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BI-RADS Classification in Mammogram using Deep Convolutional Neural Network

Jutamas Khutcha®, Sophon Mongkoltuksameez, Worapan Kusakunniran®
Abstract

Breast cancer is the most common cancer among women. The most common screening technology is
digital mammosgraphy, which is the best method for detecting abnormalities early and providing effective
treatment. This study aims to develop a model for classifying the risk of breast lesions based on the BI-RADS 5
Classes (BI-RADS 1, 2, 3, 4, 5) criteria using a craniocaudal view (CC) mammogram from the VinDR-Mammo
dataset. The data preprocessing involves segmenting the largest contour, data imbalance issues, and data
augmentation. Then, transfer learning techniques from VGG16 and ResNet50 are employed to build the models.
The research findings indicate that building deep convolutional neural network models using transfer learning
with pre-trained models from ResNet50 yields better overall accuracy compared to VGG16, with accuracies of
40% and 37%, respectively. In predicting the risk levels of breast lesions according to BI-RADS criteria from
Full-Field Mammogram CC View, both ResNet50 and VGG16 perform best in predicting BI-RADS 5 lesions, with
recalls of 65% and 59%, respectively. This suggests that BI-RADS 5 lesions exhibit the most distinct characteristics
on mammogram images. Furthermore, the overall accuracy of the model in predicting BI-RADS is lower
compared to predict breast density,as important features of breast lesions in BI-RADS are
small. Therefore, combining BI-RADS classification with region of interest (ROI) segmentation is recommended to

improve model performance.
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Aok Jel9U0 ganiwuy wluunsua1n VinDr-Mammo (Vietnamese dataset of digital mammography) ©
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Hu png 3eudosuda Tngldsazdondoyaieatfunissiuun B-RADS aanduideniamedeyaninuusluunsy
cC view uldlun1sfinwril iwsrzdeyaninuuuluwnsy MLO view duaziduniniifiainvesndiuiendien
Fevzlddrulrudayanin Full-Filed Mammogram CC view : BI-RADS1 6,702 A1w, BI-RADS2 2,337 A1,

BI-RADS3 465 nn, BI-RADS4 378 AW tag BI-RADS5 113 AW

°
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MNUIENBU 2 F08190 W Full-Field Mammogram a1uns BI-RADS 1-5 wag Density C
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YuRaUN 3 : NswWsEUToYANIN (Data Preprocessing)

A3 liuTuusetayanin Full-Field Mammogram CC view f78n15uUSdIUNIMIAIUN (Largest Contour

Segmentation)

orginal image

madian filtered image _breast mask image

segmented breast image

Applying the Breast Mask to the Original Image

ANUTENBU 3 NAGWSNITLUIEIUNIMAIUN (Largest Contour Segmentation)

nduuidgyniniuliaugavesdoyanin (imbalance dataset) A18n15duf3190819a0 (Random

Undersampling) nguaiusnn sanisne 1

M54 1 91UUAM Full-Field Mammogram CC view n13duiee19an (Random Undersampling) vaanis@nuil

BI-RADS Total CC View Selected CC View randomly
BI-RADS 1 6,702 2,250
BI-RADS 2 2,337 2,250
BI-RADS 3 465 450
BI-RADS 4 678 375
BI-RADS 5 113 113
Total 10,295 5,438

wusdayaidugadoyanisiln (train set) wazyndoyannasy (test set) Ine'ld train_test_split from
sklearn.model_selection Avuslindy Train set 80% , Test set 20 % (Test 10% , Validation 10%)

NN 1 asdiuideganmidinsdiduuiiuansisiueginn Faldiasusienisii Data Augmentation i
NSEBUNTN, NIFVLUAIN 30°, NISWENAIN, NSUFUAIUANTATBININ LATILIUNIN FI91579 2

A58 2 T1UIUNMN Full-Field Mammogram CC view n15%11 Data Augmentation 983n15@nw1il

BI-RADS Train 80% Test 10% Validation 10%
BI-RADS 1 3,600 450 450
BI-RADS 2 3,600 450 450
BI-RADS 3 3,600 450 450
BI-RADS 4 3.600 444 418
BI-RADS 5 3,600 440 456

Total 18,000 2,234 2,224
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Aidelaasieuuudiasinisdiuun B-RADS Ve 4 wuudnasd 738015 Transfer Leaming Deep
Convolutional Neural Network Wagfin15A1mun Hyperparameters 1d1@gy Lawn Learning Rate = 0.0001,
Batch Size = 64, Number of Epochs = 50, Optimizer = Adam, Loss Function = categorical crossentropy W& e

Activation Function = softmax 1ng Dense Layer = 5 Wlfie AaN@NaaNS BI-RADS 1-5 #ail

1. hUUI1a89 VGG16 with Pretrained 2. LuUI1a99 ResNet50 with Pretrained
M1919 3 1A598379 VGG16 with pre-trained Model m1919 4 1A59a319 ResNet50 with pre-trained Model
Layers(Type) Output Shape Layers (Type) Output Shape
input_1 (Input Layer) (None, 224, 224, 3) input_1 (Input Layer) | (None, 224, 224, 3)
VGG16 model with pre-trained layers ResNet50 model with pre-trained layers
Flatten Layer (None, 25088) Dense Layer (None, 5)

Fully connected Layer 1 (None, 4096)

Fully connected Layer 2 | (None, 4096)

Dense Layer (None, 5)

#1150 3.4UUFAB9 VGG 16 with tuned waz 4.LkUUINaB4 ResNet50 with tuned LHun1sUSuwAsLUUT 809
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GlobalAveragePooling2D layer uag Fully connected layers with BatchNormalization and Dropout 3 6??‘14
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pre-trained model 210 VGG16 wileufuildlun1ssiuunszdu BIRADS wideu Target Classes whwanglidudes
U89 Density 1y Output = 4 1u Dense Layer Ejﬂﬁﬂﬁl Tufie Density 4 Classes (Density A, Density B, Density C wag
Density D) Tagld Small Data Set @18n15 Random Undersampling 210 Dataset Lad (Training 800 image/class,

Testing 200 image/class) 3¢la 1.uuUI1a89 VGG16 with Pretrained uay 2.uuu31a89 VGG16 with CLAHE
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N19M57350815AB AU BI-RADS 4 wag BI-RADS 3 fimnulnalAssiularaaigadeiuuinausiliuuuinassvinuie
ﬂameﬂﬁauuwnﬁqm Tagnaans VGG16 with pretrained A301914 5, AINUTENBU 5 WAgHAaNS ResNet50 with
pretrained f9A1519 6 NMWUIENBU 6

A58 5 waansilaann1saaedlenis Transfer Learning 970

Confusion Matrix

VGG16 with pretrained

BIRADS Precision Recall | Fi1-Score | Support %I .
1 0.34 0.34 0.34 450 g. = o * * .
2 0.36 026 | 030 450 . . .
3 0.31 037 | 034 450 ’
4 0.31 0.31 031 444 é 40 N I i
5 0.55 0.59 0.57 440 E.' . e = -
Accuracy 037 — Muom  mmosm  uos moss oo
Weighted Avg 0.37 0.37 0.37 730 anUsgneu 5 Confusion Matrix N3 Transfer

Learning 910 VGG16 with pretrained

A5 6 HaANETLAIINNINAaLlEn1S Transfer Learning 910

Confusion Matrix

ResNet50 with pretrained

=
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BIRADS Precision Recall | F1-Score | Support E - - - 0
1 0.37 037 | 037 450 Elm o s « “
2 0.42 030 | 035 450 y | ) . )
3 0.35 0.46 | 0.0 450 £ é
4 0.29 021 | 024 444 507 8 > o
5 0.54 0.65 | 059 440 5. - » . oo
Accuracy 0.40 2234 i BIRADS1  BI_RADS2 Prﬁg:i::"\:;e's BLRADS4  BLRADSS
Weighted Avg 0.39 0.40 0.39 2234 AwUsenau 6 Confusion Matrix 115 Transfer

Learning 911 ResNet50 with pretrained
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2. NAANSVBINITIMUNTZAU BI-RADS 21nAMN Full-Field Mammogram #iiin1suSuaauuudnass

dusunasnsroinsusulasiuuIasslilavinliuszdnsnnuaz mnuiugivesuuudiaslasuniswaunu
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Tneiinaans VGG16 with tuned $9m1519 7 kazn nusenau 7 ResNet50 with tuned #4m1514 8 kagn nusenau 8

A5 7 Wadnsilaann1svnaedlenis Transfer Learning 270

Confusion Matrix

VGG16 Tuning

A58 8 WadNsNlaann1snaedlenis Transfer Learning 210

ResNet50 Tuning
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BIRADS Precision | Recall F1-Score Support o oo
1 0.30 0.60 0.40 450 g ; B 0 B
2 030 | 006 | 010 450 ‘E g s @ w
3 0.30 0.11 0.16 450 % | , . » 100
4 030 | 050 | 038 444
5 058 | 045 | 051 440 2] N

py—" Py p— BLRADSL  GLRADS2 BLAADSI BLRADSY  GLRADSS
Weighted Avg 0.36 0.34 0.31 2934 AwUsenau 7 Confusion Matrix 115 Transfer

Learning 3710 VGG16 Tuning

Confusion Matrix

96 98 73 36
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BIRADS Precision Recall F1-Score | Support % = =D = &2

t oa1 | 033 | o3 | 40 | iz .
2 0.43 0.26 0.32 450 E
3 0.32 0.43 0.37 450 = N

4 0.29 034 | 032 | 444 . .
5 0.50 0.54 0.52 440 ) BLRADS1  BLRADS2 preﬁzzﬁfiie\s BLRADS4  BIRADSS

Accuracy 0.38 | 2234
Weighted Avg 0.39 038 038 730 AnUsenau 8 Confusion Matrix 15 Transfer

Learning 910 ResNet50 Tuning
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NNSAS 19 UUTIa9 Deep Convolutional Neural Networks (CNN) #8015 Transfer Learning 910 ResNet50
Taeld pre-trained model ﬁ’m’ﬁﬂﬁ’umﬂizﬁuvﬁ’l’mL%SNJEN?E]Uiiﬂmﬂmﬁui’mﬁﬁﬂﬂ’]i BI-RADS 3110
Full-Field Mammogram CC View l#fiuszansnimuazanuusiudiiianlunisvaaesi Iny ResNets0 flassadei
Fudounin VGG16 Tnefin1sld residual connections fivneanilaymives gradient vanishing waziiinanudnvesluag
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A1579 9 NAGNTASLUSHUWIEUNSYINIULATU T NUSEANSNNUBILUUTIADINITIIMUNSEAU BI-RADS

Model Accuracy Recall F1-Score
VGG16 pre-trained 37% 37% 37%
ResNet50 pre-trained 40% 40% 39%
VGG16 tuned 34% 34% 31%
ResNet50 tuned 38% 38% 38%

4. NAANSVDINTITIMUNTZAU Density 99nAMW Full-Field Mammogram

WUUINABEINITAYINUIENITIIUNTEAUAMUAUILUUYBUAUN (Density) ladiusednSain@nin

MIUIENITTILUNTEAUAINESID508LIARIUNUFIUNENNTT BI-RADS laaiinadwsiliainnismnasd fni1319 10

AUTENBU 9 WA M1519 11 AnUsyneu 10 LHesanAUnUILLUYDLleLA Ul (Breast Density) lUudnwugh

TndResiuiuseslsanusvananudssiunisnaneduuzisadmiug (BIF-RADS) dauanililuinariiuispainpant 398

wuridinsAneluouAnliiinsyin Segmentation Region of Interest (ROI) 984588 15AAIUNLNIANBIAITIILUNTEAU

BI-RADS 573678

A1979 10 HAANSTALAINNITNARDITILUNTEAUAIUAU L ULLAIUL

(Density) #8013 Transfer Learning 911 VGG16

Density Precision | Recall | F1-Score | Support
A 0.62 0.42 0.50 200
B 0.46 0.68 0.55 200
Cc 0.63 0.38 0.48 200
D 0.63 0.80 0.70 200
Accuracy 0.57 800

A58 11 HaaWSTLAINNITNARBITIMUNTEAUATURUILUUATUL

(Density) #8013 Transfer Learning 910 VGG16 with CLAHE

Density Precision | Recall | Fi-Score | Support
A 0.80 0.28 0.42 200
B 0.46 0.84 0.59 200
Cc 0.66 0.62 0.64 200
D 0.83 0.73 0.78 200
Accuracy 0.62 800
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NNMLNNTNLNTUMEBNT5LY Deep Convolutional Neural Networks $9ffUN51Aa8383 19 UUI1899N13TILUNA Y
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Contour) uidgymianuliaugavestoya saudinisiaiudeya nan15mAaed WU N3 Transfer Learning Llagld
pre-trained model 910 ResNet50 fannuutiugnlngsanfindt VeG16 lunissiuunarudssesseslsaniuiiugu
&3 BI-RADS waztiiofiansmuilu BRADS Classes WU ¥ia ResNet50 wag VGG16 anmnsavinune B-RADS 5 14
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AiUN15¥1 Segmentation Region of Interest (ROI) 32uetNoNAUIUTZAVENNTDIUUUTIADY
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