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Hepatocellular carcinoma is one of the leading causes of death globally. It is the only
type of cancer that can be diagnosed using radiological imaging, without the need for a biopsy. The
best diagnostic technique is magnetic resonance imaging (MRI), as it can visualize tissue differences
effectively. However, it still relies on radiologists for diagnosis, which can cause delays in treatment
due to their limited numbers. This research aims to develop a model for binary classification of
hepatocellular carcinoma and non-hepatocellular carcinoma from magnetic resonance imaging (MRI)
using deep learning techniques with the convolutional neural network (CNN) architectures VGG 16 and
ResNet-50. The four experimental setups were conducted with variations in model architectures and
parameters. The researchers utilized data from MRI images from The Cancer Imaging Archive (TCIA)
database, comprising 2,251 images. The ResNet-50 model outperformed VGG16 in all four
experimental setups, with ResNet-50 Version 2 achieving the highest accuracy of 0.69. Analyzing
False Negatives (FN) matrices revealed that VGG16 Version 2 had fewer false negatives than ResNet-
50 Version 2, with 32 and 54 misclassified images, respectively. These results indicate that deep
learning with convolutional neural networks can effectively classify hepatocellular carcinoma.
Furthermore, the choice of model type significantly impacts model performance. In this study, the
ResNet-50 CNN architecture outperformed VGG16 in terms of accuracy, but when considering False

Negatives, VGG 16 demonstrated a better performance than ResNet-50.
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TAgadine&uilszanninan (Neural Network) 1anil N1efeauriuiunane ) u (Layer)
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Hepatocellular carcinoma A8 TCGA-KIRP Waz CPTAC-PDA a1UAURIUNA 13 718
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Axial Slice
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@419 (Bright) Tuaniedi T2-weighted iFauLaiian “Pathology scan” NIRRT
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2.2.2 Applying Contrast Limited Adaptive Histogram Equalization (CLAHE)

HuwmatianisiiaannmgLnmfimuisiaInmata Histogram Equalization

(HE) Tag1 S.M.Pizer 35n19taziansunsnaaz i@ ndayaain Histogram Equalization (HE)
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nwilsznau 4 (n) A1 Histogram NIWELaLiL, (2) A1 Histogram Ngnsin

P: (Wi wazALEY 7, 2013)
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2.3 v rfiiganunsiNNLlENMTayan W (Image Augmentation)
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doya Teuananidunisiinarwiuesdayaudn malladseaeNNANNRaINIaN1aITYH

¢

a 12

AYANTNANATE Imﬂiumu%ﬂﬁ@ﬂ%’mﬂﬁmmimumw (Rotate) lazn19naunNIw (Flip)

wnldlunnswandeyagilninnaunisin il unsaieuiuansassalil

Original image

De-texturized

De-colorized

—| Data augmentation

Edge enhanced

Salient edge map

478"

nwtsznay 5 wallan1aiNFuNdayanIW (Image Augmentation)

N https://freecontent.manning.com/the-computer-vision-pipeline-part-3-

image-preprocessing/

2.4 varfiiganunisannisANNlNaunanuastiaya (Imbalance Dataset)
dayalianna (Imbalanced Datasets) wnnany anusndayalunguuilaninnan

o ¥ = 1 dl o dJ a d?j ¥ a dl o
@mmm@gjmmmnqummLﬂummumn GIN@'VQLﬂﬂﬁl‘lﬂ,ﬂLﬂuﬂﬂMLu@\?@WﬂﬂﬂHmt
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s7sNT1R0tayaN AUl A INuANFNI9Te9a WL TULAAENgN AL LAD TBRIALAAAIN

U
k4 o o

< v o dl ! Y =3 ¥ dl 1 v !
m@@’mm’l,um'a*mmm@@ummmmnmhmﬂum@mmm@mp b *ﬁmgagﬂmwmﬂ

o aaa [ % 9/‘]J

1 dl < 1 @ A dll
NNNAIUIDLVDIE namidulsAnziy LL@:ZilI Wulsansif m@ﬂﬁymwmgﬂ BUTTIENTUNIT

'
o ] =

guNanNINE1en1959AaHadasne) NlunsgIundaiay (Gold Standard) AasaAt

yaanslunimiamziuardnnuannydeys Miifuiniasanldanealun1sdnnisdoya

1 dil £ :j/ dsjn v a = o Y ] Y v
wani dusu anisunnaiidanaliinaaauiewaaalunisawundaya inlvdeyalu

Uszinnnddndaudas (Minority) naliiinaduianatnlunisauunilszinndayauinndd

Uszinndayanidndauuinnd (Majority) Feaziin llgifoyun “dyminisutiangudayain

U

a ¥ 1

ngu (Misclassification)” luilaquiuasnisnfianldudtoyninisutisngudayainldannarii
A o v v e ! o 1 %/ .
Aa n9annatyunluszAudesa (Data Level) Tnaanaldianisdusiantinem (Resampling
) =2 alasy & = )
Techniques) T9HAaNTRaN MANAINUANE LT
2.4.1 WMANANISYIN Oversampling
ac dl 1 QI o v 1 vl o v o v
{uaannsnlglunisguiinanuiudeyalungusesitanuulndipesiudeya

Tunguuan snazldasnisiinauondeyaluaiindeys (Class) NNauautiasas Tnasinay

a
v

o ] o ¥ dld 1 a ¥ o ! [
minenisguAnaandeyantedlusiindaya (Class) 1iu o) iunisdiediuanuannazes

a

v

dayauaraeinsc@nsninlvnuuuuaang
2.4.2 (MARANISYIN Undersampling

] A v U o v o dl v o U o
dunsguiaandayaainnguuanlildauaunlndipeiunguses vinlaanng

NauATuIusetigesTiindasya (Class) H1nas iialilaruausaatgIndiAassiuaiin

¥ a ¥

8y4 (Class) A 1uINlee WMALANIINN Undersampling da1annligoyidadasyalil

LT u

4
£
4

] ' = 1 ¥ o a a a o ¥ ydd?
19491 Wal luunanseanadae 19 LLIH_IQ']@@QMﬂﬁ‘ﬁZﬁV}ﬁ.ﬂ’]WsLuﬂqﬁ‘@’]LLLLT']?J@N@1®®°1ILL Tnean

a

v v

24
A o o

Toymniinainanlidannazesdayals el el dunauidznisdu o MidunllenEeenis

quenetnein ldun SMOTE, CE-SMOTE waz Borderline-SMOTE tilufiu Ineinnsannis

¥
v A

dl 1 ¥ ¥ 9./&9’ aa dl a ! ¥ ¥
mgwimmaﬂuu ﬁ]‘ﬂ\ﬂ'ﬁﬂ’mNgwuﬁsun]’N@ﬂmIﬂﬂL@WWZL?@QﬂW?L‘W AUANITANTBY A LU

q

Wtlseenelldsanso

Taelueuddai aziaanldas lun1sguiinanuaudeya (Oversampling) wazg

o—

" 1y ' o 2o P o = o ' ) =
@’i’]ﬂ?l‘ﬂﬂ;l]@@qﬂﬂ@ﬂﬁ@ﬂimﬂ@ququmiﬂ@Lﬂﬂﬂﬂun@m?@ﬂ (Undersampllng) Iuﬂq?Lm?ﬂN

v

dayanauinlildsalunisafsuuuanassnisiiulsanziiesiunas ldiflulsauziseduann

o a o

aa ¥ a = ¥ a K v 1 = o
AINNNNAVUIRE I@?ﬂﬂL“V]ﬂuﬂﬂ’]ﬁ‘L?ﬂugLsﬂQ@ﬂﬂ’)ﬁltﬂ?\‘i"ﬂ’]ﬂﬂ?m‘ﬁﬂLVIHN@’I’JHT’J@I"ﬂu (Deep

Learning with Convolutional Neural Network) (Yan, Chen, Shyu, kag Chen, 2015)
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Undersampling Original Oversampling

In undersampling, we pull all the Abundant Rare These methods can be used separately or
rare events while pulling a sample dataset dataset together;one is not better than the other.
of the abundant events in order to Which method a data scientist uses

equalize the datasets. depends on the dataset and analysis.

nisznau 6 mARANMIIANITANN LHANAATUIBITaYA (Imbalanced Datasets)

Nk https://www.mastersindatascience.org/learning/statistics-data-

science/undersampling/

2.4.3 WAUAN9YIN Class weight

[ |

duanldluntsiuuapud Ay resusazatinresdayaluarunisaiiun

(7

= ¥ =

szinm (classification) Inaanizlunstindayadanuluiannanu (Imbalance data) 4n

v

dld o o 1 3 = o o dg, dl = o a a ¥ dld
PRHANNINUIUAIDEINUBENIN @W@Nﬂ'ﬂll@']ﬁﬂ_lll’mﬂlum@Lﬂ?‘ﬂﬂLWﬂUﬂUﬂﬂﬂ]%ﬂﬁl@MﬂV}N

2 a

=

RUMUIUAIRLINNINNGT AIHU NITANUAAT class weight Bag L LLRNaa9a 101D NS

a

©

v
wazdfuArdnuinaesusazaladayalidnisfiansuiarudiAnyresrindayalunig

ATUIUANGELAY (loss) WranisUlsziiutlszAnsnanresiuuanaasld n1sfnuune class

a A o

) o asl  aaa o = =& o , °
weight @qﬂq?ﬂmqimuﬂﬂqﬂ']ﬁ LANENHEN A8 NNULATALATINIDNERNI149UTRIAN WY

1 2%
o 1 = oA

foatngluisazatindays daArtiainnsnauInlaaindiugegaaasaindayanianuou

et eNINTgA YTEAINNIIIIUUAANNIIAEATIANNANIMN AN TR W ILIAAEN ST

2.5 NquinEnuaanasiunIsisauidanmalaseinadssaninannauligiu
(Deep Learning with Convolutional Neural Network)
2.5.1 n'l'il,?ﬂuflﬁd'ﬁn (Deep Learning)
duanzmilsresnistszunanadeyauazynyidsrivgnldlasednedszam
\en (Artificial Neural Networks) LAgRuiLN1991191ua891dutlszamasanywel (Neurons)
wdszgnaldlunisFaufuazyinunadeyadudennuudnluimnlaelddey aauialuaflunis
A § v o = v > ° P v ' o
dnaeu e lilszdunisFaufnanuan o warliainisosauundeyaliegiudug

v

Trsvdnedszaminaningnesnuuuliidudeyaninung (Deep layers) Inafiudazduaz
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UszunanadayauaznisGaufetindasssonuldininmenlovsionu Seluduneunisizand
dg/ 1 = = % ¥ o 1 Y = % ?:/ = o
Hazlilpsadnalszaminenzauiaindeyazessinacing lafasinsaing slang vsanivun
ansueAAralym et naansi ldainlasednalszaminantiainnsnnaaqy
guuni (Pattern) vizadanuundayals wslaevinliudolassdnalssaminanariauanung
Tunszanslanesiinduminiiy ianazmilassnadszamimenannmaninsziiay
Uszananalilalauanasresnyws sunlilavinmimindndeyavzeiiudunisaiiunvse
o a ¥ 1 1 = 1 3'/ ai 1 1 dy .
nuneatiadeys ludouaesiasstnalssaminen usidudunegunsnszndnemsail (Hidden
AN o alo ° = o o o = = ° 9 Ao
layer) azintinnvinnsAur LAz iTauiAndn sz rasdeys Asianadudeadanuay
2: dl = % ] 1 ¥ dl % 1 = o
wane 7 41 ineidunnsFaufuasdesedayaniszunanandn llinssdnadszamiiendn o

pRpes = A ) ~ 1 a - ° o A
1ﬂ u@ﬂLﬂuuuq§LuLMﬁlN@WIﬂ?Q°ﬂ’]ﬂﬂ?5@']1’]L‘V]ﬂllu@’]ll']?ﬂqLﬂ?’]:’,MLLﬂzﬂququm@N@WNﬂqu

u

dudauls daqiumalulaginaindioudiuinauaenianesidsc@ninanlunisg

v v 1 v v
13209AHANINAL AU UTUADITATIUNE T L AN U NRIATNIFDLANAN U WTU LA NN

v
o o o

uarflaRdauiuiunanafuiyANa 1190 TN A U R A Nd U aulauINaY gl

¥

NN1997947 N13FUSIT9AN (Deep Learning) (N wilsznau 2) Iaadnfuaagiuniunig
Faufinsaslaeialil eddayafu (Raw data) nuazldddunaulunisilscuaaating
[ %3 a £ 3 v £ dl [~3 £ o/
anludd enzdaserdamrinflanignisaingidaagng lunisiiusausudeyanisdn

v
unaauyLlszinndeyasiag sl (Hand-Craft Features)

Neural Network Deep Learning

© Input Layer @ Hidden Layer © Output Layer

nwilsznau 7 anuuansneszdnalassinatlszainianuaznnsEaudiaan

A https://csit.nu.ac.th
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o

2.5.2 Tasetnelszainannauligdu (Convolutional Neural Network: CNN)

Tasednadszanmnaumaulogdu (Convolutional Neural Network: CNN)

aa = o ¥ 1 1% o a & aa
Lﬂuﬂ)ﬁﬂ’]’é“l’]E;]ﬂu'?Nﬁiﬂﬂﬁlﬁﬂﬂqq\iﬂf)’]\?ﬂﬂiuﬂmm ANARNT ADR ﬂW?ﬂ?ZNQ@N@ﬁﬁyﬁqu

(Signal processing) $9804N191sruaaKaNIN (Computer vision) ABUTagdy Taqiiu

|
o = = ¥

gninan i lugdunuunudaiaesnanunsnmauiuas AnaenldAuansuzinu (Feature

¥

. % a A o a v [ 3 A ¥ o 1 ¥

extraction) ‘Ll’ﬂ\ig“l_]ﬂ’ﬁ/\liﬂ 1M AR u:um’mmLiﬂugLL@zmmL@@ﬂﬁlmm@ﬂwmmmmmwim
! 1 c o :I/ =2 4 tﬂl 1 o J ¥ ! 1

LANNATHYHE ANUL "Q\‘l‘lﬂﬂq‘i‘ﬂﬁ‘zm'}@N@VILLS\IMHWNWﬂﬂQ’] Taunnseanlasdnalszan

\endae3ey (Artificial Neuron Network: ANN) A Anunuini ldiilusngaineafiunun ag

o o

dl dl a A ¥ 1 = o % 1
dunilamaramindsaaenld lasethedssaminenneulagiiy inszdnldlaseineilszam

Wandaasezlnfitiu huusaaaazdaddauiAtuininauuiin Iaeldnisvnarunuy

u

IAsadnglszamineNLuLunIgaunay (Back-propagation Neural Network) IA94519294
Thssdnedsramiienuuuneuhgdiudedn amnsfinsuusesduneuiagdu 14 lkisia
Ao iAnTlAsea e Ilifinds 194 VGGNet uay ResNet gy

2.5.2.1 anilmenssn VGGNet (VGGNet Architecture)

dl o = % dl dl o
L‘ﬂuﬁuﬂluLLUU"\’]@@\‘]H’]?L?&I%E%@\‘]Lﬂ?‘ﬂﬂ%i‘]ﬂuﬂ’ﬁ@’]LLuﬂﬂizLﬂ‘Vm’\W

o 1% a o

g netinddunumidnanas Oxford 1wl A.A.2014 uazgninaualull A.A.2015
dl Yo a 1 dl < a a dld o =
T9lATuANTENotNINILEIaINANNETIUA T IEANENNTIR LWN19ATUBNN N HAIH

AN UTRULAZ N WILIad AT UTE R NINL AR UTI9NINDY 16 Yi7a 19 Tu InaldiAas

uaa (Kernel) 211m 3 x 3 Tun1sasulagdu tAseainaes VGGNet-16 Usznausng duanw

v v
o

Tagfu Auan 5 ngu (Convi-5) luusiavduiianuauiaasiian duay 512 LAasuaa NAIAIN

fupauligdis Convi-5 aziluduuundyad (Max Pooling) wazdinuineuazingdedeyailes

v
o

annnisEsuiaulaseaitanant ludsdumanTasuuuanysal (Fully-Connected Layer)
AUUAINNA 2 F1 TneHanuuluun (Node)ianun 4,096 WA 4,096 TMUA ANNAIFL WA

Fa11qu 1,000 Trum

Soe

v ¥ 1 1
Tudugainaaasiuiman laauunanysnl azgniiuuaAEueul

33

SRRg NNl Asu

=

(nwisznau 8, 9) Ine A UIIMNNAANSANNNIT R aa TN LN L

o o [ c ad 6 < o ad dl ¥ o di

uIUINUALAZNITATUI UM R AN SN s Ta TN LN TUAEN 1981 ] 1@ PGP AN
9o o % dl o ¥ v o Z// -dls./ o

@NH?M@W@UQ@WWHWI@HHW?@’]LLuﬂﬂ?SLﬂVI"HﬂHNIML‘ViN’]ZﬁmJﬂ‘LN”Iu U 7] NEBINITNI



Input
; 1 ]
3x3 Conv1, 64 3x3 Convé, 512 ‘ FC 4096
i v i
3x3 Conv1, 64 3x3 Convd, 512 | Foa09
) v v
2x2 Max Pool 3x3 Convé, 512 ’ Fei0
7 i
3x3 Conv2, 128 2x2 Max Pool
i i}
3x3 Conv2, 128 3x3 Convs, 512
¢ '
2x2 Max Pool 3x3 Conv5, 512
; ;
3x3 Conv3, 256 3x3 Convs, 512
i i
3x3 Conv3, 256 2x2 Max Pool
v ===
3x3 Conv3, 256
v
2x2 Max Pool
|

Awdsznay 8 ununiannenssy VGGNet

nun: http://journal.msu.ac.th

convl

conv2

conv4

16

convs £6 7 fc8

——J [ )]
14x 14x 512 1:x1:%4096; 1x1x1000

28 x 28 x 512
56 x 56 x 256

7x7x512

11/x 112 x 128

@ convolution+ReLU
max pooling

@ fully connected+ReLU

224 % 224 x 64

Andszneu 9 annilnanssn VGGNet

N https://medium.com/analytics-vidhya/vggnet-convolutional-network-for-

classification-and-detection-3543aaf61699http://journal.msu.ac.th
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2.5.2.2 ann1lmein33n ResNet (ResNet Architecture)
R . Yo o >
ResNet irataLiiN AR Deep Residual Network 1asunnsinaneniawsnlu
NUIAETA Deep Residual Learning for Image Recognition tTaqiiulaiiiaautiauiiuasing
wnlaglanIzanuNINGIEN19NITLANe (Maithra Wae Chiyuan, 2019) LWSIZATNI9D

witTeyun3as Vanishing gradient 16 daduiloyvnifiaaulunisdnasulasediadszam

1
=

\en (Neural Networks) AHAI8ANNIN 9] (Deep) Intnanizluunuanaasnianuaugu
(Layers) 810 °] (43812, 2020) WA 189N19a YR US89 NITduN19NIHu (Activation
function) ludunagnauniin (Front layers) HA g1 Indgue azvinlinisdsudaas
wisimeflududnldnanedugue deanaliluduinasldinisFouiludunaudnly
wazinliuuuataedbiauimEauilaat1filsz@nsaan nasuilailoyun Vanishing
. o % o 2% dld o e‘d‘ 1 1 .
gradient anxnsaninlalasnisldwsridunisnseduniouiusnuinnda 1iu RelU (Rectified

3

Linear Unit) san1sldinatiadus 11U Batch Normalization ¥3an1sldinatiAnisninumsn

v
o o 1

QI 2% al a a o al dld =3
Gusuresiminatnalidss@nsnmlunisinaeuuuusnaeslssamnauni A Nanun
Tnesialduanlaseas1eaes ResNet-50 (Residual Network with 50 layers)
sznaumaguaannisasne (Building blocks) #aneuuuilizandn "Residual Block" #1378
. L P ¥ o o | Yy 4
"Identity Block" NaeliluinaaunsnFauiiasnansiaansniziauaasninlaniy lnaan
fymnisgou@adayalunszuaunimmisinasu inlda1unsnainauunaiaesidaanuan
wnAulalae ldinaududeaurealuma ResNet-50 Usenavusag 50 94 (Layers) Taaigau
Wanue dvilsznaumag dunaulagdu (Convolutional layers), funaas (Pooling layers),
duimanlasuuuanysnl (Fully-Connected Layer) uazWariduni9nszsu (Activation
function) 1114 ReLU (Rectified Linear Unit) Aduusn (First Layer) azldWawmas (Filter)a1na
7x7 Tne/lutuaaulagdu (Convolutional layers) azldWainasuum 3x3 asnInwilsznay 10
Tmel ResNet-50 NanmouziiAn Aa 191nATiA283an19 Skip connections %38 Shortcut
. .dl 1 v o 1 ¥ dl i ! v ]
connections N liuLANaasaNsnENUTay AN U RaunN la taeRss doaantTym

a ¥ ] [ [ aa a a o
nnsgoyidadayalunisiinaauuazdaaldarunsnafeluinan s dninwldlusydu

ANANZLe
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e 5
g conv 2-x
e [ ixi.64__ ]

[ 7x7 convl, 64, 12 | [ 3x3,64 |

[ 1x1.25%6 |

3x3, max pool, /2

v

[ conv2-1 |
| conv2-2 |
| conv2-3 |

conv3-1
conv3-2
conv3-3
conv3-4

conv4-1
conv4-2
conv4-3
conv4-4
conv4-5
conv4-6

|

avera%e pool

[ 2-dfc, softmax |
v

Lake  Reservoir

AnUsznau 10 anntinangsy ResNet
P (312, 2020)

253 Vlt]'i:}fjn'li Transfer Learning
aa o al yva K . a dl
Lﬁmﬁmsﬂﬂmuwuum@mmmﬂugmaﬂ (Deep Learning) 1NALANLN

Tnanisthuuuanassfigninaeuliuda (Pre-trained model) avndaganiiannldlusuau

Tnerlaisasinaauluifaus Busy uwaAnuanaas Transfer Learning Aa Nstinalaumanmi

= = A pRpm A 1y Y o A A a
Lﬂﬂ@qﬂﬂq?ﬁﬂ@’ﬂuluﬂ’]uﬁu\ﬂﬂiﬂsﬂu\?qu’ﬂu °'| NUAIMNLNLIUBY ARIENU ﬁ?’ﬂﬂmuﬂﬂ’ﬂﬂ;{@

(Class) Wngariulugadayainasy dunaunanues Transfer Learning 1sznausog
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2.5.3.1 NSLABNLLUUANARIAULLIY (Pre-trained Model)
a o g " n v s e
RONULLANA B ULLILNYNHNABUNIUAIAINIUNTAITNARUARITLNIU LS
Fasn3ld Transfer Learing tTaqiiuiluinangnilnasuliudnlunatsanniananssuidu
ResNet, VGGNet, 4az MobileNet i1
2.5.3.2 N5U5uums (Fine-tuning)
unsdfulgauuuanassiignanslauacnuiun liunnzaniusundesnis
IpenN13UFUAINNINReT (Parameters) Wiralasad 19299l LUANa89AWILLL (Architecture

v Y

dl v ¥ :’/ ]
model) WaliannAanail @H@Lmzﬁmuwmmuuu ] TPLaNZ I UNINATIAE Y ]

|
ol

aaa A ] a o . .
VINﬂ’1iLL‘W‘V]ﬂﬁnuQﬁﬂﬁ?L@'ﬂﬂIﬂid‘}J’]ﬂﬂ?xmﬂwLWHMﬂﬂuIQ@lmu (Deep Learmng with
Convolutional Neural Network) #iansinariumugadaya (Input data) (Davila, Colan, waz
Hasegawa, 2024)

Table 1
Overview of fine-tuning approaches for medical image classification.

Reference Medical domain Backbone Source domain Fine-tune method Application
Kermany et al. [45]. X-ray Inception ImageNet Lp Pneumonia
Yadav et al. [46] X-ray VGG, Inception ImageNet p Pneumonia
Liang et al. [47] X-ray CNN ChestX-ray14 FT Penumonia
Chouhan et al. [48] X-ray Ensemble ImageNet p Pneumonia
Apostolopoulos et al. [49] X-ray Multiple ImageNet Selective Covid-19
Maghdid et al. [50] X-ray/CT AlexNet ImageNet FT Covid-19
Ahuja et al. [51] CT ResNet, SqueezeNet ImageNet FT Covid-19
Basaia et al. [52] MRI CNN ADNI FT Alzheimer

Oh et al. [53] MRI Inception CAE FT Alzheimer
Eitel et al. [54] MRI CNN ADNI FT Multiple sclerosis
Jonsson et al. [55] MRI ResNet Own LP-FT Brain age
Naser et al. [56] MRI VGG TCIA p Tumor grading
Nawaz et al. [57] Microscopy AlexNet ImageNet Lp Breast cancer
Ferreira et al. [58] Microscopy Inception Resnet ImageNet LP + Selective Breast cancer
Bayramoglu [59] Microscopy Multiple ImageNet Dynamic Cell Nuclei
Vesal et al. [60] Microscopy Inception, ResNet ImageNet FT Breast cancer
Vrbancic et al. [35] Microscopy VGG ImageNet Selective Osteosarcoma
Mahbod et al. [61] Dermoscopy Ensemble ImageNet Selective Melanoma
Mahbod et al. [62] Dermoscopy Ensemble ImageNet FT Melanoma
Mukhlif et al. [63] Dermoscopy Multiple ImageNet/Multiple Selective Melanoma
Hasan et al. [64] Dermoscopy CNN ImageNet FT Melanoma
Spolaor et al. [65] Dermoscopy VGG ImageNet Selective Melanoma
Tajbakhsh et al. [66] Endoscopy AlexNet ImageNet LP-FT Colonic Polyps
Kim et al. [67] Endoscopy AlexNet ImageNet iy Colonic Polyps
Patrini et al. [68] Endoscopy Multiple ImageNet Lp Frame selection
Liu et al. [69] Endoscopy Multiple ImageNet Lp Gastric cancer
Jaafari et al. [70] Endoscopy Inception Resnet ImageNet LP + Selective Surgical tools

A | = o dl o ¥
nndsznay 11 nsidenlasanelszaminanpauligfuniuinziugadaya (Input data)

713 (Davila WATAUBY 7|, 2024)
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2.5.3.3 NM9ln@ausa (Training)

?/ o o v % dld 1 1 KR o v
AMNUU mmaﬁﬂmmmmmm mmﬂmwmghqmlm FIULLLRNABIA Y b

U

vl A ¥ P a . = ¥ o o P =
ANNENITAUFUILAIANIULAN (Pre-trained) 1nBauiuaridnavsuiiulgssoadasaled
1650 (Input data)

=

Transfer Learning ¥ngnldlunstindayadiniudnasuuuuaiaasluid

< A Ay A A a a A dl ¥ o 1

wnadnvieidayaliiieane videluannsdl Ae anaNmIzannaglduuuanaaslu

TnaFuanauel mwaznisinaausiuaiaedlu anasasldinaiuazninginslunisinausy
1 ¥ . a da’d v 1 1 o

11nnN9n19ld Transfer Learning imAllATANNNT98aRRATLAAINENEIN TUN IR

wuuRnaeslus o 18

2.6 N199mUsza@nsuadtuuanaad (Model Evaluation)
2.6.1 Confusion Matrix
Confusion Matrix tflun131edayadAnylunisdnaainainisnresnisizeud
YRILATA (Machine learning) ’Lumaruﬁ’ﬂtymm?f«iwLLuﬂﬂizm‘w ( Classification)
dnldlunisdszidunadansananisvinuie (Prediction) NgnyinungaInRLLANaas AT 19T
al v d‘ al a = al % 1 U dl o o
AINNI193UUTI9LATE TnaluuiAnFaunaudndiuaedeyanuuuaiandyinung

(Prediction) iUAYINA3IURTRYA (True data)
Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN TN

Predicted Values

AUsEnaL 12 AaeeingmngN Confusion Matrix U406 2x2

1 https://medium.com/@cheng3374/TaUs2&n5n1W-model-a1n-confusion- matrix-

69d391bcd48
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¥
Yo A

ImeiAn TP, TN, FP waz FN asuns lasadl
True Positives (TP): AAA11QUABLNT UL AaBINB1831]U Positive
a a L =3 o % ! g
uazdiAnagaiili Positive uiNefaN1avinunagnFiasiniiu Positive
True Negatives (TN): ABAMILARBEN9NA1a89N1Ne9 111 Negative Laz

al a . =X o £% 1 .
N Z R NI Negative umamma?mmﬂgﬂmmml,ﬂu Negative

False Positives (FP): Aaa1111A2081991918899171418197111% Positive WHR

a !

= _ « . 44 ad 4
Aasaiilu Negative manafiannsvinunaiiandnilu Positive TaiFanandanidedn Type | error
False Negatives (FN): A1 uA1a81919100991118491101 Negative
A N d . - 4 o a4 A
Wil A1a39Ldu Positive n1adan 1N unaiindniidu Negative Taizandndaniledn

Type Il error “a3”

|
1 =

galunnan1sunyel 137589n158amAN False Negatives (FN) ldtiaangmwing

q

azifluld1e 1fasann False Negatives Ranisszydngilaalaiilsn vianasauda dilaailulsn

a1 linaianisinevse ladldfunisinemnuinseanns dsnansznusiaganinaes

= =

drhauazdianinosanesnenin Wy nswannuzesisn AUNIWTIRNANAY WFRNITUNS

srunedlen WAL W1 Da0a31 N17aA False Positives ATIUANNAUAY WANKANTENL

Waund False Negatives Tnaluunanstl False Positives a1an1ldmaAuiaaiiullvie
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A9TIU N1780 False Negatives Datflumaud1Atygegalunianisunnelu
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AMIALNIsaRgtuLvastaianatafinaulaalunisitadauaznisinelsalusuian
2.6.1.1 Accuracy
A o ] o ] dl o o v ZJ/ 1
AD ARINAIUTDIAIBELNINLLLANAaTINTUNgNAaIiNuNA AT
v v
TEWINNANUIUTNUNALAY True Positives WAz True Negatives ALANUAUTNUNALAIAAEINY

AMIUNETIUNA FIRNNITAIUAN

TP+TN
TP+TN + FP + FN

Accuracy =
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2.6.1.2 Precision

Aa dn3druaadsaacinanluiaan 9Ll Positive hariA1a3auiln

Positive $9NALANUIWTIINNATAG True Positives

TP

P . . _
recision TP + FP

2.6.1.3 Recall (Sensitivity)

PadRIdIuesaetenEA1asaly Positive waziuinainuntgnaAadsn

\{lu Positive gLiLANUawianiA1ed True Positives way False Negatives
TP

Recall = 75——7x

2.6.1.4 F1-Score
WuAeaga1fNaiinAn (harmonic mean) $¥1374 precision LAY recall

WAL lEA11FUNITU L HBAIINATN 7DD I AR 11N17A N L 20NN

Recision X Recall
F1 score = 2 X

Precision + Recall

2.6.2 Sensitivity (A21319)

v v
o 1'%

! ¥ dl a oy, v 6 o dl ] dl o
ndaurestayaniy a3’ msmewmanIalioune (Tendudiunuuudanass
Vungnuaziin wleuiugnslun1sAwniues Recall)

2.6.3 Specificity (AATNALNIZ)

o

ndqurestayanidu “liase dausunezidu o) (du dadauzesnisnsaalinulsn

Tugiladtlag wsdaemgnisaiisuna (enudauiuuuanaasyinunagniasiea)
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Predicted Class
4 ~
Positive Negative
- s False Negative (FN) Sensitivity
Positive True Positive (TP) - i TP
ype ITOor m
Actual Class
. False Positive (FP) ) Specificity
Negative . True Negative (TN) ™
ype rror S
o Negative Predictive Accuracy
Precision
Value TP+ TN
= TN (TP +TN + FP + FN)
(TP + FP)
(TN + FN)

A wsznau 13 Aaaei19m1779 Confusion Matrix 2UA 2x2
un: https://medium.com/@mirthful_sunset_cattle_231/confusion-matrix-48cc396b1b58

2.6.4 Receiver Operating Characteristics (ROC) Curve

a ' o

uns W llasea$re unu x1du False positive rate (W38 NANLNTL
1-Specificity) WAZLNY x LU True positive rate (W3LW17L Sensitivity) 111n1TAA1TUN
ARIANLFYY 2 ANT84 sensitivity kAT specificity TwFaue fu ansaeenaidy n19EnIgaen
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00 02 04
1-Specificity (False positive rate)

ANL3Enay 14 ROC curve WaAdAMNENNUTITUIN9UN X (false positive rate 1138

1-specificity) WaLkNU Y (true positive rate 138 sensitivity)

un: https://meded.psu.ac.th/binla/class02/B7_367_261/Diagnostic_testing/index6.htmi
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2.6.5 K-Fold Cross Validation

Cross Validation 1138n113A1ANNTAIALINEANAIATBILLLIANASS NUFIY
uannisaziunisqusinetng (Resampling) Inentsutiadeyasanidunguuans o nqu

= '

d! o v ¥ 1 1 ¥ dl U | a %
(381091 folds FugaNIAUAlAdN Fasnisulengudayasaniduningy uilaUnfugn
dIQ Y o o 4 va 1 o o Y a o
Pien iy dnimua A wingy 5 (5 folds) wazvinnisundatanaindiuau K sau tng
uazsauAuIdayataAnilsandeya K gn azgniaanuiudeyatanaaay (Validation
set) uardayadn K-1 4a azgnldidudeyatainasu (Training set)

TuwsiazseULaINIINn Cross Validation WuuAanaasazgninaususdayate
Hn@eu (Training set) uazazgnnadauAladayaganaaay (Validation set) Liailsziiin
Usz@nBnnaesuuuaaasnls wazargninuisaniuina lilalsvidulsc@nsninaes
LULAA89lAENINGIN MANNN328Y K-Fold Cross Validation AN1190198anANKNEANATAT

o

Ta3adnnlunimageulss@nininaeaduuuanaed uazdoslinisdssidi

e

LARINNNT b

Qv

Usz@nBnniiu Aaauidenenndstusenadwin s lugadayan luipeiuinneu

=

K-FOLD CROSS —-VALIDATION

Iteration 1 : Train Train Train

Iteration 2 Train Train Train

Iteration 3 To' Train Train
Iteration 4 Train Tog Train

Iteration 5 Train Train Te:

nwdsznay 15 3UNMIUAE1NNININ K-FOLD CROSS —VALIDATION

2.7 U219 (Related work)
a o dg’ v o = £ Y a o dl dl o v
NNTNUNIUITTUNTINTBIUAS R AN N19AN 1 ARAT Ada et un174519
LULANA8INFANBRNUTsANLL LA UssnT (Multiclass Classification) 28913ANZ LTI
(Hepatocellular carcinoma) Tnaldinafinniszauiidean foalasediadszaininas

ﬂﬂu%@ﬁu (Deep Learning with Convolutional Neural Network)
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(1) UNAITNASRE L?:m Deep Learning with Convolutional Neural Network for
Differentiation of Liver Masses at Dynamic Contrast-enhanced CT:
A Preliminary Study (Yasaka, Akai, Abe, Lag Kiryu, 2018)
1A FeennmeaanlsrAnEn1nnnsITadEn1IANULNALLAN TR Fa
By dufluteniemseteuieie (H1539) aanduiaun 5 sz (Category) A8
- Category A : 13ANZI59AU (Hepatocellular carcinoma - HCC)
- Category B : ﬁﬂul,‘ﬁ’amtl,g‘ﬂ FU UanLuieann Category A llag HCCs
Tuszazuan
- Category C : ﬁﬂuﬁ@ﬁuﬁmquLﬂ?@ﬁ?faﬁi@ﬂim #lsd1% Category D ua E
- Category D : Fasanvaesdentdalulnuiavis (Hemangioma)
- Category E : @8 (Cysts)

aa 1% ¥ d‘ s a & .
aNN19RgIanladelsAffELATRENTLIIARNNILAET (Computerized Tomography

= =

Scan: CT scan) mﬂm‘”\imﬂim”évummmmwuLmemmmLﬁ@mm"ﬂmwmmﬁumnﬁm

U (Dynamic Contrast-enhanced CT) L udayalugaauns AN 2556 - f191AN 2556

1
! [ o A

A nonesditasanlulaldluasall Aa neainunawtafuNIn195nEnqe TACE LAY

dd‘ ¥ I o 1 | L2 dl 2 | IS 1 aa o v
mmvm@um@mmgluﬂ@mQﬂf;wmquﬂmm 20 ¥ nawangainnignaniiadelsanag

a o

dl s a e’d‘ dgl =
Lﬂ?‘ﬂﬂLﬂﬂeﬁL?ﬂﬂ@NWQLmﬂiﬂl‘ﬂuﬂ’]uq 21 HYNUNA 3 o8y
- 1R @ N U A (Non contrast-agent enhanced phase)
= o 1 A i v 1 o d” dl 1 dl
- @W?VI‘ULL@QH\‘]V’N@%INM@@@L@@@LL@QVLNVLQEQIHQQHQ?JLLZQZLM@ LEIRRRURL °‘]

(Arterial phase)

! v

- deanshiuugeaanaindesiad (Delayed phase)

'
o A

o ' v aaa E a o dgl ¥ dqj o '
ANUAUNINDNENI AT HAd N g luenuddadresnauidafuusazilszinm

(Category A, B, C, D az E) Usznaumag 240, 121, 320, 207 uaz 180 ANNAAL

a K 12

TaeldimatiansFaufidsanaaalassdnaidutlszamiian (Deep Learning with

Convolutional Neural Network) N Tassainaiiu 6 tasstinalszamnaunaulogdu

3 Maximum pooling kag 3 fully connected layers WusuLuunIsaLunanadsziny

{ o 1 v

(Multi-Classification) inguaaatnegilon 460 AW 1,068 U W (JPEG) 1adayaginin

q

1,068 31/ WAN1iIN19LRNL

2 ¥

FNNUTRYATLUNIN (Image Augmentation) a1n 52 1A

(Factors) latmgininenevianan 55,536 g1l (1,068 gagilnan x 52) ivaliidudeyaldaau
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AMFULLLANAD4 (Training data) uazdnswisandayaglninlnegnisyi image processing

B4
o o A

(@anrualFuae 70 x 70 pixels) A1nths Wnwaan1esdatasaillasaduiuuaiaai
WANFNAL 5 Useinn Ae

1. Triphasic model Aa gfguuuatasalagldnindralussealifdnnsldansnuuas
(Non contrast-agent enhanced phase) a13Nuuadtspt lunaantannuwnasluldaglu
adtnzuaziiaLtiagauay o) (Arerial phase) WATA19AINLLAIBEANANTBIYTIEY (Delayed
phase)

2. Art/ Del model Aa afquuuanaastagldnindneluszazansnuuasansaglu

- Mo o e X o4, 4 , . d

waanaanund il luadtizuaziieitiaseandu o (Arterial phase) WATANETILILAIREN
Ndeas (Delayed phase)

3. Unenhanced model Aa d4519uuuananalaaldninaneluszeslufinigldans
NUKAa (Non contrast-agent enhanced phase)

. 2 v ° o ' = o '
4. Arterial mode A8 aFauuuataealasldninangluszazansnuuasdinantlu
¥ 1 1

waanidanuad b ldeg luadezuazileiiagenay | (Arerial phase)

5. Delayed model Aa a519uuuanaesiaeldnindnelussasdneaisiuuasaan

Ntasias (Delayed phase)

Training phase CNN = convolutional neural network |

DICOM images (n = 460) DICOM = digital imaging and communication in medicine |
8 JPEG = joint photographic experts group |
Image capture. Python and Pillow
< 5 images per lesion -
<7 lesions per patient Python and Chainer
JPEG images (n = 1068) Teaching data

Crop and resize
Augmentation

[Inputimage51n=55536)| :> l CNN | :> | Output data

| Iteration

Testing phase

DICOM images (n = 100)
@ Image capture i
Teaching data
JPEG images (n = 100)
[:> Performance
@ Crop and resize evaluation

l Input images (n = 100) | :} l Trained CNN I l:'}l Output data I

Figure 1: A flowchart of the study process from image capture to training and testing phase with CNN.

v
nndsznay 16 wassdumauluni1safauuuaIaeUe991wiag Deep Learning with
Convolutional Neural Network for Differentiation of Liver Masses at Dynamic Contrast-

enhanced CT: A Preliminary Study
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HAA1N3498 WU41 Model triphasic (Pre-contrast, Arterial, Delayed phase) §
dsz@Ansningelunisanuunfawilesusaniily 5 dszinn Tnadien accuracy Tunisanuun
ANNNLANANNT 9N BUHAAL WiNTL 0.84 Wa=NAN receiver operating characteristic curve
(ROC) i1 0.92 Avi watAnsFaufidaanaoalaseinadulszaminanuaznisld
nndneN1IRTaIiasalsARQELATaUANTIIARNALLATATLTIY 3 FZEZANNT IANANIN
¥ 2% v & 1 o al a a o % d’l o ¥ 1
41951 wand Il wuuanaesilss@niningalunisauuniewiladuineldningae
nsRsaltase lsafaaATaanTItAaNNaInas

(2) UNANNANEIFEY State of the Art in Artificial Intelligence and Radiomics in

Hepatocellular Carcinoma (Castaldo WATALD 7, 2021)

£ 1
v A 1 ¥ ' a

sl gaiinlunimunousnuddasiie aldmaianisFauiaecnies
. J o =S dl ¥ o nﬂl (=3 o ndl a 6 o

(Machine Learning) 4azA1n13AN A8 9109 U1T09IsANLITAUNNAR NI AN UL
(Hepatocellular carcinoma) Wiastniauauuan NI swmuIIuaLiluauAndi n1smss
paLLLan WY (Magnetic Resonance Imaging: MRI1) dAdxudngxnfige luilaqiin
Tfn19dndsz@nsuetuuuanans (Model Evaluation) A28 Accuracy Was ROC (Receiver
Operating Characteristic curve) Fsnnsldtayanintnanisasaaaauudivan i (MRI)

=

Hilse@nsningslunisaruunisanziiedu (Hepatocellular carcinoma) TneidAn

Accuracy ga81NN31 90% AININLTTNeL 13

Authors ML Algorithm Aim Imaging Modality Performance

Detection of tumor recurrence
based on CT volume/tumor load
Diagnostic accuracy of a

Wengi et al. [41] CNN three-phase CT protocol without CT Accuracy: 85.6% vs. 83.3%
PV vs. four-phase CT protocol

Vivanti et al. [40] CNN CT Accuracy: 86%

Diagnosis of primary liver cancers Mean DP: 44.1%, 44.2%,

Yamiadatetal. [42] NN using transfer learning <t and 43.7% ***
Hamm et al. [43] CNN Classify liver lesions MRI Accuracy: 92%
Wu et al. [44] CNN CNN model for LI-RADS grading MRI AUC: 0,95 *+**
Automated classification system Sensitivity /Specificity:
extremely randomized cataloguing liver lesions as . Y/=D v

Jansen et al. [45] MRI 80/78%, 93/93%, 84/82%,

trees classifier adenoma, cyst, hemangioma, HCC 73/56% and 62,/77%

and metastasis
Detecting and categorizing

Zhen et al. [46] CNN : MRI AUC: 0.98, 0.99, 0.96 ******
liver tumors
Analyze 18F-FDG PET-CT liver

Preis et al. [47] ANN uptake of patient at risk of PET AUC: 0.89

developing HCC

ML: machine learning; CNN: convolutional neural network; k-NN: k-nearest neighbor; SVM: support vector machine; RF: random forest;
DL: deep learning; PV: portal venous; AUC: area under the curve; DP: diagnostic performance; ANN: artificial neural network. * Results
respectively for focal liver lesion detection and focal liver lesion characterization. ** Results respectively for healthy liver, cirrhosis and HCC.
*** Results respectively by pixel shifts, rotations, and skew misalignments transfer learning methods. **** Result for differentiation between
LR-3 and LR-4/LR-5 tumors. ***** Results respectively for adenoma, cyst, hemangioma, HCC and metastasis detection. ***** Results
respectively for HCC, metastasis and other primary malignancies.

nwlszneu 17 deyananitlszAnsninasutiuanaad (Model Evaluation)

annslddaganinananisnsanauumanlwin (MRI)
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(3) UNAITNINY Ldﬁim Deep learning LI-RADS grading system based on
contrast enhanced multiphase MRI for differentiation between LR-3 and LR-4/LR-5
liver tumors (Wu meuﬁlu 71, 2020)

AT #9983 9ULLAN 9N UUNL TN NT8e LR-3 (lahunzide) waz
LR-4/ LR-5 (111N =1549) ?ﬁlqiumuﬁﬁﬂiﬂumuuﬁﬂmmLL‘1_|1_| Binary Classification 181
T9ANZLIFIAL (Hepatocellular carcinoma) Tmﬂﬁlﬁmﬂmmwmﬂmi&m@ﬂ?{mm Wwan T
(Magnetic Resonance Imaging: MRI) mmﬁwmué’ﬂwf’fwm 59 318l NWane LI-RADS
avus 89 naw MlAssinelsranniie (Convolutional Neural Network: CNN) #iilasag$na

i{lu Alexnet wazld Weight Lilu “Imagenet” Asnawilsznay 14

-

™"
Precontrast

Image

coregistration & LB 4 5 Classification with
¥ o
time point (TP) o 3 4 J Probability
selection 4

TP5 L '74‘%
Washout ‘”A‘

Convolution+RelLU

Max pooling k3s2 k3s2 k3s2

Fully connected

Dropout

k: kernel size
f: feature k7f32s3 k5f64s1 k5f128s1
s: stride step

Figure 1 The design of the DL LI-RADS grading system using contrast enhanced multiphase liver MRI. (A) The workflow of the DL-
driven LI-RADS grading system; (B) AlexNet model architecture used for CNN-based image feature extraction and classification. DL, deep

learning; LI-RADS, Liver Imaging Reporting and Data System; CNN, convolutional neural network.

nndsznay 18 Taseadraili Alexnet wazld Weight tdu “Imagenet”

ldn1sdadse@nsuasuuuananas (Model Evaluation) A28l Accuracy, Sensitivity,
Precision uaz AUC (Area under curve) Tngann1snaagail wudn n13lddaya (Dataset)
Cc2 1t Tl AnBnngegalunisaiuunlsanzi5esu (Hepatocellular carcinoma) Taaidian
Accuracy Wiy 0.90, Sensitivity 1infiL 1.0, Precision iU 0.84 uway AUC winfiu 0.95

¥

Fedaunnseainnislddadayaau Aa C1 (All 6 phases), C3 (C2 + hepatobiliary phase),
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C4 (Pre, Me, MW) a2 C2 without transfer learning tun1saf1auuuananamnaaliasedng

1lsz@miden (Convolutional Neural Network: CNN) AinTaseaFratli Alexnet wazld Weight

U “Imagenet” 1o9Adasa (Dataset) C2 i Aa An1sldiayaiies 3 szaziviniu

senaumle se81e Pre-contrast phase e lfnsldans g seay Arterial phase
= o o | P My o S S

wnnete asiuuastvasaglunasninenunsliliag luadanzuavilaitiodanan uazszes

Washout phase 131804 a19d137LLg9aananndesias sanndszney 15

Table 1 The classification performance of the CNN model using datasets acquired at different combinations of image phases

Dataset Accuracy Precision Sensitivity F1 score AUC
C1 (all 6 phases) 0.833 0.800 0.889 0.842 0.92
C2 (pre, arterial, washout) 0.900 0.835 1.0 0.909 0.95
C3 (C2 + hepatobiliary phase) 0.833 0.803 0.889 0.843 0.92
C4 (pre, me, mw) 0.789 0.814 0.756 0.780 0.91
C2 without transfer learning 0.767 0.777 0.778 0.767 0.90

pre, pre-contrast; arterial, arterial phase; washout, washout phase; me, maximum enhancement phase; mw, maximum washout phase;
CNN, convolutional neural network; AUC, area under the receiver operating characteristic curve.

A sznau 19 nasnsn1edinllssdanaaeduiianaad tneld Taseasnaitls Alexnet

uae Weight u “Imagenet”

(4) UNAITNIAELT DY Deep convolutional neural network applied to the liver
imaging reporting and data system (LI-RADS) version 2014 category classification:

a pilot study (Yamashita WAZALRL ], 2020)

1%

31U Faeni12anuntssianaad LR-1/2 (ladifunzi5e), LR-3 (A9 N1 A e

seputhunatesnfaziiunziia), LR-4 (@auideganaziiunsiie) uay LR-5 (iuuzids

o a o

wuaUAINANENEN19T9AIHAde) 299l3ANZISIAU (Hepatocellular carcinoma) $9971134e

a o

X . 4 A, sy 9 .
Hazumana9a1na1wdden 3 nyuduldnnisudTyuinuunisatuunuanslszinm
(Multi-Classification) k114 wazldn1nanenisnsaaniasslsanaeATaendsdnaNiaLnas

(Computerized Tomography Scan: CT scan) MuNA41UIU 163 31 WAZNIWAIEN1TATIA

=<

1 v
pauUHUAN AN (MRI anuaauau 151 31 Gednasldninwdnanisnsaanieisdiiagde

1 '
a dl/l’i/d

= o kY a o % 1 =
wuuthgaiugedeays C2 1099 1u34un 3 Nldaenlddayanind aiies 3 seay
v %
(Triple-phase images) tHugndayalunisafisuuuanaaslunisil (input image)
sznausiag svaynaunIsana1sNuLas (Pre-contrast phases), svaiz@nsiuuasdsasae]li

= WMy o S N P . Y =
V]@ﬂmL@'ﬂﬂLL@QVLN1®@£|NIHQQHQ3LL@$LH@Lﬂ@@@u@u”l (Arterial phases) WATTEUERINANTNU
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WAYRENANTaIiaY (Delayed phases) lagluusas LI-RADS ¥ Hanuudamya Falh LR-1/2
FauunInane 11y 89, LR-3 HA1UAUAINGNE 1AL 62, LR-4 Ha1uqunIngne
WL 65 WA LR-5 NaNuaun nane windu 98
nnsasqnuuanaadfqalasednadsra e (CNN) Mdlasagiraiu VGG16
wazld Weight 1ilu “Imagenet” in139n1se@niaasuuuanaes (Model Evaluation)
gl Accuracy waz AUROCs (The area under the receiver operating characteristic) 16AN

' [ %

Accuracy Tag13919)n LI-RADS (Overall) 1N 0.64 waz AUROCs 21849 LR-1/2 (laiiilu

1
= =

NZY), LR-3 (HAouAevszaudunataniazidunziiv), LR-4 (HAuideegenaziiu
N2139) way LR-5 (dunzifanduenainnainaignieiaditads) lulsansiiasiy
(Hepatocellular carcinoma) WAL 0.85, 0.90, 0.63 WAY 0.82 ANNANAL TIWLI1 T1UA1T
o al dl ai [~3 = a al‘) dl o Z’/

RUUN LR-4 (NanatAengenaziiungidy) Nisc@vssngaainnisaiiun LI-RADS yi9mun

AININUsEnaL 16

Confusion matrix G ROC Curves
10 I of
- 4
P 4
LI-RADS 1/2 Y 1 2 1 —f g7
8 0.8 _,T ,’,’
7’
5 URADS3{ 1 5 2 1 <
2 6 g i
= 2 06 3 #*
g 4 B e
< = /s
F U-RADS4{ 2 1 4 3 4 3 ad
£ | 7
; E 0.4 — //
d
L-RADS 51 © 2 3 20 #
I”
T T T 0 0211 1 ,#° = ROC curve of LI-RADS 172 (AUC = 0.85)
,»\'L ‘;’ ‘*)v o;" P ~— ROC curve of LI-RADS 3 (AUC = 0.90)
0" YQ YQ VQ T ROC curve of LI-RADS 4 (AUC = 0.63)
¥ 09‘ \},‘2‘ b )% ROC curve of LI-RADSS (AUC = 0.82)
% § 0.0

0.0 0.2 04 0.6 0.8 1.0

Predicted label False Positive Rate

Andseneu 20 n13dadsy@nsaasuuuanandsnalaseangilszainines (CNN)

pnalageaatlu VGG16 uazld Weight tu “Imagenet”
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AaMgALiiun1gas
lunsiselunial :ﬁ@“ﬂiﬁﬁqLﬁumﬁﬁamu%umuﬁqﬁ
3.1 NFTUIUNITNNIULTBILLLAABY (Workflows Process of Model)
3.2 nMausIusIndeya (Data Acquisition)
3.3 m?izuﬂiuﬂw%’@g@ (Data Labeling)
3.4 N19INAINAZaATRYA (Data Cleansing)
3.5 mim?w%’mg@ (Data Preprocessing)
3.6 m?zﬁﬁ?fm%’ﬂg@ (Exploratory Data Analysis: EDA)
3.7 Mauideyadnitgainaenuazgavaaay (Train-Test Split)
3.8 NNFAFNMULANABINFAWN (Classification Model)

3.9 N9 UsEANsNINa8LLLA889 (Model Evaluation)

3.1 NFEUAUNITVINULRILLUAIARY (Workflows Process of Model)

Prepare image

Select image for training model
2 Classes : HCC (Cancer), Non-HCC (Non-cancer)

TCGA-LIHC TCGA-KIRP CPTAC-PDA

Non-HCC Non-HCC Split Data

se 11 ease Scase =0
TCGA-LIHC (1,331 images) (346 images) (74 images) 5-fold cross validation
HCC (Cancer)

2o « Train =80%
(8,724 images) : Teats 0%
TCGA-KIRP  ~ D Cla: (( ), ICC (Non: )
A - 5 2 Classes : HCC (Cancer), Non-H| -cancer)
e Non-HCC (Non-cancer) 557
(From public databases) o ) Filling Almost CLAHE Finding and Extracting
%

Black Pixels the Largest Contour

CPTAC-PDA

Transfer Learning &
Non-HCC (Non-cancer) *
6

Fine-Tune Model
(3,142 images) Prepare image for create Deep learning model
. (Using Oversampling & Undersampling)

2 Classes : HCC (Cancer), Non-

TCGA-LIHC TCGA-KIRP A
HCC Non-HCC
15 case. 11 case 5 case
(900 images) (300 images) (300 images)

+ VG616
+ ResNet-50

nwdsznau 21 waAs Flowchart NI¥LANNNTAIINULILANARY

o

a1n31 Flowchart NUIUN1NINIUINEATINULLANADY NITWIUILLLAIABS

[ %

aauunnsiulsansidesunas ihidulsauzifaduainninaianiefaainads 418190
. Y .
wiNBaNIL 5 TUAAL A
a

v 1 1 1 1
dunaunnily susndayadiaeninisdinisnsaanauusiimaniuin (MRI) tne

Wan N1z na18n1naAaULUAN AN (MRD) Tusses T1 wi1su wuqdn Januqu



32

;:Iﬂqalﬁwm 30 118 TnenfugedeyadilhafidulsausiSeiuaiin Hepatocellular carcinoma
A8 TCGA-LIHC Anuawsiansa 20 918 wazilugadeyadiseiliidulsanzisaiuain
Hepatocellular carcinoma A8 TCGA-KIRP LAz CPTAC-PDA ‘-ﬁﬂmu%ﬂuum 13 718 WAL 6
978 MINATAL Mﬁ/\i@'ﬁﬂﬁuﬁﬁﬂ’]ﬁLﬁﬁ"]zﬁfLL@Zi’é\i’]ifJ@‘ﬁlﬂﬁxljﬂsluHNN@\irﬁi’N“] (Exploratory Data
Analysis : EDA)

Funauiiand 1mﬁLLW%HrLﬂuE§ﬁmLaﬂﬂﬂ’]‘wd’mﬂ'ﬁ‘ﬁﬁfmﬂ?ﬂluLLﬁimﬁﬂ'lWW'] (MRI) T

dl v o o < o 1 (3 o
eeE T1 LW@IUﬂ’]ﬁ‘Zﬁ"NLL‘].I‘LI’Q’]@@\‘]TW?"Q’]LLuﬂﬂ’]ﬁ‘Lﬂuiﬁ‘m\lzLNﬁlULL@t1NLﬂuIﬁ‘ﬂN5LNﬁIU Tnel

4 14 1
¥ o o ! o o

asfifuTiafenyAuannninesas 50 lunIndnennImsaatiu esannvndiuiedeassi
daandnieeaas 50 lUNINGNEN19IATA iﬂﬂimﬁﬂmﬂgﬁlu@f?mxﬁuﬁmzﬁmmmﬁﬂ
Aaudnannn v liRtasalaaldenn seummAseiaddinmuanaeiludnidenaindie
NMIRTaPALLEMEN N (MRI) AERUAFULANNdr3asay 50 Wi unldlunnsadng
WULAABIN1FANUUNLTZAN

founaziunisyaduiinssioadagagdnm Taaufuaneaesgdninlidauin
Wi 224 x 224 pixels L‘ﬁ'ﬂiﬁmmmuﬁwmmmgﬂiu%umumm%’wLLuuﬁmm
(Input shape) manlnAde s araiuuniasslaeldlnsaialasenasrannidies
AUl TULLLA1A891839 VGG16 WAy ResNet-50

mnﬁu LLﬂai@Hmmﬁﬂmu (Training set) Lmzi@gmmwmmu (Validation set) 1ag
418NN K-Fold Cross Validation #4r1%uaAn K A 5 (5 folds) uazldninuue
”mmu*’nmﬁmﬂmmﬁﬂmu (Training set) LL@%@HWM%M@U (Validation set) n1eluusas
g1 (Fold) 1ufasas 80 waziauay 20 Inatszuins mua1Ay "Lu%umummmﬂi’mﬂ@
(Split data)

sl Iuﬂzﬁm%gmjﬂwﬁLﬂuimuu?‘qr?TULLm“LaJLﬂuTmmL?q Fut Rdndausuan
sunmilduinmuludiaausazans Addeenuuudnnguaasdinn 2 ngulul Tnelilu
Q’ﬂqmwimmﬂsﬂqmslmﬁ (mudayaly Column : data name) Haruaugtlnrwivindu 6o g1l
LAND w%’@m%ﬂ%’mﬂﬁmm@@mﬂ?mm%’m@ (Undersampling) LL@:Lﬁuﬂ?mmﬁ’m@
(Oversampling) Lﬁ@ﬁlﬁﬁﬂmmﬂﬂqwﬁﬂwiﬂiﬁuﬂﬁﬁaé’ﬂqLLuuﬁmmﬁuﬁmqmu@@ﬁ“ﬂw}%

LTI T)

2 szinndaya Aa nqudayadihanidulsanzifsiuuas lilulsauz Sy

a a

RN 1119 sTHIAHANIN (Image Preprocessing) 184993 an1WN19824

% v
(Training data) aMndayan wias taanistsun winundsnsiualmdudaain uayld



33

a % ai dl . dl o o A ij/
WMAUAALUI Contour msmzym;m (Find the largest contour) LWfammmm@@ﬂgﬂmwuum
An et asenarslunung U masnuaANIa U89 IWINNLRN (Padding) gavineldnns
dfunawaaatnAla CLAHE (Contrast Limited Adaptive Histogram Equalization)
dl al a a Y o dgj
WALANIANI LA LB AN W T AR UNINT W

?/ dl ] v dl v o o [~3 L 1

dunaunad fadulidnnisaiaunuanassnisatuunnisniulsansiiiuuas sl
dulsanzifaiuannaindnan1eadiiadanisasanauisiuan it (MRI) daduilym
WUUNFRUUNLLIL 2 1U921nm (Binary Classification) mesgilasiiiulsauzidesiuuaslaiily
Tenuziferiy Tneldimatianssaufideandqalnsednadszaaninannaulogdu
(Deep Learning with Convolutional Neural Network) poelaseaielasadnalssa e
paulgfuLLLAIaalUL VGG1T6 WAzl ResNet-50 Tnantivdayaaanidudayasan
(Training Data) Usznnnuiaeay 80 uargndayannageal (Testing Data) Uszannufasas 20
Fanseiile nnmadeauILuL 5- Fold Cross Validation

dunaugaving azilunisifFauinaulss@nsnnaasiaseainelasanailszaim

MiaNABulgty WILANASIULL VGG16 uazulL ResNet-50

(=3 (%
3.2 N1gLNUTIUTINUBNA (Data Acquisition)
UARETUNNINENEN1IATIRPRULIUAN TN (MRI) H1ANIBATAIWNYU 32N

(Binary Classification) n1nidulsanzifesuuas ldidulsanzifeiutlszinnnisanuunisznm

aaa o

Wi 2 teziny (Binary Classification) Tanaaasnudayanintianiafs@idadaann
g1udayailn (Open database) 184 The Cancer Imaging Archive (TCIA) d1u§ugtlae
Wulsanzi5esugiia Hepatocellular carcinoma I‘f"gmﬁm;lu@ The Cancer Genome Atlas

Liver Hepatocellular Carcinoma Collection (TCGA-LIHC) (Erickson, 2016) WATANUFUNTE

duaanladidulsanziieduaiin Hepatocellular carcinoma azldgadayaauun 2 1a Aa

Q U ]

The Cancer Genome Atlas Cervical Kidney Renal Papillary Cell Carcinoma Collection
(TCGAKIRP) (Linehan, 2016) sasdayaiiaiidulsanziialn uarangadayaniaaziiy

dayagiaanidulsanzifefiudey The Clinical Proteomic Tumor Analysis Consortium

u u

Pancreatic Ductal Adenocarcinoma Collection (CPTAC-PDA) ((CPTAC), 2018)
TagaruaudayadilieisnuaEuusnanaun 229 ¢e Wugadayadiloaniiu

TsAnzI39umiia Hepatocellular carcinoma Haruaudayadilaavianun 98 18 lddasyad

a q

v

TCGA-LIHC dmsuiilaanlaiiulsanzifasiuaiin Hepatocellular carcinoma ldgndaya

a



[

TCGA-KIRP uaz CPTAC-PDA Ha1uaudayadiaeiannn 33 918 uaz 98 518 AINAIAY

v
| o

o/ dl Y o v v =
M@Q@’Wﬂﬂiﬂ‘l’]’?ﬂ’)’]&l’&%@’?ﬂ“ﬂ@ﬁ;{@LLZW LAZIARNIRNIE Iuszay T1 (Pulse sequence) INUY

a o

ANNIMG LUz a9AL899UIRE

o ZJ/ ¥ dl o ¥ 0 Aa o Z’/ dil A a o 1 Y :j/

et gadayanazinll1dnisvnaduasll Ae daruaudayadilosisunn 39 318
Tnauwdailugadayadilaenidulsanzifsduaiin Hepatocellular carcinoma A TCGA-LIHC
o i// ¥ o o Y dl 1 < o a
Auauiavde 20 9¢ uaziilugadayadiudienliidulsauzifediuatia Hepatocellular

carcinoma A8 TCGA-KIRP 1az CPTAC-PDA SNUAUYNUNA 13 318 LAT 6 $18 AMNANAL

3.3 NMs5zyszinndays (Data Labeling)

AsEa N Een1IRan AL S NI (MRI) a1ng1udeyaila (Open
database) 184 The Cancer Imaging Archive (TCIA) tneldqadaia The Cancer Genome
Atlas Liver Hepatocellular Carcinoma Collection (TCGA-LIHC), The Cancer Genome Atlas
Cervical Kidney Renal Papillary Cell Carcinoma Collection (TCGA-KIRP) ka The Clinical
Proteomic Tumor Analysis Consortium Pancreatic Ductal Adenocarcinoma Collection

(CPTAC-PDA) Taaidmiaanianizluszas T1 (Pulse sequence) wintiu Tunsszydszinm

¥

22 o rdl v o A ¥ o dqj
ayangidauazunnglsnm iinaeilunisdmaenuazscytlssinndoyansil
3.1 Tudilhanmidulsauzisesuaiia Hepatocellular carcinoma szuATLly HCC

wazgihanluiiiulsauzifeiuaiin Hepatocellular carcinoma sx1jAnLll Non HCC

3.2 WnneRznsAaaanglnntnanisasmaaauLian i (MRI) NRNWA

b4 1
= o o/ v

adeqzAuluNINNINAINFRsAY 50 1A INUINENUNaduazAutatndNfasay 50 11

nndnansngatiu o) seatsanangluedaziuaziaundnaeudiaunn vinliainisn

o
o
P2
A |
U

adalanlsunnuazldlaegluretinmnanuddeil adlaRnsiruuninaeiludnaanningae

%
= o 1

n17R799AAUWILUAN WA (MRI) THEARAURAUNINNI1Fa8aY 50 1WNTW A992@81N19D

innldlunsaiuuuaiaasnisauungiaenilulsansieiunay ldiiulsanz a6

3.4 mﬁv‘l’ﬁmﬁs\lﬂxﬂ'}m‘ﬁ'ﬂga (Data Cleansing)

@Wﬂg’]u{f@gj@ \m (Open database) 484 The Cancer Imaging Archive (TCIA)
slf’ﬁjﬁmimg@ﬁ’]mu%\mmm 3 1M lsznauAat The Cancer Genome Atlas Liver Hepatocellular
Carcinoma Collection (TCGA-LIHC), The Cancer Genome Atlas Cervical Kidney Renal

Papillary Cell Carcinoma Collection (TCGA-KIRP) LL@:qm‘ff’m A2 The Clinical Proteomic
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Tumor Analysis Consortium Pancreatic Ductal Adenocarcinoma Collection (CPTAC-PDA)
Aadanniz sz T1 (Pulse sequence) Nua2in1u TudunaudaniunngasAniaan
EZ dl 1 Yo [ 1 s 1 1 £ 1 Yo 1 o/ 1
anzgihanldimalasunisineunneu saatdnsdy decldneldiuntsdndaunnen was
UANANNRAINENEANNATIRAALBHAAN AN (MRI) 11 Aaadlunniainnsasinldldlunnsg

v

afaunuaaasld idlunnidaawiull vienuniwaesnwenaldbauldauisaldinu

16 uargaineinisniuuansinisAnaannmanan1IngaaaaLLuan WA (MRI) 196

4
o

PRS- G |y o = ° o ° °
HNUNPALUNINNINTREANS 50 INTUU @qu’/@qmq?ﬂuqﬂqimuﬂq?@?’mLLUU@’]@@\‘]ﬂW?@’WLLuﬂ

drlnedlulsansdinuasldidulsnuzasiuls

3.5 m'im%'ﬂwﬁ’aga (Data Preprocessing)
neuaztideyaldldlunisainquuudisesiu desiiuduneunistszunanann
(Image Preprocessing) Wadiuuman nneunazinldldlun1sawszisanislszunana

s '

Bu 7] 209403aN W94 (Training data) arndesan i taeladn sLsuusanIni

wdaranuaWilud mainieiun niauialdinaian1 2w Contour ﬁimﬁqm (Find the
largest contour) ilaiunsidentidnalugilnmiiisaula ﬁmmv‘ifmwﬁmﬁﬂngﬂmwﬁu
(Cropping) mﬁm‘lﬁ@gmaﬂmﬂuﬁuﬁgﬂﬁm'ﬁlﬂu LA ANT LIRS WIRFY (Padding)
wazgaialdn19dfuniwaaginatian CLAHE (Contrast Limited Adaptive Histogram

Equalization) iNgNNIANINgaz iR ATaIn W b LauNIN T

3.6 n’l‘iﬁﬁ‘mmﬁ)ﬂga (Exploratory Data Analysis: EDA)
‘wzﬁ”ﬂmnLﬁ@ﬂgﬂmwmmmﬂﬁgmmma“ni%lﬁw (MR tanzluszeay T1
(Pulse sequence) NIUAIRINTRY L AIALBINUARE ﬁfﬁmf;uﬂ’mg@@ﬂw%\mm 39 98l
TneudadugadayadihefiiulsauzSeiuaia Hepatocellular carcinoma e TCGA-LIHC
U TR 20 318 waziugadeyadimiudiedliidulseuz5aiuaia Hepatocellular
carcinoma Ae TCGAKIRP WAz CPTAC-PDA S1uawiavala 13 318 AT 6 318 AHANAL
Lﬁmjm%umum?ﬁmLﬁ@ﬂgﬂmwmml,wmﬂim”q ﬁfﬁqmuﬁﬂmﬁwm 34 3¢l
Tnedsmaunmtngnisasanauuindnlnin (MR) favsa 2,251 31 udaiflugndaya
Q’ﬂfmﬁl,ﬂu‘ﬂmmﬁq fuziia Hepatocellular carcinoma Ae TCGA-LIHC suauianua

18 318 a1uou 1,331 31 uaviugadayadniudiloanlaidulsanziiadusia
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Hepatocellular carcinoma A8 TCGA-KIRP L@y CPTAC-PDA R1UAUNIUNA 11 $18

o o

AU 346 U UAT 5 978 AU 574 §U AINATAL AanIwLsEnay 22

-Non HCC -
920 images
Patients 16 cases
(40.87%)

-HCC-
1,331 images
Patients 18 cases
(59.13%)

Awdszneu 22 ﬁﬁuquﬁmﬂ'ﬂgaﬁﬂfmﬁLﬂuiiﬂuzﬁdﬁu (Hepatocellular carcinoma : HCC)

wazfilanlaitlulsanzi3asu (Non Hepatocellular carcinoma : Non HCC)

-HCC- - Non HCC- B Hee
1,331 images (59.13%) 920 images (40.87%)
Non HCC
TCGA-LIHC TCGA-BC-4073 L 127

TCGA-BC-A3KG I 123
TCGA-BC-A10X o El
TCGA-BC-ABII . as
TCGA-BC-A110 P 2
TCGA-BC-A217 P 3s
TCGA-DD-ALEK L ES
TCGA-DD-A3A0 W
TCGA-DD-AANB N
TCGA-DD-ASNG . 22
TCGA-DD-A4NH I — 114
TCGA-G3-ATM7 75
TCGA-G3-AAVL o2
TCGA-G3-AAV2 I — s
TCGA-G3-AAV3 147
TCGA-G3-AAV7 = 152
TCGAKT-ASRF = 105
TCGA-KT-AAUT 1
TCGA-KIRP TCGA-B9-5155 18
TCGA-B9-7268 31
TCGA-B9-AJ4B 60
TCGA-DW-5561 5
TCGA-DW-7837 a
TCGA-DW-7838 a
TCGA-DW-7839 20
TCGA-DW-7841 38
TCGA-DW-7842 36
TCGA-G7-6797 72
TCGA-1Z-8196 58
CPTAC-PDA C3L-03129 137
C3L-05578 69
C3N-00302 159
C3N-00514 104
(3N-01897 105

nilseney 23 Maazidaagiaeilulsnnzi3asiu (Hepatocellular carcinoma : HCC)

wazgiloeliifulsanzi5adu (Non Hepatocellular carcinoma : Non HCC)
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3.7 MsuLNTayad NS IR naaULATIANAEAL (Train-Test Split)

WHANIUNTZUAUNIR NN AR NAINENEN1TATIAAALLN AN IR (MRI) T3
= o o o > ! Aad A o o " v

srely T1 4138 UFeeuan niansaduainaaninuneduazfuNInnInsaaas 50
dunaun1sulsdeyagainasy (Training set) uazdayatannaol (Validation set) az'ld
UANN19989 K-Fold Cross Validation nMuuaA1 K winriu 5 (5 folds) uaslidndauaesdaya
ﬁ;m'ﬁlﬂmu (Training set) Lmz%’mgwqmmmu (Validation set) n1alunmAaz @914 (Fold)
9 [ o a dl @ = @ o |
ufasay 80 uazferas 20 lnglszunn muasu wesanngihanidulsauziieiuuayly

@ o :j/ A o ] o dl o e v ' =< ¥ o
Wulsauzifamusiu mmmummugﬂmwmiuwnnuiugﬂwLLmziw "Nllﬁ@‘ﬂﬂLL‘LI‘LI N7/

4
% a

nangioans 2 nguluad Inediaausazsagaluiil Aremalianisandiuiudays
(Undersampling) waztinisunaudaya (Oversampling) twatidunisdsuianuauginan
Wiy 60 giane nANaNaaiutesteyaglnniinllldluntsaiauuudiaeeisly

1 ¥ v dl © o I - [
ngudayadilaemiulsanziieiuuar didulsanzidesiu Asnmisznew 22 uay 23

data name patient_id ffimage |patient_id Himage [#total image |operation Hselected image

Hee o TCGA-BC-A110 29|TCGA-DD-AING 23 52foversampling 60 Fold1 PFold2 [[Fold3 [[Fold4 [[FoldS

HCC 1 TCGA-BC-AT0K 30 TCGA-DO-AQNE 7 37 foversampling 60

HCC 2 TCGA-BC-AZ1T 35 [TCGA-DD-AZAD 4 30 foversampling ]

HCC 3 TCGA-DD-A1EK 35 60)

HCC 4 60

HCC_5 0|

HCC 6 60

HCC T 60|

HCC 8 60|

HCC 9 118 114 undersampling 60|

HCC 10 119 119 undersampling 60

HCe_11 123 123 |undersampling 60

HCC 12 60|

Train =720

SO Y Test =180

152 152 Jundersampling 60|

HCC 13

HCC_14

1 Oversampling Undersampling

nidsenau 24 Msdpnguiihausazaaludlunguiilaenidulsanziiasu

(Hepatocellular carcinoma : HCC)



Note: 38-220 mears salact 28 from 36,

Undersampling [ Select all

nilsznay 25 nsdangugiawsiazse i unguithenliidulsauzifesiu

(Non Hepatocellular carcinoma : Non HCC)

3.8 N1FASIILLUAINBINISALUN (Classification Model)

38

data name |patient_id  #image [patient_id  |Mimage |patient id | #image |#total image |operation #selected image
non_HCCO |C3L-03129 137] undersampling 60| Foid1 WMoz Weolas Prods Nrolds
non_HCC1 |C3L05578 652 undersampling 60| |
non_HCC2 |C3 undersampling 60) [
non_HCC3 |C3 60 =
nan_HCC4 60 =
non_HCCS [TCG TCGA-BY-T268 undersampling 0
non_HCCe 4 undersampling 60| =
non HOCT [TCGAIZ8196 58538 [T 4 undersampling 60
non_HCC8 60 select all I 60) =
nan_HCCH 72 undersampling 0 Train = 480
B | Test =120

AAUUININENLNITATIAAAULN AN IR (MRI) 11l N3 RN g e 1L LR a 891l

v ' o v , ! = v v 1
%mmmum:mumiﬂ?wm@mw (Image Augmentahon) nau LW@@‘E"N?.I@?;I}@Q’WWELMN

¥ dld 1 1 dl a ¥ 1 N dl @
andayaninniagine i aauulasatiadoyanesnin (du nwaesdilendulsanzs

o o

¥

a & o vl o Y a
ﬂﬂmulu@ﬂquﬂq?mmqﬂ °'| Iﬂﬂiﬁﬂﬂq?ﬂiumﬂﬂﬂ]@gﬂﬂqw@"JﬂL‘Vlﬂuﬂ FINATITIN 1

o Y ¥ a ' 1 o g o
AT 1 l;‘l’W?’]\iﬂ’]i‘ﬂi‘U‘ll‘ﬂH@gﬂﬂWWﬁ’mLVIﬂuﬁ[ﬂ’N ] ﬂ‘ﬂuu’ﬂﬂi‘ﬂuﬂ’]ﬁ‘@ﬁ"mLL‘].I‘].I'Q’]@@\‘]

pufdeaadugiaelsnuzidaiumiain) uiinliuuusiaesanunsaBeuiuazyinuielas

WALA

AN b

Rotation_range

= ] 1 a
Hnnsuyunn e ugaglaifiv 25 a9

Width_shift_range

An171aaun INg1e-191 1A LAY 10% 1B4ANNATI9URININ

Height_shift_range

= dl { 1 a
Nmﬁ‘l,mumwuu—m\ﬂﬁlm U 10% AAIAINHGIUDINTIN

Shear_range

al al 1 I a
Fnadaaninleludaeluinu 10 8960

Zoom_range

= ¥ A a
fnsgudvizenuesnnnlalaiinu 10%

Horizontal_flip

AN1IWANAINANHNLUILAL (F1E-177) WAKTUAANI9MTITNH

Brightness_range

An3U5uANaT eI WL 0.5 - 1.0

Fill_mode

2

a = dl 1 o dl oAl
WNAWNINS A ragannnlasuulas 1agl473 'nearest'

YA v Aﬂld 1 ¥ a
sazldAnfiniga lnatassnNag ludayanniss

XD
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a K v

nsafauuuaIaeen1sreuiiEeandaslassdnadszaninennaulogdu

(Deep Learning with Convolutional Neural Network) n1 9 arkundszinn ( Binary

v
o aaa o o

Classification) aa9n191lulsanzidaiunaz ldiiulsanzidafuainainnie5a@datase du
al v 1 a % o dl ij/ A
Hlazeafnlasetnadszamminannauligiuiuuanassiieaula v 2 dszinn pa

VGG16 LAz ResNet-50 Taelaiin1sdfulaseafrauuuanans uazAainislines

o

(Parameters) #N4 iy lunnsHnaaulLLaNaed aanduiaunn 4 AANIINANDN (Version) il
3.8.1 NSAINULUINARIAILDANDINN VGG16 Version 1
NM3AFNULLANADY VGG 16 Tuganisnaaasasud 1 (Version 1) # ldnnsiaan

LUUANABIAULLY (Pre-trained Model) wazyiin1sdfuduidonTasuuuanysal

v
o v

(Fully-Connected Layer) dugaving Iiimaziuanunisanuundszinniuy 2 18a (Binary

val o

classification) TaeitlFul#Ha1uaw Neuron = 1 uaziaenWaidun19nsHu (Activation

function) 111 Sigmoid WiaNTIINN1TNNMUART Hyperparameter AN 7] AIAN374 2

AN 2 MFNUAAIATNIINHIREFHNG ] AldTun1saineuuLanaes VGG16 Version 1

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

VGG16 model with Pre-train layer

Flatten Layer (None, 25088)
Fully connected Layer 1 (None, 4096)
Fully connected Layer 2 (None, 4096)
Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001

Epoch 30

Batch size 64

3.8.2 NMFASIULAINRDIAILAANDINN VGG16 Version 2
N3R5 NULLANADY VGG 16 Tuganisnaaasansud 2 (Version 2) § ldnnsiaan

v [l
WULANABA UL (Pre-trained Model) tnilaulan viantsifududanlaosuuuanysnd
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(Fully-Connected Layer) %uzgmﬁmiﬁmmzﬁmmmﬁqLLuﬂﬂizmmLm'u 2 94m
(Binary classification) Iagil§ilHAa w9 Neuron = 1 uaziaanieridunisnazsu (Activation
function) 111 Sigmoid WANLSUARANWIN Neural network AAAIANNALTLAL AN L
4,096 Iu%m%mﬂmuummai%uﬁ 1 (Fully connected Layer 1) LL@S%W?II 2 (Fully
connected Layer 2) U5Uanadnan 256 WAL 128 AINAIAUAIWDATUNITAINUAAN

Hyperparameter 14 ) ANAT19 3

AN 3 ANTNUAAIATNITHRaTFNG 7] Al TuntsaF1auuLa1aes VGG 16 Version 2

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

VGG16 model with Pre-train layer

Flatten Layer (None, 25088)
Fully connected Layer 1 (None, 256)
Fully connected Layer 2 (None, 128)
Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001

Epoch 30

Batch size 64

3.8.3 NSASNLULANADIAILDANDINN VGG16 Version 3

'
o A

¥
NNIATNULLANADY VGG16 Tuganismaaesanaui 3 (Version 3) I 1aeiuuii

v
o

TAsaa¥19unann VGG16 Version 2 wilnstfuilasunseduimenlaqunuanysnldud 1
(Fully connected Layer 1) WATTUR 2 (Fully connected Layer 2) 1Ran191 Neural network
o o Y . v v o v
ALLAN A8 4,096 winuualiidunisdnaeuludlneianiziasluie 2 Full lnan1ssemn
4 e 4 A , d . .
wenleuLuaNysaddun 1 uardun 2 Uiy trainable = True Unu AsnaazLnITNIUUAAY

Hyperparameter A4 ] A4AN34 4
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AN 4 FNINUAAIATNIHRaTFN 7] Al TuntsaF1auuLa1aes VGG16 Version 3

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

VGG16 model with Pre-train layer

Flatten Layer (None, 25088)

Fully connected Layer 1 (None, 4096)

(Trainable = True)

Fully connected Layer 2 (None, 4096)

(Trainable = True)

Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001
Epoch 30

Batch size 64

3.8.4 NNFASIULUIIRDINLDANDINN VGG16 Version 4

N1 NMLLANADY VGG16 1wqmma*v1mmdﬁuﬁ 4 (Version 4) d1¥nnden
WULUANABIAULL LY (Pre-trained Model) LA TN d Flatten Layer 88N waa 4
%uGlobalAveragePoolingzD Uni ﬂ%”u%uﬁ@mimwmwmi(Fully-Connected Layer)
%] Neuron WAy 256 iiadu BatchNormalization Lﬁu%uﬂ\m’ﬁumim‘zﬁu (Activation
function) ARaAlu ReLU iidu Dropout RAWAL 0.5 @‘mﬁw%uﬁ@uimuumugmi
(Fully-Connected Layer) dsul#ivunziusnunigaruundszinnuuy 2 48n (Binary
classification) Tne/lilianuan Neuron = 1 uazidanieriduniansedu (Activation function)

i Sigmoid AdLAn AsaNnsnaginisinuuaAl Hyperparameter 14 < 18#9n1314 5

MN314 5 ANTNUAAIAINITHLARTHN 7] Al lun17859UUU 889 VGG16 Version 4

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

VGG16 model with Pre-train layer




A19149 5 (FiB)
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Layer (type)

Output Shape

GlobalAveragePooling2D (None, 512)
Fully connected Layer 1 (None, 256)
BatchNormalization (None, 256)
Activation Function RelLU
Dropout (0.5) (None, 256)
Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001
Epoch 30

Batch size 64

3.8.5 NSRS INLULANADIAILAANDINN ResNet-50 Version 1

1 14
NNIATNULLANA89 ResNet-50 Tugan1snaaasa1fun 1 (Version 1) @ 1dns

LABNULUAIABIAUULL (Pre-trained Model) uazyinnistiuduaanlosuuuanysnd

(Fully-Connected Layer) Fugavinaliiunziusiunisaaiundszinnuuy 2 4¥ia (Binary

q

classification) TaatlfulHda U Neuron = 1 WazIaaNWIRGUN1TNTZHU (Activation

v
'

function) 1{lu Sigmoid WiaNIRN1TINMUART Hyperparameter A< 7] AIAN374 6

A1314 6 ANTNUAAIAINITIHLARTHN 7] Al lun172519UUU91889 ResNet50 Version 1

Layer (type)

Output Shape

input_1 (Input Layer)

(None, 224, 224, 3)

ResNet50 model with Pre-train layer

Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001
Epoch 30

Batch size 64
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3.8.6 NMFASNLULAINABIAILAANDS NN ResNet-50 Version 2
N134519UU141899 ResNet-50 lutgan1smaaadanaud 2 (Version 2) @ 1dn1s

IABNLLULANASAUILL (Pre-trained Model) widlawian Mnnsdfududanlasuunanysnl

v
o

(Fully-Connected Layer) Tugaina IimunzAiuanunisawundszinnuuy 2 98in (Binary
classification) Taetl§ul#HA 119w Neuron = 1 uaziaanWafdun1snszfu (Activation
function) 11114 Sigmoid ﬁﬂf]imﬂlu%uﬁ@mimLmumumtﬁ%uﬁ 1 (Fully connected Layer 1)
LAz 2 (Fully connected Layer 2) Iaaiian191 Neuron Wi 256 BaL 128 ANNAIAL

AInaagUnIsfnunen Hyperparameter 59 | AIAN9N 7

AN 7 ANFNUAAIAINIINHRME TN ] Nl TunasaieuuLsnaed ResNet50 Version 2

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

ResNet50 model with Pre-train layer

Flatten Layer (None, 100352)
Fully connected Layer 1 (None, 256)
Fully connected Layer 2 (None, 128)
Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam

Learning rate 0.0001

Epoch 30

Batch size 64

3.8.7 N1SASLULANRDINIADANAINN ResNet-50 Version 3
LU1UA1899 ResNet-50 1ANTTNAARIA1AUT 3 (Version 3) ARalATIaiis
ResNet50 Version 2 wsiilnsdfuduianlasuuuanysnidui 1 (Fully connected Layer 1)
?/ dl v o 1 o 1 0 v
WazduN 2 (Fully connected Layer 2) ldanuau Neuron Nl 512 WAL 256 WANTYWUA LY
. AN £2 g v 4 ox
dunsilnaauludineianizluns 2 duil Tnassan manlasuuuanysnldui 1 uazdun 2 o

{lu trainable = True uaz1n Flatten Layer 280 AsWaagln1snmuaA1s1g < AIn1319 8
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AN 8 FNTNUAAIATNNIIHResFNg 7] Nl Tun1saF1eunLANae ResNet50 Version 3

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

ResNet50 model with Pre-train layer

Fully connected Layer 1 (None, 512)

(Trainable = True)

Fully connected Layer 2 (None, 256)

(Trainable = True)

Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001
Epoch 30

Batch size 64

3.8.8 N1SASINLULANRDINILDANAINN ResNet-50 Version 4

N138579UULAa8Y ResNet-50 Tugan1snnaada1dum 4 (Version 4) 1 ldn1s

v
o

WABNLULANABIAULLL (Pre-trained Model) fl1zﬁ‘%uGlobalAveragePoolingZD 1 Fuf
Faules wuuanysn (Fully-Connected Layer) 19WH Neuron tvinfiu 256 A uduy
BatchNormalization Lﬁu%uﬁqrﬁumﬁmzﬁ:u (Activation function) fideAndu ReLU iiadi
Dropout #A1LMNAY 0.5 LL@:@mﬁﬁﬂ%uL%ﬂmTﬂqLLuummgmf (Fully-Connected Layer)
%uzgmﬁw‘lﬁmmzﬁmmmﬁﬁLLuﬂﬂﬁzm‘wLL‘1_|‘1_| 2 93m (Binary classification) ImeiLl5ul#n
a1u21 Neuron = 1 LAZLABNRIAGUN13NIZHW (Activation function) 111 Sigmoid AdLAN

AaunInagLnisinuunaAl Hyperparameter g ) lAAam1974 9

MN314 9 ANTNUAAIANITIHLARTHN 7] Al lun178 519101889 ResNet50 Version 4

Layer (type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

ResNet50 model with Pre-train layer

GlobalAveragePooling2D (None, 2048)
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45

Layer (type)

Output Shape

Fully connected Layer 1 (None, 256)
BatchNormalization (None, 256)
Activation Function RelLU
Dropout (0.5) (None, 256)
Dense Layer (None, 1)
Activation Function Sigmoid
Optimizers Adam
Learning rate 0.0001
Epoch 30

Batch size 64

3.9 N199AUsEANENNARILLLINAAY (Model Evaluation)

ULUUsIaee LA luwsazgaAnImaaes (Version) 1asinsaainelnseanetlszann

v
WenAaulgiuLLLA1a09IuNA 2 Usslnn Aa VGG16 uay ResNet-50 1IMARaLITLYA

o

fayanndan AnduiILuLa

=

Confusion Matrix TNHA9UNA 4 A

4
1 pail Accuracy, Precision, Recall Lag F1-score

Maa9anNaN UL Ul s ANS A n IagNaT U Fae



UNN 4

NANITALUEUINUIRE

MATE R U a3 uILS ae9n Ta wunlsE LAY (Binary Classification)
maflulsanziediuuas llidulsanzifaduainnmneis@itads taeldinatinnnsBausia
andaelassireilszamiienneulagdu wazieliaunsnidenlanaelassnedszam
FenpeulagiuluLSIaeduIL VGGT6 wazuLL ResNet-50 Aflaz@nanmlunissnuun

szinnls Insnan1maaesaddstazilivaaniiy 2 491 Usznavusoel

4.1 wan1silszsiiuilssANENMWLLLAIARIMLAANas N VGG16

AN 4 TANANIINANBIANLFANDINN VGG16 T wudn ileRansnin
ﬂi:%‘w%mwmmLLuuﬁmmoﬁ’qmw%s{Accuracy17{34;@Lﬁuﬁl‘mfﬂ“ﬁmmmmﬁq@mﬁ
wULsaestunEgnARaNn 3891 Accuracy anannlitferazld VGG16 Version 2
‘17; 0.63 VGG16 Version 3 ‘1'7; 0.59 VGG16 Version 4 17; 0.58 WAz VGG16 Version 1 ‘ﬁl 0.54

AIBINTN 10

AN3719 10 AT NBAANLITEANTNINNITINULNTDILLLANAD VGG16 WAAL Version

VGG16 Version Accuracy Precision Recall F1-score
1 0.54 0.53 0.53 0.53
2 0.63 0.61 0.59 0.58
3 0.59 0.59 0.59 0.57
4 0.58 0.59 0.59 0.57

Seifeuifiauuaniamanes VGG1s Tuusiay Version uazmnudayausiazdoud
Lianislnaeunaznaaeudaya (Fold) muni1sdndsz@nsrequuuananidng
Confusion Matrix A8 A191941A0ylun199mAINE NNT0989 machine learning lung
wAeyun classification w%’@m%mﬂmv@ﬂwﬁLm'}w‘mm?ﬁﬂmmmuﬁmm
(Learning Curve) Tmﬂmﬁmmma‘ﬁ?ﬂuiﬂmiumeqﬂiﬂsﬂ@ﬁﬂmu (Training Dataset) Lhag

¥ o

v
ayanAdaL (Validation Dataset) azlAuaans Asil
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0.8

0.6

0.4

0.2

0.0
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4.1.1 Confusion Matrix ez Learning Curve wiia1aad VGG16 Version 1

Confusion Matrix

True labels
HCC

non HCC

HCC

Predicted labels

- 60

- 50

non_HCC

NNlszna 26 Confusion Matrix ki1A1a89 VGG16 Version 1 fold 1

Fold1: Training and Validation Loss

Fold1: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

1.0

0.8

0.6

0.4

0.2

0.0

—— Training Accuracy
—— Validation Accuracy

Epoch

Epoch

nwisznau 27 Learning Curve WULANa8ed VGG16 Version 1 fold 1



Loss

10

0.8 1

0.6

0.4

0.2

0.0

48

Confusion Matrix

120

110

100

HCC

20

80

True labels

-70

- 60

non_HCC

HCC non_HCC
Predicted labels

NINL3znai 28 Confusion Matrix ki1a1aa9 VGG16 Version 1 fold 2

Fold2: Training and Validation Loss Fold2: Training and Validation Accuracy
1.0
—— Training Loss —— Training Accuracy
——— Validation Loss ~——— Validation Accuracy
0.8
———
0.6
>
9
e
3
<
0.4
0.2
0.0 T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwisenau 29 Learning Curve WULA1ae9 VGG16 Version 1 fold 2



Loss.

1.0

0.8

0.6 1

0.4+

0.2+

0.0

Confusion Matrix

49

120
110
o] 57
T
100
1 0
[/
E=]
o
S
= - 80
o] -70
o
T, - 73 47
g
-60
- 50
| |
HCC non_HCC
Predicted labels
nnileznau 30 Confusion Matrix tLLANaa9 VGG16 Version 1 fold 3
Fold3: Training and Validation Loss 0 Fold3: Training and Validation Accuracy
—— Training Loss ’ —— Training Accuracy
Validation Loss Validation Accuracy
0.8
0.6
g
0.4
0.2
. 0.0 T
5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwisznau 31 Learning Curve WULR1a89 VGG16 Version 1 fold 3



Loss

Confusion Matrix

HCC

50

n
1]
=
o
1]
2
',_
-50
]
(=]
II
o
2 - 40
-30
|
HCC non_HCC
Predicted labels
nnileenau 32 Confusion Matrix LL1ANaa9 VGG16 Version 1 fold 4
Fold4: Training and Validation Loss o Fold4: Training and Validation Accuracy
i —— Training Accuracy
Validation Accuracy
0.8 4
0.6 1
g
0.4 4
0.2 4
—— Training Loss
Validation Loss
T T . . T : T 0.0 1— T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwisznau 33 Learning Curve WULRNa89 VGG16 Version 1 fold 4



Loss

1.0

0.8 q

0.6

0.4 4

0.2 4

0.0

51

Confusion Matrix

HCC

True labels

61

non_HCC
1

i
HCC

Predicted labels

-70
59
-65
- 60
i
non_HCC

NNLlsznau 34 Confusion Matrix kl1A1a89 VGG16 Version 1 fold 5

Fold5: Training and Validation Loss

Fold5: Training and Validation Accuracy

1.0
—— Training Accuracy
N\/W —— Validation Accuracy
0.8 4
0.6 1
>,
9
e
3
o
kS \\v,«\v,"ﬂ\\<ﬁ\\//\\______\_\\///,/f-—x\_._»—kw\y_i\’,\\’,
0.4 4
0.2+
—— Training Loss
—— Validation Loss
0.0

T T T T T T
0 5 10 15 20 25
Epoch

Epoch

nwisenau 35 Learning Curve WULR1aed VGG16 Version 1 fold 5



Loss

3.0

2.51

2.01

0.54

0.0

4.1.2 Confusion Matrix L&z Learning Curve wuia1aad VGG16 Version 2
Confusion Matrix

52

120
o 44
T
100
n
]
¥=]
;
F]
2
}_
- 80
[ ]
[
I - 76 44
=
g - 60
| |
HCC non_HCC
Predicted labels
nwilsenau 36 Confusion Matrix LL1A1a83 VGG 16 Version 2 fold 1
Fold1: Training and Validation Loss a0 Fold1: Training and Validation Accuracy
—— Training Loss . —— Training Accuracy
Validation Loss Validation Accuracy
2.5
2.0
; 15
2
1.0 /_,f
0.5
T . 0.0 .
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwisznau 37 Learning Curve WULANa8ed VGG16 Version 2 fold 1



Loss

3.0

2.5

2.0

154

1.0 4

0.5 4

0.0

True labels

HCC

non_HCC

Confusion Matrix

140

32 120

100

- 80

- 58 62 60

- 40

1 1
HCC non_HCC
Predicted labels

N Nszneau 38 Confusion Matrix klLaNa8d VGG16 Version 2 fold 2

Fold2: Training and Validation Loss Fold2: Training and Validation Accuracy

53

3.0
—— Training Loss —— Training Accuracy

Validation Loss Validation Accuracy

2.5

2.0 1

154

Accuracy

1.0 4

0.5

0.0

Epoch Epoch

nwisznau 39 Learning Curve WULA1a8e9 VGG16 Version 2 fold 2

T
30



Loss

3.0

2.5

2.01

1.5+

1.0 1

0.5 4

0.0

54
Confusion Matrix
110
100
o 70
X
90
]
v
=
o - 80
[it]
2
',_
-70
(]
(]
I - 50 70
=
2
- 60
I i -50
HCcC non_HCC
Predicted labels
nwdgznau 40 Confusion Matrix WULANaa9 VGG16 Version 2 fold 3
Fold3: Training and Validation Loss 10 Fold3: Training and Validation Accuracy
—— Training Loss ) —— Training Accuracy
Validation Loss Validation Accuracy
2.5 4
2.0
; 1.5 4
S
1.0 r_,_
0.5
, . . 0.0 . :
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

N wsenau 41 Learning Curve WULANa8ed VGG16 Version 2 fold 3



Loss

3.0

2.54

2.04

1.5

1.0+

0.5+

0.0

55

Confusion Matrix

160
140
§ 18
120
n 100
¥
s
B
[1H]
=
- -80
]
i B 60
I- 81 39
=
2
- 40
\ \ -20
HCC non_HCC
Predicted labels
nwdgznau 42 Confusion Matrix WUUANaad VGG16 Version 2 fold 4
Fold4: Training and Validation Loss 10 Fold4: Training and Validation Accuracy
—— Training Loss ) —— Training Accuracy
Validation Loss Validation Accuracy
2.5
2.0
; 154
£
1.0 4 /,
0.5
T 0.0 41—
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

N wisenau 43 Learning Curve WLLANaas VGG16 Version 2 fold 4



Loss

3.0

2.59

2.0

1.5+

1.0 4

0.5 1

0.0

56

Confusion Matrix

True labels
HCC

non_HCC

HCC

Predicted labels

140
120
36
100
80
- 60
25
- 40
I
non_HCC

NNLlsznau 44 Confusion Matrix kl1A1a89 VGG16 Version 2 fold 5

Fold5: Training and Validation Loss

Fold5: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.01

154

1.0

0.5 -

0.0

—— Training Accuracy
—— Validation Accuracy

Epoch

nweenau 45 Learning Curve WULR1aed VGG16 Version 2 fold 5



3.0

2.59

2.04

v
1.5

1.0+

0.5

0.0

True labels

57

4.1.3 Confusion Matrix Waz Learning Curve LuUa1a89 VGG16 Version 3

Confusion Matrix

HCC

non_HCC

HCC

Predicted labels

110

100

90

80

- 70

- 60

non_HCC

NNsznau 46 Confusion Matrix kiUA1a8d VGG16 Version 3 fold 1

Fold1: Training and Validation Loss

Fold1: Training and Validation Accuracy

3.0
—— Training Loss —— Training Accuracy
—— Validation Loss —— Validation Accuracy
254
2.0+
>
o
c
5 154
o
2
1.0 ﬁ
os | /\W
T T 0.0 T T
o 5 10 15 20 25 30 o 5 10 15 20 25 30
Epoch Epoch

nwleenau 47 Learning Curve WULA1a89 VGG16 Version 3 fold 1



Loss

3.0

2.51

2.01

1.5

1.0

0.5+

0.0

Confusion Matrix

HCC

True labels

SE

non_HCC
|

I
HCC

Predicted labels

58

140
120
38
100
- 80
67
- 60
: - 40
non_HCC

nNilsnau 48 Confusion Matrix kiLaNaad VGG16 Version 3 fold 2

Fold2: Training and Validation Loss

Fold2: Training and Validation Accuracy

—— Training Loss
Validation Loss

Accuracy

3.0

2.5

2.0

1.5 4

1.0 4

0.5 4

—— Training Accuracy
Validation Accuracy

Epoch

0.0

Epoch

nwsznau 49 Learning Curve WULANa89 VGG16 Version 3 fold 2



Loss

3.0

2.54

2.04

1.5

1.0

0.5

0.0

Confusion Matrix

59

120
110
8 100
T
90
L]
2
o 80
[F]
2
=
-70
o
3 - 60
=
2
-50
- 40
|
HCC non_HCC
Predicted labels
A ilsznay 50 Confusion Matrix LUA1aa9 VGG16 Version 3 fold 3
Fold3: Training and Validation Loss 20 Fold3: Training and Validation Accuracy
—— Training Loss . —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2.5
2.0
g 1.5
LS
1.0 4 /ﬁ
0.5
; 7 7 - 0.0 T
0 5 10 15 20 25 0 5 10 15 20 25 30
Epoch Epoch

nwieenau 51 Learning Curve WULA1ae9 VGG16 Version 3 fold 3




Loss

3.0

2.5

2.0

154

1.0 4

0.5 4

0.0

True labels

Confusion Matrix

g- 27
.
J
o
T- 21
=
2
i
HCC

Predicted labels

non_HCC

60

- 60

NNszneai 52 Confusion Matrix kl1UAa8d VGG16 Version 3 fold 4

Fold4: Training and Validation Loss

Fold4: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.04

1.5

1.0

0.5

—— Training Accuracy
—— Validation Accuracy

Epoch

0.0

15
Epoch

T T T
20 25 30

nwieznau 53 Learning Curve WULA1ae9 VGG16 Version 3 fold 4



True labels

HCC

non_HCC

Confusion Matrix

1 76

i
HCC

Predicted labels

61

110

100
69

90

- 80

- 70

- 50

i
non_HCC

NNLlsEneas 54 Confusion Matrix kULANa8d VGG16 Version 3 fold 5

Fold5: Training and Validation Loss

Fold5: Training and Validation Accuracy

3.0 3.0
—— Training Accuracy
Validation Accuracy
2.5 2.5
2.09 2.0 A
>
9
@
w154 5 15+
¥
2
10+ 1.04 /'
0.5+ 0.5
—— Training Loss
Vvalidation Loss
0.0 T T T T y T T 0.0 T T
[} 5 10 15 20 25 30 5 10 15 20 25 30
Epoch Epoch

nwisznau 55 Learning Curve WULRNa8e9 VGG16 Version 3 fold 5



3.0

2.59

2.09

104

0.5 4

0.0

62

4.1.4 Confusion Matrix Waz Learning Curve LULA1a89 VGG16 Version 4
Confusion Matrix

]
]
I
Ln
18}
o
o
18}
=
=
- 60
o
=]
II
g
-50
Hcc non_HCC
Predicted labels
N wilsznay 56 Confusion Matrix WLLANA89 VGG16 Version 4 fold 1
Fold1: Training and Validation Loss 10 Fold1: Training and Validation Accuracy
—— Training Loss ) —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2.5
2.0
; 15
2
1.0 A
05 W
0.0 1—
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

nwisenau 57 Learning Curve WULA1a89 VGG16 Version 4 fold 1



Loss

3.0

2.59

2.0

1.5+

1.0+

0.5 +

0.0

63

Confusion Matrix

120
100
80

3 60
I
1
L)
=
o
[i¥]
2
= - 60
[
=]
I - 18
s - 40
g
| -20
HCC non_HCC
Predicted labels
nnlsznau 58 Confusion Matrix WLLANa89 VGG16 Version 4 fold 2
Fold2: Training and Validation Loss a0 Fold2: Training and Validation Accuracy
—— Training Loss ) —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2,54
2.0+
g 1.5
2
1.0
| fW
T . : : T T 0.0 1— T : T . T
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

nwisznau 59 Learning Curve WULRNa8d VGG16 Version 4 fold 2



Loss

3.0

2.54

2.04

1.5

1.0+

0.5

0.0

64

Confusion Matrix

100
90
]
=]
I 80
70
- 60
- 50
- 24
- 40
-30
i

n
[7]
o
m
i
2
=
]
[
I
c
2
Hcc non_HCC
Predicted labels
nlaznal 60 Confusion Matrix WLLANA89 VGG16 Version 4 fold 3
Fold3: Training and Validation Loss 10 Fold3: Training and Validation Accuracy
—— Training Loss ) —— Training Accuracy
—— Vvalidation Loss —— Validation Accuracy
2.5
2.0
; 154
S
1.0 4
)W W
T . ; T . 00l ' T . ’
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

nwisenau 61 Learning Curve WULRa89 VGG16 Version 4 fold 3



Loss

3.0

2.5

2.0

154

1.0

0.5

0.0

True labels

65

Confusion Matrix

o - 43
I
[
w
T- 33
c
g
|
HCC

Predicted labels

120

100

80

- 60

non_HCC

ANLleznau 62 Confusion Matrix kl1A1a89 VGG16 Version 4 fold 4

Fold4: Training and Validation Loss

Fold4: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.51

2.0

154

1.0

0.5 4

0.0

—— Training Accuracy
—— Validation Accuracy

Epoch

Epoch

nwieenau 63 Learning Curve WULA1aes VGG16 Version 4 fold 4



Loss

3.0

2.59

2.01

1.5

1.0 q

0.5

0.0

True labels

66

Confusion Matrix

100

20

HCC

80

70

-60

non_HCC

1
HCC non_HCC
Predicted labels

ANLeEna 64 Confusion Matrix kl1A1a89 VGG16 Version 4 fold 5

Fold5: Training and Validation Loss Fold5: Training and Validation Accuracy

3.0
—— Training Loss —— Training Accuracy
—— Validation Loss —— validation Accuracy
2.5 4
2.0 A
>
G
c
515
o
B
1.0
0.5 4 C:WM;M
T T T T T 0.0 T T T T T T
20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

nwisznau 65 Learning Curve WULRNa8d VGG16 Version 4 fold 5
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wanaINuiileTaufsuAINN19¥1 Cross Validation taein1sgusaeeng
(Resampling) nsuiiadagaaanidunguuans o ngu (7andq folds 3eluninuunlid
ANINAY 5 (5 folds) tFaaannunntildeaa A Accuracy Lade A fold 2 498A 71 0.71

a q

fold 371 0.63 fold 1 71 0.60 fold 57 0.51 LAY fold 4 N1 0.48 AIANTIY 11

F1979 11 A9 fBaUWieuAn Accuracy Watusay fold 103aT89UUUANa89 VGG16

Fold No. A1 Accuracy L'ﬂgﬂ
1 0.60
2 0.71
3 0.63
4 0.48
5 0.51
VGG16 Version 1 2 3 4
AVG Accuracy 0.54 0.63 0.59
Version Fold No. Average Accuracy VGG16 Version by folds

1

[

||‘|“|‘|“‘

w
no s W N Bl R W N B B W N BT B W N

8

nilszney e6 agtluanistsziiiuilszAnBnnuiuanaeeafanes NN VGG 16
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4.2 uan1sulsziiiudssAnsninuuudnaaInleaanasin ResNet-50

ANTINNA 4 GAKANIINAABIAILEANDTNN ResNet-50 1 Wudn LHaNAN9TUN
UseANTNINIDIULLA1ABIAELNNING Accuracy N 9L UITaARINAIUTR AN
d‘ o o ¥ ij/ = ' ¥ 4 .
NULLANABYINUNAYNFRIYIaNNA FeA1 Accuracy anun hiltagaz]s ResNet-50 Version
2 1 0.69 ResNet-50 Version 4 #1 0.66 ResNet-50 Version 3 71 0.64 uaz ResNet-50 Version

19 0.63 AIANTG 12

AN379 12 ANTNBAANLITEANTNINNITINWINTBIMLLIANADd ResNet-50 wAag Version

ResNet-50 Version Accuracy Precision Recall F1-score
1 0.63 0.62 0.62 0.61
2 0.69 0.68 0.68 0.68
3 0.64 0.63 0.63 0.62
4 0.66 0.65 0.65 0.65

el Feueunan1imaaed ResNet-50 luusiaz Version uazanndayausazdou
Mudenisinaenuaznagaeudaya (Fold) muni19dntlsc@nsaesuuuaiaadsos
Confusion Matrix W¥auiagnsWn19iLAszinan1sinaauuiua1aas (Learning Curve)

TaenisdananisGaufaaslunaaindayainasy (Training Dataset) wardayannasy

a

o

(Validation Dataset) azlsHagNs fail



Loss

3.0

2.5

2.0

1.5

1.0 4

0.5

0.0

69

4.2.1 Confusion Matrix Waz Learning Curve LLULA1a84 ResNet-50 Version 1

Confusion Matrix

True labels
HCC

non_HCC

|
HCC

Predicted labels

120

110

100

non_HCC

N Nszneas 67 Confusion Matrix ki1a1a89 ResNet-50 Version 1 fold 1

Fold1: Training and Validation Loss

Fold1: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

\&

Accuracy

3.0

2.5 1

2.0 4

1.5

1.0 4

0.5 -

0.0

—— Training Accuracy
—— Validation Accuracy

/:r::

Epoch

Epoch

nwisznau 68 Learning Curve wULA1a89 ResNet-50 Version 1 fold 1



Loss

3.0

259

2.01

1.5

1.0+

0.5 1

0.0

HCC

True labels

51

non_HCC
|

i
HCC

Confusion Matrix

Predicted labels

70

110
100
66
20
- 80
- 70
69
- 60
|
non_HCC

nNlsznas 69 Confusion Matrix k111889 ResNet-50 Version 1 fold 2

Fold2: Training and Validation Loss

Fold2: Training and Validation Accuracy

—— Training Loss

3.0

Validation Loss

2.5

2.01

1.5

Accuracy

1.0+

o

—— Training Accuracy
Validation Accuracy

Epoch

0.0

T T T
25 30 0

Epoch

nwisznau 70 Learning Curve wULA1a89 ResNet-50 Version 1 fold 2



Loss

3.0

2.51

2.04

1.5 4

1.0

0.5+

0.0

71

Confusion Matrix
130

120

50 110

HCC

100

- 90

True labels

- 80

56 64 -70

non_HCC
1

- 60

i i -50
HCC non_HCC

Predicted labels

nNlsznatl 71 Confusion Matrix ki11a1a89 ResNet-50 Version 1 fold 3

Fold3: Training and Validation Loss Fold3: Training and Validation Accuracy
3.0
—— Training Loss —— Training Accuracy
validation Loss validation Accuracy
2.5 4
2.0 A
>,
9
Il
5 1.5
o
kS
1.0
T T T T T T T 0.0 T T T T T T T
0 5 10 15 20 25 30 o] 5 10 15 20 25 30
Epoch Epoch

nwisenau 72 Learning Curve WLULANaad ResNet-50 Version 1 fold 3



Loss

3.0

2.51

2.01

1.5

1.0

0.5

0.0

72

Confusion Matrix

110
100
ol
T 90
80
[}
]
=
o 70
[af]
2
',_
- 60
o
= - 350
=I
g
- 40
- 30
|
HCC non_HCC
Predicted labels
nsenau 73 Confusion Matrix LL1A1a89 ResNet-50 Version 1 fold 4
Fold4: Training and Validation Loss a0 Fold4: Training and Validation Accuracy
—— Training Loss . —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2.5
2.0
g 15
B
1.0
~~ N 762«*2
0.0 1—
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

A Wisznay 74 Learning Curve wuLA1a89 ResNet-50 Version 1 fold 4



Loss

True labels

73

Confusion Matrix

100

90

HCC

80

70

-60

non_HCC

i
HCC non_HCC

Predicted labels

A isznau 75 Confusion Matrix wi11anaad ResNet-50 Version 1 fold 5

Fold5: Training and Validation Loss Fold5: Training and Validation Accuracy

3.0 3.0
—— Training Loss —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2.59 2.5
2.09 2.04
>
9
o
1.5 5 154
=
2
1.0 4 1.0 4
0.0 T T T T T T T 0.0 T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30

Epoch

N wilsznay 76 Learning Curve WULA1ae9 ResNet-50 Version 1 fold 5



74

4.2.2 Confusion Matrix W&z Learning Curve LU1A1a849 ResNet-50 Version 2

Confusion Matrix

120
110
]
Q
I
100
w 90
L)
=
L
S 80
=
-70
J
T
c - 60
e
- 50
- 40
HCC non_HCC
Predicted labels
nwdsznau 77 Confusion Matrix WULANa89 ResNet-50 Version 2 fold 1
10 Fold1: Training and Validation Loss 0 Fold1: Training and Validation Accuracy
. —— Training Loss ’ —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2.5 2.5 1
2.0 2.0
1.5 g 15 4
£
1.0 4 1.0 /f_
0.5 0.5 -
0.0 : 0.0
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwisznau 78 Learning Curve wULA1a89 ResNet-50 Version 2 fold 1



Loss

3.0

2.59

2.01

154

1.0 4

0.5 1

0.0

True labels

Confusion Matrix

HCC

non_HCC

I
HCC

Predicted labels

A ilsznau 79 Confusion Matrix k1A1a89 ResNet-50 Version 2 fold 2

Fold2: Training and Validation Loss

non_HCC

120

110

100

Fold2: Training and Validation Accuracy

75

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.0

154

1.0

0.5 4

—— Training Accuracy
—— Validation Accuracy

Epoch

nwisznay 8o Learning Curve wuLA1a89 ResNet-50 Version 2 fold 2

0.0

T
15
Epoch

T
20

T
25



Loss

3.0

2.51

2.0 A

1.5

1.0

0.5

0.0

Confusion Matrix

76

140
B 34 120
I
1 100
]
=}
L
[1¥]
2
= - 80
[=)
2
5 35 85
c! - 60
=
- 40
| |
HCC non_HCC
Predicted labels
nileznall 81 Confusion Matrix L1889 ResNet-50 Version 2 fold 3
Fold3: Training and Validation Loss 10 Fold3: Training and Validation Accuracy
—— Training Loss } —— Training Accuracy
Validation Loss Validation Accuracy
2.5
2.0
; 1.5 4
kS
1.0 A ﬁ
0.5
- 0.0 T
5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwilsenau 82 Learning Curve WLLANaad ResNet-50 Version 2 fold 3



Loss

3.0

2.5

2.0

1.5+

1.0 1

0.5+

0.0

True labels

I

Confusion Matrix

HCC

52

non_HCC
I

|
HCC

Predicted labels

120
110
59
100
90
- 80
68 -70

-0

|
non_HCC

N nsznas 83 Confusion Matrix kii1a1a8d ResNet-50 Version 2 fold 4

Fold4: Training and Validation Loss

Fold4: Training and Validation Accuracy

—— Training Loss
Validation Loss

Accuracy

3.0

2.5

2.0 1

154

104

0.5 4

—— Training Accuracy
Validation Accuracy

T T T T T T
5 10 15 20 25 30
Epoch

0.0

Epoch

nwisznau 84 Learning Curve wULA1a89 ResNet-50 Version 2 fold 4



Loss

Confusion Matrix

78

130
120
J
48
g 110
100
n
[1¥]
o
o - 90
[1¥]
2
l,_
- 80
o
I, - 56 64 - 70
=
g
- 60
-50
| [
HCC non_HCC
Predicted labels
nwisznau 85 Confusion Matrix WULAaa9 ResNet-50 Version 2 fold 5
20 Fold5: Training and Validation Loss 20 Fold5: Training and Validation Accuracy
’ —— Training Loss . —— Training Accuracy
Validation Loss Validation Accuracy
2.5 2.5
2.0 2.0
15+ g 154
£
1.0+ 1.0 r
0.5 0.5
0.0 0.0

Epoch

Epoch

nwisznau 86 Learning Curve wWULA1a89 ResNet-50 Version 2 fold 5



Loss

3.0

2.59

2.0

1.5

1.0+

0.5

0.0

79

4.2.3 Confusion Matrix L&z Learning Curve Wiula1a84 ResNet-50 Version 3

Confusion Matrix

140
(&)
23
£ 120
" 100
V]
0
®
[s¥]
2
= - 80
0
- 60
T - 64 56
=
2
- 40
I |
HCC non_HCC

Predicted labels

N nsznas 87 Confusion Matrix kii1a1a89 ResNet-50 Version 3 fold 1

Fold1: Training and Validation Loss Fold1: Training and Validation Accuracy

3.0
—— Training Loss —— Training Accuracy

Validation Loss Validation Accuracy

2.5

2.04

1.5+

Accuracy

1.0 +

Epoch Epoch

nwilsznau 88 Learning Curve WLLANaad ResNet-50 Version 3 fold 1



Loss

3.0

2.54

2.01

1.5

1.0+

0.5

0.0

80

Confusion Matrix

True labels
HCC

non_HCC

I
HCC

Predicted labels

110

100

non_HCC

N nsznas 89 Confusion Matrix kii11a1a89 ResNet-50 Version 3 fold 2

Fold2: Training and Validation Loss

Fold2: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.0 1

1.5 4

1.0 4

0.5 4

0.0

—— Training Accuracy
—— Validation Accuracy

Epoch

Epoch

N wlsznay 90 Learning Curve wULA1a89 ResNet-50 Version 3 fold 2



Loss

3.0

1.5

1.0+

0.5

0.0

True labels

Confusion Matrix

o] a9
I
o
]
I - 68 52
=
2
| |
HCC non_HCC

Predicted labels

81

130

120

110

100

- 90

- 80

- 70

- 60

-50

Anlsznas 91 Confusion Matrix k111889 ResNet-50 Version 3 fold 3

Fold3: Training and Validation Loss

Fold3: Training and Validation Accuracy

3.0
—— Training Loss
Validation Loss

2.5

2.0 1

1.5

Accuracy

1.0+

—— Training Accuracy

Validation Accuracy

0.0

Epoch

T
10

15
Epoch

T
20

T T
25 30

nwisznau 92 Learning Curve wULA1a89 ResNet-50 Version 3 fold 3



Loss

3.0

2.54

2.04

15

1.0+

0.5

0.0

82

Confusion Matrix

110
o] 63 100
X
90
n
/]
=
o
S - 80
',_
) - 70
(]
I- 48 72
c
g - 60
- 50
| |
Hcc non_HCC
Predicted labels
nwsznau 93 Confusion Matrix WULAaa9 ResNet-50 Version 3 fold 4
Fold4: Training and Validation Loss 10 Fold4: Training and Validation Accuracy
—— Training Loss ) —— Training Accuracy
Validation Loss Validation Accuracy
2.5 1
2.0
; 1.5 4
2
1.0 /ﬁ
k 0.5 1
' 0.0 1 —
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwisenau 94 Learning Curve WLLANaad ResNet-50 Version 3 fold 4



Loss

30

2.59

2.0

1.5

1.0

0.5

0.0

True labels

83

Confusion Matrix
120

110

60

HCC

100

- 90

- 80

57 63

non_HCC
|

-70

-60

1 |
Hcc non_HCC
Predicted labels

A Nsznas 95 Confusion Matrix kii1a1a8d ResNet-50 Version 3 fold 5

Fold5: Training and Validation Loss Fold5: Training and Validation Accuracy

30
—— Training Loss —— Training Accuracy
Validation Loss Validation Accuracy

2.5

2.0 1

1.5

Accuracy

1.0 4

0.5 q

Epoch Epoch

nwilsznau 96 Learning Curve WliLanaas ResNet-50 Version 3 fold 5



Loss

3.0

2.5

2.0 A

1.5

1.0

0.5

0.0

True labels

84

4.2.4 Confusion Matrix W&z Learning Curve LU1A1a84 ResNet-50 Version 4

Confusion Matrix

HCC

non_HCC

HCC

Predicted labels

140

120

100

80

- 60

non_HCC

nilsrnau 97 Confusion Matrix wilAnaad ResNet-50 Version 4 fold 1

Fold1: Training and Validation Loss

Fold1: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.0 4

0.5

0.0

—— Training Accuracy
—— Validation Accuracy

Epoch

nwlsznay 98 Learning Curve LULA1a89 ResNet-50 Version 4 fold 1



Loss

True labels

HCC

non_HCC

85

Confusion Matrix

53

I
HCC

Predicted labels

120
44
100
- 80
67
- 60
|
non_HCC

A nszneas 99 Confusion Matrix ki1a1a89 ResNet-50 Version 4 fold 2

Fold2: Training and Validation Loss

Fold2: Training and Validation Accuracy

3.0 3.0
—— Training Loss —— Training Accuracy
Validation Loss Validation Accuracy

259 2.5
2.0+ 2.0 1

>

9

Il
154 5 154

¥

2
104 1.0+
N p_/w 7]
0.0 T T T T T T 0.0

Epoch

N wsenau 100 Learning Curve wULA1a89 ResNet-50 Version 4 fold 2



Loss

3.0

2.59

2.09

1.5

1.0 4

0.5 1

0.0

86

Confusion Matrix

140

31 120

HCC

100

True labels

- 80

53 67 - 60

non_HCC
I

- 40

| |
HcC non_HCC
Predicted labels

ANLsEnas 101 Confusion Matrix ki1A1a99 ResNet-50 Version 4 fold 3

Fold3: Training and Validation Loss Fold3: Training and Validation Accuracy
3.0
—— Training Loss —— Training Accuracy
Validation Loss Validation Accuracy
2.5 1
2.0
>
o
@
5 154
o
2
1.0+
\ 0.5 4
T T T T T T U 0.0 T T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

N wsenau 102 Learning Curve wWULA1a89 ResNet-50 Version 4 fold 3



3.0

2.59

2.0 A

w
1.5

1.0 4

0.5 4

0.0

True labels

87

Confusion Matrix

HCC

non_HCC

HCC

Predicted labels

100

non_HCC

N nlsznau 103 Confusion Matrix Li1a1aa4d ResNet-50 Version 4 fold 4

Fold4: Training and Validation Loss

Fold4: Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.0 4

1.5

1.0

0.5 4

0.0

—— Training Accuracy
—— Validation Accuracy

S

Epoch

Epoch

nlsenau 104 Learning Curve wULA1a89 ResNet-50 Version 4 fold 4



Loss

3.0

2.5

2.09

1.5 A

1.0 1

0.5+

0.0

True labels

88

Confusion Matrix

100

HCC

non_HCC

i
Hce non_HCC
Predicted labels

Anilsznau 105 Confusion Matrix wi1a1aad ResNet-50 Version 4 fold 5

Fold5: Training and Validation Loss Fold5: Training and Validation Accuracy

k‘ 05 TV—m.. —m—

3.0
—— Training Loss —— Training Accuracy
—— Validation Loss —— Validation Accuracy
2.5 A
2.0 A
154

Accuracy

0.0

Epoch Epoch

A wisenau 106 Learning Curve WULA1a89 ResNet-50 Version 4 fold 5
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wanaINuiileTaufsuAINN19¥1 Cross Validation taein1sgusaeeng
(Resampling) nsuiiadagaaanidunguuans o ngu (7andq folds 3eluninuunlid
ANYINAY 5 (5 folds) tFaaannunntildealAn Accuracy vade A fold 1 498A 71 0.72

a q

fold 3 71 0.69 fold 2 71 0.66 fold 4 M1 0.65 LAY fold 5 N1 0.56 FIAITI 13

F1979 13 A9 BUWiEuAn Accuracy Watsay fold 103aT89UU1A1889 ResNet-50

Fold No. A1 Accuracy Lﬂgﬂ
1 0.72

0.66

0.69

0.65

a W N

0.56

ResNet-50 Version 1 2 3 4

AVG Accuracy 0.63 0.69 0.66

Version Fold No. Average Accuracy ResNet-50 Version by folds
1 1

w
nm B W M B WU B W N B BB W MR WL B W M

nwiseney 107 agunanisdszilulsy@nsninuuuanasssadanainu ResNet-50
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asUnanisiae aflsana wazdaiauauus
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lunnevindduiRaalainislssifiuilsz@nininaeauuuaiaesluy 2 TAseaing Ae
TasaafalasdnalszaminennanlogduuuuaIaeauuL VGG16 uazuiul ResNet-50
dl o o :J/ a [ 4 Y o dy
WwerhuuuanaesisassiFauauuazaglna Tnaanisoutioiadalunisagiuals dadl
5.1 #31luan1574y
5.2 aNUTeNan1IIAY

5.3 IDLALB UL

5.1 d51nan15398

AR AN N 2 uLLA ae e A uLn L sz (Binary Classification)
nislulsanzideduwazliiiulsanzideduainninn193saitads Inaldmatianiszeud
deansaalasialscaininaunaulogdu (Deep Learning with Convolutional Neural

¥

Network) dagantiunldlunisAnsidaaisiiniaingrudeyailn (Open database) Toia

U

o o

AMNE1aN1959dntaaaaas The Cancer Imaging Archive (TCIA) Iq@nunsaidnnelauuy
a1s19ue lnanguenadiediaaidulsanzi59fuaiin Hepatocellular carcinoma

¥

sl,‘i’fﬂ; naaya The Cancer Genome Atlas Liver Hepatocellular Carcinoma Collection
(TCGA-LIHC) Lmzzﬁﬁm*unziuﬁqmjwQ’ﬂfaﬂﬁimﬂuimmﬁqﬁumﬁm Hepatocellular
carcinoma Ii‘qm%’ﬂsﬂ@%wum 27m Af The Cancer Genome Atlas Cervical Kidney Renal
Papillary Cell Carcinoma Collection (TCGA-KIRP) ?ﬁlqLﬂuﬂ?@w;zfﬂfmﬁl,ﬂuimmﬁqim WAY
Sngadeyaniliazidudeyadoaiidulsanzifafugan The Clinical Proteomic Tumor
Analysis Consortium Pancreatic Ductal Adenocarcinoma Collection (CPTAC-PDA)
AN uLUaaeelasaislasdialscaminanaaulagduiuy VGG16
LAZULL ResNet-50 114 #1i4n nan1anaaestesiasaielassdnalszamnannaulogdu
TBIULY VGG16 Tiavun 4 10 dlefiansmndsransnnaesuuusiaesdasiaysng
Accuracy fisjeiiuiiasdmendaunas rﬁTqmjwﬁLmuﬁmmv‘immgmﬁ’fm%wum
BasAn Accuracy annunnlilifasazld VGG16 Version 2 7 0.63 VGG16 Version 3 # 0.59
VGG16 Version 4 7l 0.58 uaz VGG16 Version 1 71 0.54 uazlunaainnaandlassding

Tasvdnelszaminaunaulogduuuy ResNet-50 ANTIAUNA 4 TANANITNAAEY WU
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WHadszliulseAnEn1naeeuuuanaaefaeiuyn3ng Accuracy LULAEANY lagi3eeAn
Accuracy anunlddesazls ResNet-50 Version 2 71 0.69 ResNet-50 Version 4 71 0.66
ResNet-50 Version 3 71 0.64 uaz ResNet-50 Version 1 #1 0.63

a c Y a o . dI c v
LASUINAATITUALLNNTNT False Negatives (FN) 79 TUN19NITUNNE 19FBINTT

1
= !

anAn False Negatives (FN) Tiaafigainnaziilulile 1ilagsann False Negatives Aa
1 E2Z 1 :j/ dl a U E2Z dj o v o A 1 Yo
nnsszydngilaelidlen vianassuanfiloailulsn Seo1avinlinaianiesnevse L a5y

¥ !

N9FNEANNFaINIT denansenusagunIwaasdiawasdianlng N 191N 1 Wi

1
=

VGG16 Version 2 #A1 False Negatives (FN) tiaein91 ResNet-50 Version 2 Tm&ﬁﬁﬂqmqﬂ
neill False Negatives (FN) 8l 32 31 waz 54 31l suansy
= 0 o [ a o dy o
A9@un0aglualadn adnsnuinuuanaasaIneuads il ldluntsaunnnag
Wulranzifesuuazldidulsanzifaiuanainnisngaandauusiuan i (MRI) 18 e
k% o v a o v o a % aa o o L2l v
fayaaitayunisfindulad uiufdunndliaiunsniiady ansuumienisdnundilaale
1 < o 1 o v ] al o/
atmNIzaN uaraadviusan1sing tnelasaielasanelszaminauneulagiunuy
ResNet-50 H1/s@BNMAINNGILLL VGG16 TWNRNANIITNARAIIANNA 4 TA LAZHANIS
NAABIYAT 2 (ResNet-50 Version 2) {A1 Accuracy Nn#iga IaadAWNGL 0.69 uazuN
Arszfaneuning False Negatives (FN) uuLLa1a84 VGG16 Version 2 HAN False
Negatives Haendn ResNet-50 Version 2 Tnailgilaafignniaiilu False Negatives a7
32 31 waz 54 3U MNAAL
o Y o o A, ' = = o LT Ao =
fadtuazdeaiaNg9nafan1sAn#19113aeAsal e dayantiinnldlunisdnm
T & o - | o = Y
pfallunangiudeyaninnisunndruinlugiatuisadineldlaaansisnuz v
The Cancer Imaging Archive (TCIA) Mlasausandaganinananianisunnesing o lugiae
dl =3 = 1 dl A a o o =2 a o
niulsanzids Hpnunaede TneddnglsrasAlunisatiuayunisAniarn1sIaenig
a‘dJ [~3 ¥ 6 1 OI/ d; v v v XK
nasunnemanUsauTndayan nnisunnganuatsuuasialan ialigldaiunsadnng
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wazlddayamaniilunuidaldateazaan wiisdl audanlscasAaasanuiddenlaanig
muuanusilunisaenlfiannzluszas T1 (Pulse sequence) wintiu siasiilugilaanlsine
Yo 1 o 1 ﬁl 1 o 1 L2 dld o a v
lasunsisnneu wesannaulangusaatinsdilianinisdnnsasuazfinniulsn uazlad
o IS o A 1 &I 1 [~ Q/dlaldg/ dl [ o
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! ai ¥ o v = 1
nanenldlunisaiauuuanaesluneugarinadiTunnglnmntas asaininasinaingn
= \ v ° A v a a ° ~
avpnadanansznuiuuuana e lANUsraninmanasnnauIugnmianas ezl

a = ¥y a K ¥ ! = o . .
malanisiraudidsansaslnsedtelszaminauneuligdu (Deep Learning with
Convolutional Neural Network) 11 aniflusaslddayatFuinglninaiuaunin ieldly

= Y o o d?
ﬂ’]?ﬁﬂ@@uﬂqﬁ‘lﬁﬂuﬁﬂﬂuLL‘].I'LI@']@@QN'V]‘I.I‘H

5.2 anusemua
a o/ ng b2 a a a d $% 1

NuAdsilananislsziiudsz@ninmeesiuuanasslassairelassdnalszamn
WenAauligTulLL VGG16 uaziill ResNet-50 Aaeiuvsnd Accuracy a111304a31ua
1591 TaseaFrelasednalssaninaunouligduuuy ResNet-50 999n19MAa@9gAN 2
(ResNet-50 Version 2) 1iu Hilsz@ngninuinnanlasainalasadnadssaminasmaulogdi
LU VGG16 TWngannInaaesyiansm 4 4a7A1 Accuracy WAL 0.69 WATMINGLATIZI
AaeLuNINT False Negatives (FN) AMNUANNINNNTUANENNRI917BIN19aAAN False
Negatives (FN) Tsiaangaivinnaziilulillatiu VGG16 Version 2 #§#1 False Negatives
(FN) Haain31 ResNet-50 Version 2 Imﬂﬁé’ﬂ’mﬁgﬂmﬁmﬂu False Negatives (FN) @Fﬁ
32 31l uaz 54 31l muAIsL

= v o a o dl dl ¥ dl

ANNNANIINAABINAIINABAARBINLLONAITUASITUIALNLNLITRI LT B

Deep convolutional neural network applied to the liver imaging reporting and data system

4
a v aa ¥

(LI-RADS) version 2014 category classification: a pilot study TagIlus1udaanin1sa5

wuuanaedsaeiasetnadszanniian (CNN) Mlaseadratu VeG1e uasld Weight wilw

“Imagenet” IMWRgaiUN19ANE34e luATH Tudaya LR-1/2 uay LR-3 Wisulafungy

q

¥ 1 ¥

falaaldladulsansiiasiu 494 LR-4 way LR-5 Wnaulaiunausqaiiidulsausifasy

a q u

©

a

§1989N199ANGNATNINUIAELTAY Deep learning LI-RADS grading system based on
contrast enhanced multiphase MRI for differentiation between LR-3 and
LR-4/LR-5 liver tumors An199m1lsx@nTa09uuua1a89 (Model Evaluation) f1sz 1w
UszANBNNTBILLLANABIANNEINT Accuracy iRty T8A1 Accuracy Tngigauyn
LI-RADS (Overall) winfiu 0.64 Tailmans lnasAeafiuiLen Accuracy 284uLLa1a89 VGG16
. dl v = a o 9nj/ dgl 1 o dgl a o dl
Version 2 Aldannnis@nmdasluasalinady 0.63 wazuanainiluaiuidaeiseg

Comparison of fine-tuning strategies for transfer learning in medical image classification

Nezyauuuatanslaseaine ResNet anunsnldlusiunindnanismsaanausinan i
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(MRI) 6 Daudananunlanaaesldluanuideiuazidulsndu o Aladldlsanzidesiu usain
AnsANETIA LA a1 TiuLA91 TAT9A5191LLIR1889 ResNet-50 Version 2 114 gnd13n 4
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