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Deep Learning with Convolutional Neural Network for Classification of

Hepatocellular carcinoma on Magnetic resonance imaging

Kanphitcha Promma"’, Sophon Mongkolluksamee®, Worapan Kusakunniran’

Abstract

Hepatocellular carcinoma is one of the leading causes of death globally. It is the only type of cancer
that can be diagnosed using radiological imasing, 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 VGG16 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, VGG16 demonstrated a better performance than ResNet-50.
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#1579 1 (A1)
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Yunauil 4 : n1sadawuuaenIsiseuidadncielasieustamifiennauligtu VGG16 way ResNet-50
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a @

Aadeladnisusulassairsuuudngaes wazfvun Hyperparameters d Ay laun Learning Rate = 0.0001,
Batch Size = 64, Number of Epochs = 30, Optimizer = Adam, Loss Function = binary crossentropy e Activation
Function = sigmoid laedl Dense Layer = 1 lun1silnaauwuusiaes Fwvseanduianun 4 gan1snaaes (Version)

AUATN 2, 3,4, 5,6, 7, 8 LLag 9

AT 2 ANTNUEAIAINNTIEREIANS o Tlglun1sadneluudnass 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)

A5 3 AITILERIAIN TSRS o NlTlunsaseuuIIaes VGG16 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)

AT 4 ANFNLEANIAINITENESEN 9 NlFlunsadauuuiiass 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

(Trainable = True)

(None, 4096)

Fully connected Layer 2

(Trainable = True)

(None, 4096)
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AITN 5 AITNLEAIAINTIIENTRN 9 Allunsasiauudnass VGG16 Version 4

Layer (type)

Output Shape

input_1 (Input Layer)

(None, 224, 224, 3)

VGG16 model with Pre-train layer

GlobalAveragePooling2D (None, 512)
Fully connected Layer 1 (None, 256)
BatchNormalization (None, 256)
Activation Function RelLU

Dropout (0.5) (None, 256)

AT 6 ANTNUANIAINITINETEN 9 NlFlunadauuuiiass ResNet50 Version 1

Layer (type)

Output Shape

input_1 (Input Layer)

(None, 224, 224, 3)

ResNet50 model with Pre-train layer

AT 7 ANFNUEAMIAINITENETEN 9 DlElunsadauuuiiass 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)

A58 8 MITIERIAIN TSR 9 NlUlun1sasIaLuUTIaes 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)

A58 9 MTISERIAIN TR 9 NlUlunisassuuudnaes ResNet50 Version 4

Layer (type)

Output Shape

input_1 (Input Layer)

(None, 224, 224, 3)

ResNet50 model with Pre-train layer

GlobalAveragePooling2D

(None, 2048)

Fully connected Layer 1

(None, 256)

MSDS CS SWU @2024

319



2024 4% Proceeding of the Data Science Conference

M1579 9 (A1)

Layer (type) Output Shape
BatchNormalization (None, 256)
Activation Function RelLU

Dropout (0.5) (None, 256)

NaN15ILWALNUTIINANITIVY

1.0an15U52iuUsEANS NMNLUUR1a09A89aNasHId VGG16

MNTINNA 4 YARANITNARDIRIETANeT TN VGG16 Hu nuin WefinnsundssAnsamusauusiassdie
Wwnsng Accuracy *ﬁajaLﬁuL%"aqé’mfldaumméﬁaehqﬁLLUUﬁﬁaaaﬁwuwQﬂé\’aqﬁu’wm \389A Accuracy 91nunlUtley
¢l VGG16 Version 2 71 0.63 VGG16 Version 3 71 0.59 VGG16 Version 4 71 0.58 wag VGG16 Version 1 71 0.54
AUAI 10

A1579 10 AIS1LERIUTEANDAINNNTILUNYBILUUINEDY VGG16 weiag 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

wiawSeusiun1unisyin Cross Validation falufitliiuualisianvinu 5 (5 folds) LSeea1nuinlutasiian

Accuracy e Ao fold 2 GRGIZ 071

VGG16 Version 1 2 3 4

AVG Accuracy 0.54 0.63 0.59

Version Fold No. Average Accuracy VGG16 Version by folds
1 1

‘|||5‘|‘|‘|‘|

m
e ! I
&

[3
3

AwUsenau 6 agunanisuseliudssavinniuuinasiedanaifiy VGG16

nnews) : Ale) Ao Anafeanuuiug1unnndl 50% uardni Ae Anadeanuwiugnioandt 50%
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2.14an15Use iU sEANS A NLUUINaRIR89ana37id ResNet-50

INTMUA 4 YANANITNAABIIEBANEINN ResNet-50 14U Wy tlofiansauUsednsnmaeiuuinasnig
wisng Accuracy Mi3jaiiuisesdnsdinvesiingnsivuudtaesinunggnaesianin (3831 Accuracy anuntutlesay
19 ResNet-50 Version 2 # 0.69 ResNet-50 Version 4 71 0.66 ResNet-50 Version 3 # 0.64 uaz ResNet-50 Version 1

‘17'i 0.63 AU 18 11

A9 11 A1TNLAASUIZENEAINNITILUNVDILUUI1a8S ResNet-50 Laiay 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

WeallIsuiisuniunisyin Cross Validation Auualudiavingu 5 (5 folds) 13esarnuinluilosiian Accuracy

\ade fe fold 1 gean 1 0.72

ResNet-50 Version 1 2 3 4

AVG Accuracy 0.63 0.69 0.66

Version Fold Ne. Average Accuracy ResNet-50 Version by folds
1 1

£

w
MoBE W ON B M OB W N B WA WNRGOBEWN
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