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Abstract: Objective Breast cancer ranks first in the incidence of cancer among women worldwide , impacting the health of
the female population. Timely diagnosis of breast tumor can offer better treatment opportunities for patients. B-mode ultra-
sound (B-US) imaging contains rich spatial information such as lesion size and morphology. It is widely used in breast
tumor diagnosis because of its advantages of low cost and high safety. On this basis, with the advancement of deep learning
technology, some deep learning models have been applied to computer-aided diagnosis of breast tumor diagnosis based on

B-US to assist doctors. However, diagnosis based solely on B-US imaging results in lower specificity. Moreover, the perfor-
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mance of models trained exclusively on B-US is limited by the singular modality of information source. Contrast-enhanced
ultrasound (CEUS) can provide a second modality of information on top of B-US to improve diagnostic accuracy. CEUS
contains rich spatiotemporal information, such as brightness enhancement and vascular distribution in the lesion area, by
injecting contrast agents intravenously and capturing the information during the time window when the contrast agent flows
into the lesion area. Considering the B-US and CEUS dual-mode information comprehensively can enhance diagnostic accu-
racy. A model integrating spatiotemporal features and temporal-constrained (STFTCM) for dual-modality breast tumor diag-
nosis is proposed to effectively utilize dual-modal data for breast tumor diagnosis. Method STFTCM primarily comprises a
heterogeneous dual-branch network, a temporal attention constraint module, and feature fusion modules. On the basis of
the characteristics of dual-mode data information dimensions, STFTCM adopts a heterogeneous dual-branch structure to
extract the dual-mode feature separately. For the B-US branch, B-US consists of spatial features within the two-dimensional
frames of the video, and inter-frame transformations are not prominent. Considering that training 3D convolutional net-
works on a small dataset tends to result in overfitting due to the larger number of parameters compared with 2D convolu-
tional networks, a 2D network, ResNet-18, is used as the backbone network for feature extraction from a single frame
extracted from the video. In contrast, CEUS video frames undergo noticeable transformations during the time window when
the contrast agent flows through the lesion area, containing rich spatiotemporal information. Thus, a 3D network, R(2 + 1)
D-18, is used as the backbone network for the CEUS branch. The structure is adjusted on the basis of the backbone net-
work to ensure the feature maps extracted from corresponding layers of the dual-branch network have the same dimensions
for subsequent dual-mode fusion. On the basis of the aforementioned CEUS branch, the spatiotemporal information in
CEUS mainly resides within the time window when the contrast agent flows into the lesion area; thus, guiding the model to
focus on this time segment facilitates better learning of CEUS features on a small dataset. To address this issue, a temporal
attention loss function is proposed. An analysis of the temporal knowledge of CEUS video shows that the temporal loss func-
tion first determines the temporal attention boundary on the basis of the first-order difference of the discrete sequence of
CEUS frames luminance values and then establishes a temporal mask. Subsequently, the temporal attention loss function
guides the updating of the parameters of the R(2 + 1)D temporal convolutional kernels in the CEUS branch based on the tem-
poral mask, thereby directing the model to focus on the information during the period when the contrast agent flows into the
lesion area. Furthermore, a feature fusion module is introduced to fuse dual-mode information and thus improve prediction
accuracy by considering information from both B-US and CEUS. Model parameter size is controlled by not setting a separate
third feature fusion branch; instead, the feature fusion module facilitates feature fusion between the dual branches through
lateral connections. B-US spatial information is incorporated as supplementary data into the CEUS branch. The feature
fusion module comprises a spatial feature fusion module and an identity mapping branch. The spatial feature fusion module
combines two-dimensional spatial feature maps of B-US and three-dimensional spatiotemporal feature maps of CEUS, while
the identity mapping branch prevents loss of the original CEUS features during the fusion process. Result Comparative and
structural ablation experiments are conducted to explore the performance of STFTCM and the effectiveness of the temporal
attention constraint and feature fusion modules. Experimental data are obtained from the Shengjing Hospital of China Medi-
cal University, comprising 332 ultrasound contrast videos categorized into benign tumors, malignant tumors, and inflamma-
tions, with 101, 102, and 129 instances, respectively. Accuracy, sensitivity, specificity, macro-average F1, and area
under the curve are used as model performance evaluation metrics. In comparative experiments, STFTCM achieves an
accuracy of 0. 882, with respective scores of 0. 909, 0. 870, 0. 883, and 0. 952 for the other four metrics, outperforming
other advanced models. In single-branch model comparison experiments, both the B-US and CEUS branches of STFTCM
perform better than other advanced models. Comparative experiments between dual-branch and single-branch models dem-
onstrate the excellent performance of STFTCM. Structural ablation experiment results show that temporal attention loss con-
straint improved prediction accuracy by 5. 8 percentage points, and dual-modal feature fusion enhanced prediction accu-
racy by at least 2. 9 percentage points compared with unimodal predictions, confirming the effectiveness of the temporal
attention constraint and feature fusion modules in enhancing model performance. Additionally, visualization of model atten-
tion through class activation maps validates that the temporal attention constraint improves the model ’s attention in the tem-

poral dimension, guiding better extraction of spatiotemporal information contained in CEUS. Results from experiments
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related to the feature fusion module demonstrate that the addition of the identity mapping branch could improve prediction

accuracy by 2. 9 percentage points, further confirming the rationality of the feature fusion module s structural design. Con-

clusion STFTCM, designed based on prior knowledge, has demonstrated excellent performance for breast tumor diagnosis.

The heterogeneous dual-branch structure designed on the basis of the characteristics of dual-mode data effectively extracts

B-US and CEUS dual-mode features while reducing model parameters for better parameter optimization on small datasets.

The temporal attention loss function constrains the model s attention in the temporal dimension, guiding the model to focus

on information from the time window when the contrast agent flows into the lesion area. Furthermore, the feature fusion

module effectively implements lateral connections between dual-branch networks to fuse dual-mode features.

Key words: dual-modality breast tumor diagnosis; spatiotemporal feature; temporal attention constraint; contrast-

enhanced ultrasound(CEUS) ; B-mode ultrasound(B-US)
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Table 2 Comparative experimental results

B-US CEUS TR A B Budtk RS ETPFL AUC

N N C3D(Tran%,2015) 0.853  0.636  0.957 0.845  0.929

N N R(2+1)D(Tran % ,2018) 0.794  0.818  0.826 0796  0.864

N N TRN(Zhou % ,2018) 0.765 0364  0.957 0736 0.847
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(fi I B-US Al
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N N TAdaFormer-B/16( Huang %,2023)  0.824  0.727  0.870 0.820  0.933

N N TAdaFormer-L/14(Huang %,2023)  0.853  0.727 0913 0.847  0.944
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Table 3 Experimental results of temporal attention loss function ablation

B-US CEUS B T) v 8 1 2R NGBS UM e FTHF AUC
N N N 0.882 0.909 0.870 0.883 0.952
N N - 0.824 0.636 0.913 0.809 0.917
- N N 0.853 0.727 0913 0.842 0.947
- N - 0.824 0.545 0.957 0.810 0.897
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Fig. 7 The CAM images and temporal attention diagram of the ablation experiment on temporal attention loss function

((a) CAM images; (b) temporal attention diagram of model)
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Table 4 The results of feature fusion ablation experiments

B-US CEUS IEffiR #ustE &t 207 F1 AUC
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Table 5 The experimental results of feature fusion module identity mapping branch and feature fusion period

B-US & CEUS

12 22 Hi3 2 WaZ ESMUE O ERR U RERM BT AUC
N N N - 0.853 0.818 0.870 0.851 0.915

- - N 0.824 0.727 0.870 0.820 0.939

- - N N N 0.853 0.727 0.913 0.847 0.902

N N N N N 0.882 0.909 0.870 0.883 0.952

LR SR A T AR 3, N FR S R Rl A R B B S 4332, = B R 3 I Rl A BB i S L 4

3.6 HEMRIHIEK

T IRGEIN LR T v B-US 43 32 70 25401 2k pR B
FICEUS 43 32 40 1 % BRI 5 | A2 A5 e 4 FHsE A
PERE , AR SO /3 A K sRBIGHEAT T A QI 5286 . 52
56 T 43 SR FHAS ) 1) 2 2 2 eRER A A HEA T AR TR 1Y)
I[Ez

ST AR AN 6 Fr s, VI i FE R A e
R 3 01 % BT A9 AR Y 1) TE it 256 g 82. 4%, i 75 H 5
filt WS i CEUS 43 32 43 25450 2% L 1E i R 42 7+ =
85. 3%, TEfllA FRIE 43 JE 4 2K 1 LAl i A CEUS
Oy SCA A IS T 5 | AR AR T4 i i B CEUS FRAE
[F] B A7 Bl T UL AE B Rl A o HJ2 B-US 43 3253

AR RN RAE 53 245 2% R 4 6 el A S 7R T 1
B R AT R AR S BRI R BBl A
N H G B-US 4332 43 40 2k 25 A5 1SR T fip 5¢
T B-USHFFAE RS2, 1 20 T B-US #1EFl CEUS
FRAE By Rl A B 2 [ g R 3 AN 2 Ak R gk
i, AR R AE Z A2 T B-US Ml CEUS S 1F A9 3R, M 7E
e SRR Z [ A Rl A o PRI 2545 2] A AR 7Y
PERE A AL AT TN %) 1T A 2R 5 35 88. 2%

A S IE B AR RIS o B TR % BB CEUS
O3 ARG B-US 43 3 A R Al A R E o0 2
PARAT B T 5| SR B G b B OS5 2, AT
BTG S EERL 4

R6 DEMARAHKBER

Table 6 The experimental results of the classification loss function

B-US & CEUS

CEUS 732841k B-US/rZEdiise  RERAEAAAL BRI U FEs I FL AUC
- - N 0.824 0.545 0.957 0.811 0.906

- N N 0.794 0.636 0.870 0.790 0.888

N - N 0.853 0.727 0.913 0.847 0.946

N N N 0.882 0.909 0.870 0.883 0.952
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