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Multi-modality ultrasound diagnosis of the breast with
self-supervised contrastive feature learning

DING Weichang, SHI Jun, WANG Jun

(School of Communication and Information Engineering, Shanghai University, Shanghai 200444, China)

Abstract: An automatic ultrasound-based diagnosis of breast cancer has important clinical value. However, high-preci-
sion automatic diagnosis methods are very difficult to construct because many labeled data are missing. Recently, self-
supervised contrastive learning has shown great potential in using unlabeled natural images to generate discriminative
and highly generalized features. However, this approach is not applicable to using natural images to construct positive
and negative samples in the field of breast ultrasound. To this end, this work introduces the elastography ultrasound
(EUS) image and proposes a self-supervised contrastive learning method integrating multimodal information based on
the multimodal features of an EUS image. Specifically, positive and negative samples are constructed using multi-mod-
ality ultrasound images collected from the same and different patients, respectively. We construct the object learning cri-
terion of contrastive learning based on modal consistency, rotation invariance, and sample separation. The EUS informa-
tion is integrated into the model by learning the unified feature representation for both modalities in the embedding
space, which improves model performance in the downstream B-mode ultrasound classification task. The experimental
results show that our method can fully mine the high-level semantic features from unlabeled multimodal breast ultra-
sound images, thereby effectively improving the diagnosis accuracy of breast cancer.

Keywords: self-supervised learning; contrastive learning; ultrasound image; flexible ultrasound; B-mode ultrasound;

multi-modality; breast cancer; computer-aided diagnosis; deep learning
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Fig.1 Self supervised contrastive learning framework for multimodal ultrasound breast cancer diagnosis
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Table3 Comparison of the performances of network
backbone in different depths

Backbone  Ayc Acc Prg Rgc Fy

ResNet18 0.847 0.849 0.858 0.848 0.852
ResNet34 0.753 0.755 0.764 0.753 0.752
ResNet50 0.729 0.731 0.736 0.729 0.732
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Table 5 Description about classification algorithms based
on BUS modality
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Table 8 Comparison of the performances of different mul-
timodal fusion algorithms

Jrik Ayc Acc Pr Rec £y

DAAN 0.827 0.830 0.856  0.827  0.841
DSAN 0.812 0813 0812 0811 0811
JDDA 0.837  0.839  0.850  0.837  0.843

ARIT7H: 0847 0.849  0.858  0.848  0.852
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Table 6 Comparison of the performances of different clas-
sification algorithms

jj{i AUC ACC PRE REC Fl

JWSSDL 0.828  0.830 0.843  0.828  0.835
FCN-Alex 0.772  0.773  0.780  0.772  0.771

AT 0.847  0.849  0.858  0.848  0.852
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Table 9 Description about different self-supervised learn-
ing methods
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Table 10 Comparison of the performances of different
self-supervised learning methods

UREN Auc Acc Pre Rec Fy
SimCLR 0774  0.754  0.785  0.734  0.758
Invariant ~ 0.789  0.793  0.832  0.789  0.809

MoCo 0.824 0831 0786 0.836  0.810

PIRL 0.754 0777 0747 0.827  0.784
CPCv2 0805 0824 0786 0.814  0.799
AT 0.847  0.849  0.858  0.848  0.852

MoCo (4,=0.824)
PIRL (A4,=0.754)

— SimCLR (4,=0.774)
CPC v2 (4y,=0.805)
Invariant (4,,c=0.789)

— Ours (4,=0.847)
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Fig. 4 ROC curve of different self-supervised methods
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