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Breast Tumor Prediction Based on Multiscale Residual Spatiotemporal Model

Zhang Liangliang"  Zheng Hang Liu Jiawei Wang Zhenzhen Bi Kejian

( School of Computer Science and Information Engineering ,Anqing Normal University, Anging 246000, Anhui, China)

Abstract: Spatial and temporal features obtained from dynamic contrast-enhanced magnetic resonance imaging
( DCE-MRI) are both used for the prediction of breast tumors. Previous studies mainly focused on the shallow
spatiotemporal features, and the effectiveness of the deep spatiotemporal features is still unclear. To this end, a
multiscale residual spatiotemporal model ( MRSM) based on ResNet (2+1) D was proposed for breast tumor
prediction. This study included 232 patients from Taizhou Central Hospital, with 85 benign cases and 147
malignant cases. The DCE-MRI data consisted of one precontrast image and eight postcontrast images.Compared
with the original ResNet ( 2+ 1) D, MRSM method added a multiscale module and residual module.
Specifically, the multiscale module employed two independent dual-path spatial convolutions and dual-path
temporal convolutions to effectively capture the spatio-temporal features of the breast tumor. The performance of
the MRSM method was evaluated using the area under the receiver operating characteristic ( ROC) curve
( AUC) . Compared to the ResNet (2+1) D method ( AUC=0.974 0) or existing methods ( The best AUC =
0. 960 8) , this method achieved a higher AUC of 0.987 0. In conclusion, the MRSM method is an effective
approach for accurate prediction of breast tumors.
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Fig.1 Examples for a benign tumor ( the left) and a

malignant tumor ( the right)
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Fig.2 An example for sample generation.
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Fig.3 3D convolution and ( 2+1) D convolution.
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Fig.4 Framework of MRSM for breast tumor classification.
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BS 3NMSREKRHEH. (a) BB A (b) BB B;(c) HEC
Fig.5 Architecture of three multiscale modules. ( a) Model A; (b) Model B; (¢) Model C
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Tab.1 Performance of three multiscales module under different positions

Ji ik AUC Accuracy Sensitivity Specificity Precision
A A 0.978 3 0.925 8 0.944 4 0.8939 0.940 7
A B 0.975 0 0.923 6 0.958 8 0.8615 0.9250
A C 0.977 1 0.919 5 0.932 6 0.897 4 0.942 9
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Fig.6 Parameter selection for dropout
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Fig.7 ROC curves of ResNet (2+1) D with different module
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=0.902 3. P45 M L, ResNet (2+1) D 44
B THEEMRK AUC=0.974 0 fllAERIZ =0.919 5,
RIPEREWLAS B 7 W E R T (FE LR 4) o AP, A
By 45 R R MRSM Jy i 1Y 7 DU 14 RE ik — 25 4 & 5L
JU i g 1 T 2 g

R2 BAATRFEERE ResNet (2+1) D ) il 4 5e

Tab.2 Performance of ResNet ( 2+1) D with different modules.

ViRiS AUC Accuracy Sensitivity Specificity Precision
ResNet (2+1) D 0.974 0 0.919 5 0.9330 0.895 2 0.911 2
+ 5k 0.981 3 0.928 2 0.968 7 0.830 6 0.911 7

+ Z R 0.975 8 0.9253 0.937 6 0.903 2 0.917 4
MRSM 0.987 0 0.936 8 0.942 0 0.927 4 0.928 8

£ OHARR S P B R

Note The bold represents the optimal indicator in each column.
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B8 MEFH MLk, (a) MRSM; (b) ResNet (2+1) D
Fig.8 Loss function curves. (a) MRSM; ( b) ResNet ( 2
+1)D
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Fig.9 Box plots of representative deep features. (a) MRSM; (b) ResNet (2+1)D
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Tab.3 Performance comparisons between MRSM method and existing methods
ViReS AUC Accuracy Sensitivity Specificity Precision
3DResNet18 0.948 1 0.902 3 0.946 4 0.822 6 0.900 4
3DResNet34 0.936 7 0.893 7 0.937 5 0.814 5 0.889 8
3DResNet152 0.761 8 0.773 0 0.817 1 0.693 5 0.752 7
3DResNeXt50 0.8759 0.836 2 0.883 4 0.750 0 0.823 1
3DResNeXt152 0.761 8 0.649 4 0.580 4 0.774 2 0. 664 1
3DDenseNet121 0.945 7 0.8822 0.892 9 0.862 9 0.869 3
3DDenseNet169 0.960 8 0.876 4 0.906 4 0.822 6 0.865 6
i 25 R AE-svm (Y 0.916 3 0.864 9 0.905 0 0.795 3 0.827 9
i 25 $ A -RF 1V 0.924 2 0.850 6 0.882 4 0.795 3 0.882 4
B 25 i -LR [ 0.775 2 0.7126 0.796 4 0.566 9 0.7619
ResNet (2+1) D 0.974 0 0.919 5 0.933 0 0.895 2 0.911 2
MRSM 0.987 0 0.936 8 0.942 0 0.927 4 0.928 8

b S =R S ST e e

Note The bold represents the optimal indicator in each column.

E 10 MRSM ik 557 % H ROC fgk
Fig. 10 ROC curves of the MRSM method and

traditional methods.

B 11

% 4 ResNet(2+1) D/MRSM 5& % A&l P &
Tab.4 P values between ResNet(2+1) D/MRSM and

traditional method

ResNet (2+1) D MRSM
3DResNet18 0.029 7 0. 000 2
3DResNet34 0. 006 2 < 0.000 1
3DResNet152 < 0.000 1 < 0.000 1
3DResNeXt50 < 0.000 1 < 0.000 1
3DResNeXt152 < 0.000 1 < 0.000 1
3DDenseNet121 0.005 4 0. 000 5
3DDenseNet169 0.191 1 0.002 8

AW FE LSRR W A R AE ], BT B A
T T I8 9 R B S HE A RO . X2
T AR R Kk 2 A O S YRR AR, B S AN
FRIN] 370 AN M~ DA 750 440 A A 2 2, A TR0 0 X o g
BURFAE Y ) W7 23 B AW o (E 0 20 R P R AT RE A
LA TN OB A B S5 R R AL, A fiE

IANEREL B A 1 S B RE E

Fig.11 Activation maps of three samples at different time points.
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