in red (shape), blue (statistics), and green
(texture). �p-value �� 0.05 (Noether's test, FDR corrected p-values).

doi:10.1371/journal.pone.0169172.g003
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radiomics)for eachimagetype(FBor AIP) andacombinedradiomicsmodel(Fig4).TheAIP
radiomicmodeloutperformedtheFBradiomicmodel(CI = 0.667for AIP, CI = 0.601for FB,
p-value= 0.025)andtheAIP conventionalmodel(CI = 0.630,p-value= 0.045).However,the
FBradiomicsmodelperformedsimilarly to theFBconventionalmodel(CI = 0.613,p-
value= 0.575).CombiningtheFBandAIP radiomicmodelsdid not increasetheprognostic
performancegreaterthantheAIP radiomicmodelalone(CI of combinedmodel= 0.628;p-
value= 0.01).Theselectedfeaturesfor theFBandAIP radiomicmultivariatemodelswererela-
tivelystableacrosseachrepetition(S4andS5Figs).ThemostcommonlyselectedFBradiomic
featurewasWv HLH statsmin, whichwasselectedfor 84out of the100models.Wv HLH

Fig 4. Performan ce of each multivariat e model in predic ting distant metas tasis. Concordance indices are reported for the FB
and AIP conventional and radiomic models, and a combined FB+AIP radiomics model, comparing the performance of each of model
and image type. Cross validation was performed (80% training, 20% validation) to generate 100 models for each model type. Comb.
Indicates the combined FB and AIP radiomics model. �p-valu e �� 0.05; ªnsº indicates not significant (p-value �! 0.05).

doi:10.1371/journal.pone.0169172.g004
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GLSZMHigh IntensityLargeAreaEmphasiswaschosenin 79of themodelsandLoG3mm
2D GLCM ClusShadewaschosenfor 70of themodels.ThemostcommonlyselectedAIP
radiomicfeatureselectedfor multivariateAIP radiomicmodelswasWv LLL GLCM Clus-
Shade,whichwasselectedin 99of themodels.Wv HLH RLGLLowGrayLevelRunEmphasis
(LGLRE)wasalsochosenin 79of themodelsandWv HHL statskurtosiswaschosenin 75of
themodels.

Discussion
Radiomicsmayhaveacritical role in precisionmedicineasit quantitativelydescribes,with
greatdetail,thetumor phenotypecapturedin medicalimagesbyapplyingadvancedmathe-
maticalalgorithmsto generateahigh-dimensionalatlasof imagingfeatures.Thetypeof image
usedfor radiomicfeatureextractionimpactsthefeaturevalues[26], andtherefore,it is impor-
tant to evaluatetheimpactof thesevariationsin thefeatureson their associationwith and
potentialability to predictclinicaloutcomes.Thusfar,studiesinvestigatingtheeffectof image
typeon theprognosticperformanceof radiomicfeaturesmayhavebeenlimited dueto alack
of comparablecohortswith thesamepatientandtreatmentcharacteristics,andclinicalout-
comes.EarlystageNSCLCpatientstreatedwith SBRThavebothFBhelicaland4D CT scans
acquiredasthestandardof care.Thus,thiscohortprovidesadirectcomparisonof theimpact
of imagetypeon theprognosticperformanceof radiomicfeatures,wheretheclinicaldatais
identicalfor both imagetypes.Manydifferentreconstructionsof 4D CT scanscanbeinvesti-
gated,however,wechoseto usetheAIP overotherreconstructionssuchasthemaximum
intensityprojection(MIP). Clinically,AIP imagesareusedfor radiationtherapytreatment
planning,whileMIP imagesareusedfor contouringtheinternal targetvolume.TheMIP
imagesmayhavemoreartifactsbecausetheycapturetheextremesof tumor motion,which
mayimpactradiomicfeaturesto agreaterextentthanaveragingtheintensity,asin AIP
images.For this reason,wechoseto useAIP imagesoverMIP imagesfor thisanalysis.

Nineteenradiomicfeatureswereselectedfor analysisfrom FBandAIP images.Notably,13
of the19featuresweredifferentbetweenFBandAIP images.Thesefeatureswereselected
basedon maintainingthevariancein thedataset,andtherefore,thedifferencein featuresets
indicatesthat theimagescontaindifferentradiomicsinformation andtheimagetypeimpacts
thefeaturevalues.Only oneAIP radiomicsfeaturewasassociatedwith LRR,however,noneof
theconventionalor radiomicsfeaturesfrom FBor AIP imageswereprognosticfor LRR.Fur-
thermore,noneof theimagingfeatureswereassociatedwith DM, althoughseveralfeatures
wereprognosticfor DM in our dataset.Thishighlightstheimportant notion thatalthougha
featuremaybeassociatedwith aclinicaloutcome,it maynot necessarilybeprognosticsince
thepropertiesof thefeaturedistribution thatqualifyafeatureasassociativearenot thesameas
thepropertiesthatqualifyafeatureasprognostic[41].

ThesignificantAIP radiomicfeaturesdescribedifferentaspectsof thetumor phenotype
capturedin theCT image.TheAIP texturefeature,LGLRE,describesthedistribution of low
graylevelintensityvalues,wherealowerfeaturevalueindicatesfewerregionsof low graylevel
intensities.In our dataset,theCI wasinverselyproportionalto theprobabilityof anevent,
indicatingthat fewerregionsof low graylevelintensitieswereassociatedwith ahigherproba-
bility of developingDM. TheAIP statisticsfeature,skewness,describestheshapeof thevoxel
intensityhistogram,wherealowerskewnessvalueindicatesthat theleft tail (lowerintensity
values)of theintensityhistogramis longerthantheright tail (higherintensityvalues).There-
fore,low skewnessvaluesindicatethat thereisahigherproportion of high intensityvalues,
andin thisdataset,isassociatedwith ahigherprobabilityof DM. Thisdirectionalityof theCI
for skewnessprovidesacomplementaryinterpretationof LGLRE,whichalsofound that fewer
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regionsof low intensityvalueswereassociatedwith ahigherprobabilityof DM. Thetexture
featuresGLCM correl1andLoG3mmGLCM correl1describethecorrelationof thegraylevel
co-occurrencematrix,wherethelatterfeaturehasaLoGfilter applied,whichemphasizesthe
areasin theimagewith arapid intensitychange.Lastly,thethreeshapefeaturesdescribehow
similaranddissimilarthetumor shapeis to asphere(sphericityandspheredisproportionality,
respectively)andhowcloselypackedtogetherthetumor shapeis (compactness).Tumorsthat
werelesssphericalandlesscompactwereassociatedwith ahigherprobabilityof developing
DM.

Importantly, in our particulardataset,radiomicfeaturesextractedfrom AIP imageswere
prognosticof DM (hadCI significantlygreaterthan0.5),whileradiomicfeaturesfrom FB
imageswerenot. Thissuggeststhat thetumor phenotypecapturedin FBandAIP imagescon-
tain differentprognosticinformation andthevariationin featurevaluesimpactstheprognos-
tic performanceof thefeatures.Importantly,despitehavingastrongcorrelationin FBandAIP
images,thefeaturesdescribingtheshapeanddimensionsof thetumor (shaperadiomicfea-
turesandconventionalfeatures)wereprognosticin AIP imagesbut not in FB.Furthermore,
thethreetexturefeatures(LGLREandcorrel1)andonestatisticsfeature(skewness)thatwere
prognosticof DM in AIP imageswerenot stronglycorrelatedwith anyFBfeatures.Thediffer-
encein prognosticperformanceof thefeaturesbetweenFBandAIP imageshighlightsthe
impactof acquisitionmodesandreconstructionon theprognosticability of thefeaturessince
AIP imagesfrom 4D CT takeinto accountorganmotion, whileFBimagesdo not. StaticFB
CT scansrepresentasinglesnapshotof adynamiclung tumor, andadditionally,motion arti-
factsin FBscanscanresultin distortionsof thetumor shapeandcompressionof thetumor
appearancein theimage[42]. Furthermore,theseartifactsimpacttheprognosticability of the
shapefeaturesin FBimagessincetheymaynot betruedepictionsof thetumors.Motion arti-
factsarereducedin AIP images,whicharereconstructionsof multiple imagesacrossthe
breathingcycle,andthus,thetumorsin theseimagesmaybeamoreaccuraterepresentation
of thephysicaldimensionsof thetumor, whichmayhavearole in theprognosticability of AIP
shapefeaturesfor DM.

Overall,wefound that in our dataset,AIP imagescontainedmoreprognosticradiomicfea-
turesthanFBimages.Thiswasalsoreflectedin themultivariateanalysiswhereradiomics
modelsbuilt from AIP radiomicfeaturesoutperformedall othermodels(FBradiomic,andFB
andAIP conventional).However,combiningbothFBandAIP radiomicmodelsdid not
increasefurther increasetheir prognosticperformancefor DM, suggestingtheir radiomic
information isnot additive.Therefore,theseresultssuggestthatAIP imagesmaybefavoured
overFBimagesfor thedevelopmentof imagingbiomarkersfor DM in NSCLCpatientstreated
with SBRT,however,theseparticularconclusionspertainto our singledatasetandrequires
further explorationandvalidation.

Previously,our groupinvestigatedthepotentialapplicationof radiomicsfor lungcancer
patientstreatedwith SBRTusingpre-treatmentFBimagesandfound thatFBimagesdid con-
tain someprognosticinformation for predictingDM[9]. Comparatively,our currentstudy
usesasimilarcohortof patients(112patientsin our currentstudyvs.113patientspreviously),
howevertheradiomicsfeatureextractionandanalysisisdifferent.Our currentstudyextracted
areducedsetof radiomicfeatures(644featuresin thecurrentstudyvs.1605featuresprevi-
ously),whichexcludedmanyof theLoGfeaturesthatwerepreviouslyanalyzed.Furthermore,
weappliedmorestringentcriteriafor significancein our currentstudy,wherefalsediscovery
ratecorrectedp-valueshadathresholdof 0.05,whereasthepreviousstudiedappliedasignifi-
cancethresholdof 0.1.Our previousstudyconcludedthatpre-treatmentCT imagesmaycon-
tain prognosticinformation for overallsurvivalandDM. Thecurrentstudyelaborateson
thesefindingsandidentifiesthatwhileFBimagesmaycontainprognosticinformation, the
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radiomicsinformation found in AIP imagesmayhavestrongerprognosticpowerthanFB
imagesandmaypotentiallybeabetteroption for developinganimagingbiomarkerfor lung
cancerpatientstreatedwith SBRT.

Thereareseverallimitations to our studythatwarrantdiscussion.SBRTisafairly recently
developedradiationtherapytechniquethat is increasinglybeingadoptedbymoreclinicsand
for moreindications[43]. However,therecentimplementationof SBRTlimits thepatient
cohortsizeof our currentstudyto only 113patientsthatweretreatedbetween2009and2014.
Asaresult,our analyticalmethodswerelimited to anunsupervisedfeatureselectionmethod
(not basedon clinicaloutcomes)for radiomicfeaturedimensionreductionandcrossvalida-
tion for thedevelopmentandevaluationof multivariatemodels.However,weanticipatethat
overtime,asclinicaladoptionof SBRTgrows,alargercohortof patientswill beavailablefor a
validationstudy.Currently,SBRTis thestandardof carefor earlystagemedicallyinoperable
NSCLCpatients[44] andisbeinginvestigatedasanon-invasivetreatmentoption for operable
earlystageNSCLCpatients[45]. Furthermore,thenumberof patientswith earlystageNSCLC
is likely to increasedueto lungscreeningefforts[46,47],andthus,radiomicsappliedfor SBRT
patientshasgreatpotentialto impactarapidlygrowingpatientpopulationof earlystage
NSCLCpatients.Thus,with theavailabilityof alargerpatientcohort,futurestudieswill vali-
datethesefindingsin largercohortsandasingleradiomicssignaturemaybedevelopedasan
imagingbiomarkerfor earlystageNSCLCpatientstreatedwith SBRTto predicttherisk of
DM from AIP images.

Another limitation of our studywasthat it wasrestrictedto asingleinstitution, andthus,a
singleimageacquisitionprotocolfor bothFBand4D CT scans.Futureinvestigationswill be
requiredto confirm our findingsacrossmultiple institutionsandwith externaltraining and
validationdatasetsto evaluatethegeneralizabilityof our findingsto all earlystageNSCLC
SBRTpatients.Despitetheselimitations,our currentstudydemonstratesthatdifferentimage
typescontainvaryingdegreesof prognosticradiomicsinformation andit is important to con-
siderthetypeof imageusedfor radiomicsanalysisanddevelopmentof animagingbiomarker.

Thisstudyinvestigatedtheperformanceof radiomicfeaturesextractedfrom FBandAIP
CT imagesin evaluatingtheir associationswith diseaserecurrencethatmaybepredictiveof
outcomein earlystageNSCLCpatientswhohadbeentreatedwith SBRT.In our particular
dataset,AIP imagescontainedmoreprognosticradiomicfeaturesthanFBimages,andmulti-
variatemodelsbuilt from AIP radiomicfeatureshadthehighestperformancecomparedto FB
radiomicandconventionalmodels.Thisstudyemphasizestheimportanceof selectingthe
appropriateimagetypefor radiomicanalysisandidentifiesthatevenwithin thesameimaging
modality(e.g.CT),sometypesof imagescontainmoreprognosticinformation thanothers.As
thefield of radiomicscontinuesto evolvein its applicationsin precisionmedicine,theselec-
tion of anoptimal imagetypefor analysisishighly important to developthebestperforming
imagingbiomarkersfor clinicaloutcomes.
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S1Fig.Heatmapof the Spearman'scorrelation coefficientbetweenFBandAIP imaging
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S2Fig.Boxplotsof the distribution of featurevaluesfor patientswith andwithout adis-
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