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Classification of triple-negative breast cancer ultrasound images based on Mamba and attention mechanisms
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[ Abstract | Objective To investigate the effectiveness of a Mamba-enhanced convolutional and state-attention
network (MECSA-Net) for classifying triple-negative breast cancer (TNBC) in ultrasound images. Methods A total of 1 059
breast ultrasound images were retrospectively collected, including 166 TNBC and 893 non-TNBC images. Data augmentation
techniques were applied to mitigate class imbalance. A lightweight hybrid architecture MECSA-Net was proposed, featuring
an extraction module named SAEffBlock (shuffle-aware efficient block), which integrated a state-space modeling branch
(SSM-Branch) and a lightweight convolutional branch (EffConvBranch). Additionally, a multi-scale dilated fusion attention
module (MDFA) was incorporated before the classifier to enhance the model’s ability to perceive multi-scale structures
and model contextual information. Results MECSA-Net achieved an accuracy of 93.9%, a precision of 94.4%, an
Fl1-score of 93.9%, and an area under curve of 0.976, outperforming mainstream models, including ResNet-18, ResNet-50,
EfficientNet-B0, ViT-Base, and MedMamba-T. Confusion matrix analysis demonstrated high classification accuracy and
low misclassification rates for both TNBC and non-TNBC samples. Ablation studies confirmed the crucial roles of both the

EffConvBranch and MDFA modules in local texture representation and multi-scale structure discrimination, significantly
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enhancing classification performance and robustness. Conclusion

MECSA-Net exhibits excellent accuracy and robustness in

TNBC ultrasound image classification, indicating strong potential for clinical application and providing technical support for

the intelligent preoperative diagnosis of TNBC.

[ Key words ] triple-negative breast cancer; ultrasound images; deep learning; Mamba; state-space modeling;

attention mechanisms

[ Citation ]| YANG Y, SONG Y, ZHANG Y, et al. Classification of triple-negative breast cancer ultrasound images
based on Mamba and attention mechanisms[J]. Acad J Naval Med Univ, 2026, 47(1): 37-45. DOI: 10.16781/j.CN31-2187/

R.20250457.

FLMR T 2 AR oM s 2 e e IR R IR 2
—, HEW R 10 R8T, U E R L
P BEY L = B E LR 9 ( triple-negative breast
cancer, TNBC ) J&—fjit = #fi# % 3Z1& (estrogen
receptor, ER) | ZZIZEZ{K ( progesterone receptor,
PR) HI A Az K B 32 4K 2 (human epidermal
growth factor receptor 2, HER-2 ) [FJRFIRFL R IEE 76,
295 B A FLIRIE I 11%~20% 2 i TH=Z A5
AT B, TNBC # RIS R AR LK,
ez, EREA TR —

A R TR, SR K T ECE
RUFLIR DL, FEFL I 0 i A FLG 7 BE 7
Pz 8K, TNBC 7685 B g R il 5t
T TERRFN . ER I AN SRR, AT
FHAE U R R 22 5, SE IS B — 250 M R
PSR P, TRk Rk, FasE HHIZAbhE
FIHRE AR, Flh TNBC 54k TNBC 5444
LW, A EE G IR

AR, TRBE 2 20 7 DR R A6 B ph 22 N 2%

( convolutional neural network, CNN ) 7E =K%
ST A S S R . CNIN ZER BB RSB E |
NG TEA LS, Bz T EL s
R RAE S L (HZ R T2 BRI, CNN
it Z X RO G R B AR R ), AEALBRES A
e SO SR 0 PR X I e B — s R R
M 4 Transformer ( vision Transformer, ViT) 5| A
HEE LS, R A S K AR RO AR, ©fE
F AR GRS rh BUE 2 m T L SR, VIT 45K
2% PRI R, RREACHUR & B R, fEB2E
ARG MEA . SR TS ARRE . 5
AT RS ZS [HEHE (state space modeling,
SSM ) i it 45 1 A FEUR A  Sh A AL 4K, mT s sk
IR R, HA Mt 0] & 4 B M IRt A

F 19200 Mamba BA9 1 SSM O, i T4
B 5 G A UE RIS, 75RO 5 KA R 1k
TP @ IR, L B R 4
o1 BARKIN AT 55 bl iz B, A B TR T
FEIRS A2 Z 4 A T MM T S R A e i

Ak, FRATTHE H —Fh 3L T Mamba 5 3 &= AL
IRE A 44845 ( Mamba-enhanced convolutional
and state-attention network, MECSA-Net) .

MECSA-Net 2 & Mamba 2214 1) SSM ALl . 4 1
S5 R 5 22 R 2 W Bl 5 8 ) (multi-dilated
fusion attention, MDFA ) #iH, 511 AR FHIEHE
PO TE——m R BN (shuffle-aware efficient
block, SAEffBlock) , 753 /i = 0 S0 # 5 e i =5
[ AR A Py ] i P Xof e e S o P DX B ) 131 e
71, 4 TNBC # EG R RE B2 Wi {1 15 L4

1 #RHTE

1.1 3R RE TR AT B W R
AR A TR RS KA BR 2 B B e o — N RS Bt
BE2aBl, LA 2022 41 H £ 202445 A%
S BEA12 S TNBC L K dE TNBC ROSR ], 49 A br
e (1) 2 FRVIBRRHEHL; (2) 7FE2Hm
4 JEI N AREE AR FLB kL R 75 S (3) ol
By . T eI . HEBRARAE: (1) IRIR
s (2) REHEZEEYT; (3) Bl
B AE (fFE . Wit R Ae) o W
LR 7 RS A R 5 DR R e 2R S AR B e,
Aplio 500 ( HAfEREEEYY #2548 ) 1 LOGIQ E9 (3£
[E| GE HealthCare 28 ] ) #F 1 & 5C M. Kier il R
B RBGE BN AR ORFLDT 7800 B8 . B A
B i AR 2RI [l 7~ 12 MHz f B4R 3k, 7EA]
RETEOL T, BUAGY) THTX57 308 55 9 b K ] Pl I % 41 4L



WFELER AR 20264F 1 H 55 47 %

e 30 o

FiAs BB AR I S S0 i . e, SRR 3L
Ji A5 IR 1059 MR, Horb TNBC #8145 166 i@, 3E
TNBC 1% 893 i,

o 2 (4B S 4R 3 AEFLIEB A 22 5
(BRI, FEAHEA TR A AR HLAS R 8 350 B R}
PUHTEE T, X875 BRI U 3BT . B2
W7 LA — B, D 5 3 B 10 AEFLAREE
WG I SR B A T ST 7 1), A 3
Wik BURZA —BOE W . BRI . 565 3 (R
FEASHIGEHT 2 A7 BB 1 0T A S7 ke PR,
B 3 A BRI R 2 AR R B T e Hh s A
BN —8G HETHSTRIRIE G — L, WRN
ZREIRISWIEE IS . A i B s B 2 B A,
PREAR T (5 B B R P A R

1 F 4 5 H TNBC 5 4E TNBC FEAS H ] 47
PR BRI, AN AR AR 2 5
M R THR AL TNBC FIRBIRE 1, SR ZFPEdE
HESRIE AT TNBC HEASHEATH 3, EFEBENLIES: |
IR BB, . SERERT | RN R SR AT L
SRS, LI E TNBC FEARYRAERIE X, Bl

Patch
merging

&1

Patch
merging

), TNBC FEACKIE 166 MEY 1S 2 893 I,
9k TNBC FEA K AR HE—2L

JiA BB S8 — V8 B o3 By 224 1R R X224
BR, DasE R ARGE, JEAHME R E I TR
A AL B DL RASE R IS SAGH R L RS 3 o 5 U
Bl R4 1 786 MEFLARH A EIR, TNBC 53k
TNBC EMGECE AR 893 . RN Z Ay k4%
8 ¢ 1 ¢ I B EARER 1 Mg . BRI
WA . o, YR843 TNBC 59E TNBC El%
% 714 7, BAFLES 89 iR, MIKLES 90 iF, Bl
BTN AT — 2, NIRRT, 45
PIRRE 5 AT
12 A FRRA ABRED T —MEHT
TNBC 5 ={E TNBC # 75 5 73 5 4F: 55 IR & 1 4
Wi 2% 45 Fi) ——MECSA-Net (18 1) . % 22+ 52 5
Medmamba ™ [ %, SR 2 - 73 2 s
), SRRy i 4 SRRSO B (stage 1~4)
Wi, TP ARERE . ZRRNEIRE
FEAE . Mamba 2245 | AR SSM HLiIAT 8k kb T 1558
CNN (R RRE, FEAL PR S i DX s A T3

Ej

Patch
merging
MDFA

MECSA-Net B K284

Fig1 Overall architecture of MECSA-Net

Patch embedding denotes the process of splitting and embedding image patches, while patch merging refers to the hierarchical

merging of image blocks. MECSA-Net: Mamba-enhanced convolutional and state-attention network; SAEffBlock: Shuffle-aware

efficient block; MDFA: Multi-dilated fusion attention.
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Fig2 Schematic diagram of SAEffBlock module structure

SAEffBlock: Shuffle-aware efficient block; EffConvBranch: Efficient convolution branch; BN: Batch normalization; Conv:

Convolution; LN: Layer normalization; ReLU: Rectified linear unit; ECA: Efficient channel attention; DWConv: Depth-wise

convolution; SiLU: Sigmoid linear unit; SS2D: 2D selective scan; SSM: State space modeling.
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Fig3 Schematic diagram of MDFA module structure

MDFA: Multi-dilated fusion attention; Conv2d: 2D convolution; AvgPool2d: 2D average pooling; Cat: Concatenation; C: Channel;

H: Height; W: Width; ReLU: Rectified linear unit; Add: Addition.
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Tab 1 Performance comparison of different models in TNBC and non-TNBC classification tasks

Model Accuracy/% (n/N) Precision/% (n/N) Recall/% (n/N) Fl-score/%
ResNet-18 89.4 (161/180) 84.5 (87/103) 96.7 (87/90) 90.2
ResNet-50 92.2 (166/180) 93.2 (82/88) 91.1 (82/90) 92.1
EfficientNet-B0 88.9 (160/180) 85.0 (85/100) 94.4 (85/90) 89.5
ViT-Base 66.7 (120/180) 70.3 (52/74) 57.8 (52/90) 63.4
MedMamba-T 88.9 (160/180) 84.3 (86/102) 95.6 (86/90) 89.6
MECSA-Net 93.9 (169/180) 94.4 (84/89) 93.3 (84/90) 93.9

TNBC: Triple-negative breast cancer; MECSA-Net: Mamba-enhanced convolutional and state-attention network.
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Fig4 ROC curve analysis of MECSA-Net and

comparison model in TNBC classification task
MECSA-Net: Mamba-enhanced convolutional and state-
attention network; TNBC: Triple-negative breast cancer; ROC:

Receiver operating characteristic; AUC: Area under curve.
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MECSA-Net: Mamba-enhanced convolutional and state-

attention network; TNBC: Triple-negative breast cancer.
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Tab 2 Ablation experimental results of MECSA-Net module
Model Accuracy/% (n/N) Precision/% (n/N) Recall/% (n/N) F1-score/% AUC
Cl 86.1 (155/180) 84.2 (80/95) 88.9 (80/90) 86.5 0918
C2 88.3 (159/180) 89.7 (78/87) 86.7 (78/90) 88.1 0.947
C3 87.8 (158/180) 89.5 (77/86) 85.6 (77/90) 87.5 0.953
Cc4 93.9 (169/180) 94.4 (84/89) 93.3 (84/90) 93.9 0.976

C1: The baseline model with both EffConvBranch and MDFA removed; C2: The model with EffConvBranch removed; C3: The
model with MDFA removed; C4: The complete MECSA-Net model. MECSA-Net: Mamba-enhanced convolutional and state-attention
network; EffConvBranch: Efficient convolution branch; MDFA: Multi-dilated fusion attention; AUC: Area under curve.
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