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ABSTRACT--
Cancerisstillamajorthreattoindividualstodaybecause
ithasthehighestmortalityrateontheglobe.Thisisdueto
alackofearlycancerdetection.Breastcancercarcinom
aisoneofthemostdeadlydiseasesforwomenworldwid
eandthemostcommonlydetectednon-
skincancerinwomen.Diagnostictestingforthislife-
threateningdiseaseincreasesthelikelihoodofasuccess
fultreatmentsignificantly. Thetraditionalmethodofca
ncerdiagnosisreliesheavilyonthetechnician'sordocto
r'sabilitytodetectanomaliesinthehumanbody.Breastc
ancerdevelopswhenthecelltissueinthebreastbeginsto
divideirregularlyandaggressively.Furthermore,thea
bilitytomoreaccuratelypredicttheonsetofamalignanti
nfectionwillhelpbreastcancerpatientsplantheirfuture
courseoftreatmentunderthesupervisionoftheirdoctor
.Becauseofitsgreatheterogeneityandcomplicatedfeat
ures,breastcancerisparticularlydifficulttopredict. The
accuracyofmultipleCNNmodelsisinvestigatedinthis
project,whichfocusesonthepredictionofbreastdiseas
eusingmammographyimages. Inthisproject,weexplo
revariousCNNmodelsusing3datasetsfromvariousso
urcesandcombining,themtoidentifymalignancyinma
mmographyscansimages.Fine-
tuningisperformedincludingResNet-50,VGG-
16,AlexNet,andGoogleNet.Additionally,wearegoin
gtobuildauniqueXceptionmodelwith92.8%accuracy
todiagnosebreastcancerandcompareeachmodelforea
rlyprediction
ofabnormality.
IndexTerms—
AlexNet,BreastCancer,Carcinoma,CNN-
ConvolutionalNeuralNetwork,DeepLearning,Diagn
ose, DDSMMammography,
GoogleNet,Mammogram,
infection,Machinelearning,ResNet-
50,Tuning,VGG-16.

Malignant

I. INTRODUCTION
Malignancyhasbeendefinedasacollectionofinfection
s,abnormalcellformation,andthepossibilityofuncont
rolledcelldivisionandtissuedissemination.According
totheGLOBOCANproject,14.1millionnewcasesofm

alignantgrowthoccurredworldwidein2012alone(exc
ludingskindiseasesotherthanmelanoma),accountingf
orl4.6%ofmortality. Tobeeradicated, malignantdevel
opmentmustbeidentifiedanddiagnosedinitsearlystag
es.Duringtheprecedingyears,anongoinginvestigatio
nintothedevelopmentofcancerwasconducted.Oneoft
hemostcriticaltasksfortheexpertisaccuratesicknesspr
ediction.
Mammogramimagesallowustodetectcancerinitsearl
ystages.Professionalshavetraditionallydonethisbyph
ysicallyexaminingmammographyimages,butwecan
nowbuildamodelusingpatientdatafromthepast.Canc
erthatisdetectedearlycanbeeffectivelytreated.Inthiss
tudy,wefocusonaComputer-
AidedDiagnosisandDetection(CAD)frameworkthat
usesseveralDeepLearning(DL)designmodelsto

classifysafeandunsafemasssoresfrommammograph
yimagetestsandestimatestheirperformance.Inthiscas
e,ResidualNetworks,alsoknownasResNet,VGG,Go
ogleNet/Inception,andAlexNet,willbeused.Inadditio
ntothesemodels,wewilldeveloponethatusesXception
topredictcancer.

DATASET:Thedatasetusedinthisprojectisacombina
tionof3datasetstoextractabnormalcellformationandp
redictbreastcancerlevels.

1. DatasetsfromtheDigitalDatabaseforScreeni
ngMammographywereutilizedinthisproject(DDSM)
.Link:-
https://wiki.cancerimagingarchive.net/display/Publi
¢/CBIS-DDSM#space-menu-link-content

2. CBIS-
DDSM:BreastCancerlmageDatasetCuratedBreastl
magingSubsetDDSMDataset(Mammography).Link
https://www.kaggle.com/datasets/awsaf49/cbis-
ddsm-breast-cancer-image-dataset

3. DDSMMammographyfromKaggledatasets
.Thedatasetcontains55,890trainingexamples,ofwhic
h14%arepositiveandtheremaining86%arenegative.
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Link:-
https://www.kaggle.com/datasets/skooch/ddsmma
mmography

Thedatasetisdividedintothreecategories:benign,canc
er, and normal.

code - datazet > amg_smml

MNarrme

Norrmal
Cancer

Benign

Fig. (A). Dataset Attribute
Thefirstoneisnormal,whichindicatesthatnomore

"workingup"isnecessary.
Thesecondcategoryisbenign;itisinthesuspiciousstag
eandpathologicalresultsarenotrequired.
ThethirdoneisMalignancy;Cancerfallswithinthelast
category;pathologicalevidencesupportsitspresence.
Thereareddifferentimagesofanglesinthedataset.

. LeftCC-LeftCraneCaudal.

. LeftMLO-LeftMediolateralOblique.

. RightCC-Rightcranecaudal.

. RightMLO-RightMediolateralOblique.

Left MO of benige patiens

Haght CT of bezgn pegient gkt S0 of dexign pasest
Fig. (B). Scan Images

Inadditiontotheseangleimages,itincludespatientinfor
mationandmaskingimages.Maskingimagesareusedt
odelineatethe necessary
portionofthebreastfromthemammographyimage.Th
epatientinformationandmaskingimagesarenotrequir
edforourproject.Onlythefour-
anglepicturesareneeded.

Il. LITERATURESURVEY
Tablelprovidesasummaryofthereferencepapersused
forthisproject.Itmentionstheauthor'snameaswellasth
eapplications. TheDDSMdatasetwasusedinthemajori
tyofthesepapers.Wecanseewhichmethodsareusedind
ifferentpapers,aswellastheiraccuracy.

1. EXISTINGSYSTEM
Cancerisdetectedbasedonthephysician'sexperienceb
yanalyzingthemammogramscanreport. Thismethod's
accuracyisverylow,andittakesalongtime.

Iv. METHODOLOGY
4.1IMODULEDESCRIPTION
Intermsofmanuscripts,thiscompositionpresentsaCo
mputer-
AidedDiagnosisandDetection(CAD)frameworkforo
rganizingnormalanddangerousmasssoresfrommam
mogramimagetestsandevaluatingtheirperformanceu
singvariousDeepLearning(DL)designmodels.Inthis
case,ResidualNetworks,alsoknownasResNet, VGG,
GoogLeNet/Inception,andAlexNet,willbeused.
Figure(a)showsdigitallystoredmammogramimagesf
romthepubliclyaccessibleDDSMdatabase(DigitalD
atabaseforScreeningMammography). Thenextstepin
theprojectistopre-
processthemammogramimages.Duringtheimagepre
processingstep,undesirablearticlessuchasimageexpl
anations,marks,andnoiseintheimageareremovedfro
mthemammogramimages. Thepreprocessingstepallo

wstheareatobesearchedforirregularities to
be localized.
DIGITAL
MAMMOGRAM

TRANING &
TESTING IMAGES

CNN MODELS

" . L N

Fig.(C).PictorialrepresentationofModuleDescriptio
n

Becausethefragmentationzoneiscriticalforthemamm
arygland'sabnormaltissuedetectionandfeatureextract
ionprocesses,itmustbeextremelypreciseandconcentr
ated.Inthiswayi, itiscriticaltodividetheimageintoitspa
rtsinordertoextractanROlthatprovidesanaccurateeva
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luationofthenormalandabnormalsectionsofthebreast
region.Thepicturesegmentationstepincludesthecritic
alprocessofseparatingthebreastareafromthebackgro
undandmakingplanstoseparatethebosomregionsfro
motherobjects.
Followingimagesegmentation,theimageisfedthroug
hvariousCNNmodels,andtheirlayeredparametersare
modified. TheCNNmodelswillexaminethefeaturesof
mammographyimagesandextractthem.Thetrainingm
ammographyimages,forexample,arefedintoaResNet
CNNmodel.Afterreceivinginput,thispre-
trainedmodelcanextractthefeaturesofanimage.

";'I, *l‘ l True Positive (TP)
3%

I =
y 1‘ | False Positive(FP)

4 M' False Negative(FN)

[ w— Ground Truth

Asaresult,weusethetransferlearningtechniquetoextra
ctthecharacteristicsfromamammographyimage.
Theimagephaseclassificationisentirelydependenton
otherintermediatesteps,suchassegmentingandextract
ingfeaturesfrommammographyimages.Followingtra
ining,ourmodelwillbefullyconversantwithphotosand
theirvariousclasses.Asaresult,theycanpreciselyclass
ifythosephotosontheirown.lfweneedtoimprovethecl
assificationaccuracyofthosemodels,wecanincorpora
teadditionalclassificationmethods,suchasSVM.Beca
useweareusingatransferlearningstrategy,wecanchan
gethecharacteristicsofCNNmodels,specificallythech
aracteristicsofeachlayer,togetdifferentresultsforthe
CNNmaodels.Thenwecanevaluateeachmodel'sperfor
mance, makingiteasiertoconductausefulcomparative
study.

Fig. (D). Scan Images of data set

o PRE-PROCESING
ByextractingtheROls,theimageswerepre-
processedandconvertedto299x299images.
Duringthepreprocessingstep,unwantedobjectssucha
sannotations,labels,andbackgroundnoisesareremove
dfrommammograms.
Preprocessingaidsinthelocalizationofabnormalityde
tectionregions.

o ENHANCEMENT
Imageenhancementtechniquesareusedtoimprovema
mmogramgualitybyincreasingcontrastandreadabilit
y.
Itimprovesthedetectionofmammaographiclesionswit
hpoorvisibilityandcontrastbythesystem.
Mammogramenhancement'sprimarygoalistoimprov
eimagequalityonlowcontrastmammograms

. SEGMENTATION
Thesegmentedregionisessentialforfeatureextraction
anddetectingabnormalbreasttissues,anditmustbefoc
usedandprecise.

Asaresult,segmentationiscriticalinordertoobtainaR
Olthatprovidesaprecisemeasurementofabnormaland
normalbreastregions.
Beginningwithseparatingthebreastregionfromtheba
ckground,segmentationprogressestoseparatingthebr
eastregionsfromotherobjects.

I True Positive{TP)

False Positive(FP)

False Negative(FN)

w— Ground Truth

Fig. (E). Segmentation

Despitethepresenceofbreastcancer,afalse-
negativemammogramappearsnormal.Overall,screen
ingmammogramsmissapproximatelyoneoutofevery
eightcasesofbreastcancer.Womenwithdensebreasttis
suearemorelikelytohavefalse-negativeresults.

4.2. BASICCNNMODELARCHITECTURE
Therehasbheenasignificantincreaseindemandforaskill
setknownasDL.inrecentyears.|tisacomponentofMLt
hatfunctionssimilarlytoourbrain,i.e.,DLaremadeupo
fneuronsthatfunctionsimilarlytoourbrain,hencethen
ameneuralnetwork.Theseneuralnetworksteachoursy
stemstodowhathumansdonaturally.ArtificialNeural
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Networks(ANN),RecurrentNeuralNetworks(RNN),
Autoencoders,andothermodelsareusedindeeplearnin
g.CNNisamodelthatarosefromthesemodelsandhasm
adesignificantcontributionstocomputervisionandim
ageanalysis.
CNNsareasubsetofDeepNeuralNetworksthatcandete
ctandclassifyfeaturesinimages;asaresult, CNNsareus
edtoanalysesvisualimages.TheseCNNmodelshaven
umerousapplications,includingmedicalimageanalysi
s,imageandvideoanalysis,imageclassification,natura
Ilanguageprocessing(NLP),andcomputervision.The
CNNarchitectureissplitintotwoparts. Thefirstisaconv
olutiontoolthatwillidentifyandanalysethevariousfeat
uresoftheimage. Thisisreferredtoasfeatureextraction.
Thesecondlayerisafullyconnectedlayerthatprocesses
theconvolutionallayers'output. Theimageclassisthen
predictedusingthefeaturesextractedfromtheprevious
convolutionallayers.

CNNarchitecturelayers

CNNhasthreedifferenttypesoflayers.Convolutionall
ayersarethefirst,followedbypoolinglayersandfinally
byfullyconnectedlayers.WecanbuildaCNNarchitect
ure by stacking  thesemodels.Inadditionto
theselayers,twootherparametersarecritical:dropoutla
yersandactivationfunctions.

1. ConvolutionLayer
ConvolutionallayersarethefirstlayersinaCNNmodelt
hatextractvariousfeaturesfromaninputimage.

Inthiscase,convolutionwasperformedmathematicall
ybetweentheinputimageandfiltersofsizeMxM.
Aslidingfilterovertheinputimageisusedtocalculateth
edotproductbetweenthefiltersandtheinputimage.The
convolutionoperationisatypeoflinearoperationthatin
volvesmultiplyingtwofunctions
toproduceathirdfunctionthatexpresseshowtheshapeo
fonefunctionismodifiedbytheother.Forexample,mul
tiplyingtwoimagesthatcanberepresentedasmatricesy
ieldsanoutputthatcanbeusedtoextractfeaturesfromth
eimage.
TheinputtoaCNNisatensoroftheform(numberofimag
es)x(imageheight)x(imagewidth)x(numberofimages
)x(numberofimages)x(numberofimages)x(num(inp
utchannels). Afterpassingthroughaconvolutionallaye
r,theimageistransformedintoafeaturemap.

2. Pooling

APoolinglayerfollowsaconvolutionallayerinCNN.T
hispoolinglayerisusedtoreducethesizeoftheconvolve
dfeaturemapinordertoreducecomputationalcosts.We
canperformtheseoperationsbyreducingtheconnectio
nbetweenlayersandoperatingindependentlyoneachfe
aturemap. Therearevariouspoolingtechniquesavailab
lebasedondifferentmethods.Somepoolingtechniques

includemaximumpooling,averagepooling,sumpooli

ng,andsoon.TheMaxpoolingtechniqueisnamedaftert
he largestelementextractedfromthe
featuremap.Theaveragepoolingtechniqueisdefineda

scalculatingtheaverageofelementsinapredefinedsize
dimagesection. TheSumpoolingtechniqueisusedtoca
Iculatethesumofthepredefinedsizedimagesections.In
general,the pooling layerservesasa
linkbetweentheconvolutionallayerandtheFClayer.

3. Fullyconnectedlayer
FullyconnectedlayersarethenextlayerofCNN.Itinclu
deshiasandweightsinadditiontoneurons. Itisusedtoco
nnectneuronsfromtwodifferentlayers.FClayersaread
dedattheendofCNN, infrontoftheoutputlayerandfrom
thefinalfewlayers. Thelastlayers'inputimageisflatten
edandforwardedto the
fullyconnectedlayers.Thisflattenedvectoristhenpass
edthroughafewmorefullyconnectedlayers,wheresom
emathematicaloperationsareperformed.Theclassific
ationprocessthenbegins.

. CLASSIFICATION
Thefinalstepistodeterminewhetherthelesionunderob
servationisnormalorcancerous. Theclassificationstep
isheavilyreliantonpreviousintermediatesteps,particu
larlysegmentationandfeatureextraction.Supportvect
ormachine(SVM),artificialneuralnetwork(ANN),k-
nearestneighbour(KNN),binarydecisiontree,andsim
plelogisticclassifierareallexamplesofartificialneural
networks.

4. TheDropoutLayer
Whenallofthefeaturesareconnectedtothefullyconnec
tedlayer,anerrorcalledoverfittingofthetrainingdatase
tmayoccur.Overfittingoccurswhenthemodellearnsev
erysingledetailoftheinput. Assumethatifourmodellea
rnsthenoiseinourimage,itwillhaveanegativeimpact.
Whenweprovidenewinputtothemodel,itwillconsider
thenoisepropertiesandproduceanincorrectresult. Adr
opoutlayerisusedinourmodeltoavoidtheoverfittingpr
oblem.Whiletrainingthemodels,afewneuronsaredro
ppedfromtheneuralnetworktoperformthisdropoutfu
nction.ltwillshrinkthemodel'ssize.

5. ActivationFunction
ThesefunctionsareimportantparametersinaCNN.Act
ivationfunctionsareusedtolearnandapproximatecom
plexandcontinuousrelationshipsbetweennetworkvar
iables. Thisactivationfunctionwilldeterminewhichm
odelinformationshouldmoveforwardandwhichinfor
mationshouldnotatthenetwork'send.Whenbuildinga
CNNmodel,severalactivationfunctionsareused.Acti
vationfunctionsincludetheReLu,LeakyRelu,Softma
x,Sigmoid,tanH,andSoftmaxfunctions.Eachofthesea
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ctivationfunctionshasadistinctpurpose.Forexample, i
fweneedtoperformbinaryclassificationinourCNNmo
del,weprefersigmoidandsoftmaxfunctions,andsoftm
axisusedformulti-classclassification.

4.3. ARCHITECTURE
Weuseddigitallystoredbreastmammogramimagedat
asetsfromtheDigitalDatabaseforScreeningMammog
raphyinfigure(b).(DDSM).Wedividedtheimagesinto
trainingandtestingimagedatasetsafterperformingpre
processingtaskssuchasnoiseremoval,annotationrem
oval,contraststretch,andadaptivehistogramenhance
ment.We
feedthepreprocessedtrainingdatasetintoCNNmodels
suchasResNet,VGG16and19,GooglLeNet,andAlex
Net.Aftertrainingthesemodelswithtrainingdata,them
odelsexaminethepropertiesofimagesandeffectivelye
xtractthefeatures. Themodelcanthenbetestedusingthe
testimagedataset,andeachmodelcanbecompared.

sl iy

Fig.(F).Architecturediagram

Therearetwotypesofusersinourproject.Thefirstisthed
eveloper,whoworksontheentireproject.The
developerisinchargeofthepre-
processingoperations.Wemustperformpre-
processingonourmammogramimagedatasetforthispr
oject.Imageenhancementandcontraststretchoperatio
nsareexamplesofpre-
processingtasks.Followingthesepreprocessingoperat
ions,developersbuildtheCNNmodels.AlexNet,ResN
et,VGG-
16,GoogLeNet,andacustomisedXceptionmodelareu
sed

here. TheseCNNmodelscandetectandclassifyimages,
sobyprovidingpre-

Accuracy:-

processedmammogramimages,themodelcanstudyth
epropertiesofthoseimages. Thedeveloperthenteststhe
semodelswithtestingimages,evaluatingeachmodel's
performanceandaccuracy. Theuseristhesecond.Users
haveaccesstoCNNmodelsaswellastheevaluationsect
ion.Ausercouldbeadoctororaradiographer,forexamp
le. TheseuserscandirectlyaccessthebestCNNmodelaf
tertakingthemammogramimage.Whenauseruploads
atestingmammogramimagetothemodel,itwillclassif
ytheimageintooneofthreecategories:
normal,malignant,orbenign.
Thebenignresultindicatesthatthepatientdoesnothave
breastcancerbutisatriskofdevelopingit.Wecancureiti
flgettherighttreatment. Thenormalcategoryindicatest
hatthepatienthas
nocancercellsandshouldnotbeconcerned.Canceristh
efinalcategory.

44, IMPLEMENATATIONANDRESULT
Heretoimplementthisproject,pythoncodeinJupyterN
otebookplatformisused. TensorflowKerasandsomeb
asicpackagesareusedtoperformthisproject.
WhencomparedtootherCNNmodels,thecustom-
madeXceptionmodelprovideshighertestaccuracy.

Alex Net §2.3%
VGG-16 85.5%
ResNet 90.2%
GoogleNet §2.8%

Xception 92.9%

Table2.Test AccuracyTable

Theaccuracyofamachinelearningclassificationalgorithmisonewaytodeterminehowfrequentlythealgorithmcorrectl

yclassifiesadatapoint.Formula:-
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(TP +TN)
(TP +FP + TN + FN)

Accuracy =

Actual,
target or
reference

.—m—o

Probabilty
donsity
Value i
+— Procision =+
Fig.(G).Accuracy
Thenumberofcorrectlypredicteddatapointsoutofalldatapointsis referredto

asaccuracy.Inotherwordsitsiscalculatedeasilybydividingthenumberofcorrectpredictionsbythenumberoftotalpredic
tions.

p= el

92.00%%

S0 OO

88.00%

S86.00%

B44.00%
820026
S0.00%%
B0
FE.00%s -

AlexMet VGEG-16 ResMNMetGoogleMetXception

Fig.(H).Graph

Accordingtograph,ourcustomizedXceptionmodelishavinganhigheraccuracyof92.9%.TheAlexNetmodelhasthelo
westaccuracyof82.3%.
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SL Author Application Dataset Methods Accuracy

1 FarahnazSadoughi[4 Diagnosisofbre Various ArtificialIntelligence Ultrasound(95.8
] astcancer medic 5%),mammogra
alimages phy(93.069%)
thermography(1
00%)

2 SairaCharan[7] DetectionofBre Mammograms- ConvolutionalNeural 65%
astCancer MIASdataset Network

3 Dina A. Breast Digitaldatabase CNN  with DCNN=71.01%
Ragab[8] cancer forscreeningmaSupport

detection mmography(D VectorMach SVM=87.2%
DSM) ines(SVM)

4 LiShen[11] Breast DigitalDatabas Deeplearningusingan ~90%
cancer eforScreening “end-to-end”training
detection Mammaography
(CBIS-DDSM) Approach

5 Naser To Detect Digitaldatabase RBF,  PNN, and~97%
Safdarian[1 and multi-
2] Classification ffor layerperceptron(MLP
ofBre screen)), Takagi-Sugeno-
astCancer ingmammogra Kang(TSK)fuzzyclas
phy(DDSM) sification,thebinary

statisticclass
ifier,

andKNN

clusteringal
gorithm

6 Z.Yan[16] To Datasetcontain Two ~92.23%
Recog sCTimageSlice StageConvo
nize sof12bodyorga [lutionalNeuralNetwo
Body ns rk
Parts
7 Chenzhang[15] Amodelusedto Mammogram |Heretheyusedamulti- 94%
performscreeni imagesfromDDview
nganddiagnosi |SM featurefusionNNmod
ngofmammaogr el
ams.
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8 G.V.Tulder[17 ToClassifyLungTe ILD(interstitiallungdise ConvolutionalRestric ~89%
] xtureandAirwayD @ases)CTscans tedBlotzmanMachine
etection
9 M.Anthimopo ThismodelusedtoL ILD(interstitiallungdise Used 85.5%
ulos[18] ung ases)CTscans CNNarchite
PatternCl cture
assification
10 K. Detection histologyimagesofcolor TwoarchitecturesofC |~80.2%
Sirinukunwatta and ectaladenocarcinomas NN
na[19] Classification
ofNuceli
11 A.Payan[20] Prediction MRIImages CNN  with 3D-
ofAlzhei 2DConvolut ~89.4%
merDisease ionsand
2D-
3DConvolutions ~85.53%
12 E.Hosseini[21] Alzheimer MRIImages DSA-3DCNN 94.8%
DiseaseD
iagnosis
13 A.Faroog[22] (ClassificationofAl MRIImages GoogleNet 98.88%
zheimerDisease ResNet-18ResNet-
152 98.01%
98.14%
14 J.Ma[23] Thismodelusedtop Ultrasoundimages Used a ~83%
erform Pre-
ThyroidN TrainedCNN
oduleDiagnosis
15 W.Sun[24] Breast Mammographicimages (CNNusingsemisuper ~82.43%
CancerDi withROls visedlearning
agnosis
16 H.Pratt[25]  For Diabetic KaggleDataset CNN 75%
Retinopathy
17 AyeletAkselro |Predicting 52936imageswerecollec DeepLearning ~91%
d-Ballin BreastCa tedin
ncer 13234womenfromthera
ngeof2013and2017.
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V. CONCLUSION
Intoday'sworld,advancedimagepreprocessingisextre
melyimportantinavarietyoffieldsofinnovativework.
AdvancedlmageProcessingisusedtoprocesscompute
rizedimagesandextractusefulqualitiesfromthedata,w
hichcanthenbeusedtomakebasicdecisionswithhighpr
ecision. Theseproceduresarealsobeingusedintheclini
calfield,specificallyinthedetectionofmammarygland
cancer.Breastcancerisoneoftheleadingcausesofdeath
amongwomentoday,anditisdifficulttopreventbosom
diseasebecausetheprimarycausesofhiddenbosomcan
cerremainunknown.
However,certaincharacteristicsofbreastcancer,sucha
smassesandmicrocalcificationsvisibleinmammogra
mimages,canbeusedforearlydetectionandarethusextr
emelybeneficialforladieswhomaybeatriskofmamma
ryglandcancer.Previously,physicianswouldanalyse
mammogramimagesanddrawconclusionshasedonth
em,butnow,withthehelpofDeepLearning(DL),weca
ndeterminewhetheritisbenignormalignantinashorter
timeframeandwithgreateraccuracy. Inthisstudy,weus
edvariousDeepLearning(DL)architecturemodelstoa
ssesstheirperformanceincancerprediction.
Wecreatedacustommodelfromthevariousmodelsusi
ngtheXceptionmodelarchitecture,andthismodeloutp
erformstheotherCNNmodelsintermsoftestingaccura
cy.Thecustom-
madeXceptionmodelgivesbettertestaccuracycompar
edtotheotherCNNmodels. ThisXceptionmodelhasate
stingaccuracyofapproximately92.9%,whichishigher
thanotherCNNmodels.
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