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 A B S T R A C T

Multimodal ultrasound combining B-mode ultrasound (BUS) and contrast-enhanced ultrasound (CEUS) has 
become a powerful tool for diagnosing superficial nodules in the thyroid and breast, leveraging the com-
plementary strengths of BUS spatial structure and CEUS temporal hemodynamics. However, existing fusion 
methods typically treat both modalities symmetrically or focus solely on modality-specific features, overlooking 
the inherent asymmetric bidirectional guidance between BUS spatial context and CEUS perfusion dynamics. 
To address this limitation, we propose AsyCMST, an asymmetric cross-modal spatio-temporal network for 
multimodal ultrasound nodule diagnosis. First, we design a multi-task learning module to enhance modality-
specific representations, where frame self-sorting distills canonical contrast perfusion patterns in CEUS, while 
nodule segmentation reinforces precise lesion localization in BUS. Second, we propose an asymmetric cross-
modal spatio-temporal attention mechanism to enable clinically meaningful directional interaction: BUS 
spatial cues guide CEUS temporal modeling toward lesion-relevant regions, and CEUS hemodynamic evolution 
refines ambiguous structural patterns in BUS. This design effectively captures the asymmetric interdependency 
between structure and function. Experiments on thyroid and breast datasets demonstrate that AsyCMST signifi-
cantly outperforms state-of-the-art video understanding and multimodal ultrasound fusion methods in accuracy, 
𝐹1-score, AUC, and cross-dataset generalization. These results validate the effectiveness of knowledge-driven 
asymmetric fusion and highlight its potential to advance clinical adoption of multimodal ultrasound analysis.
. Introduction

Ultrasound imaging is a highly effective, non-invasive modality for 
xamining superficial organs such as the thyroid (Shen et al., 2025; 
ang et al., 2022) and breast (Shen et al., 2021; Yan et al., 2024), 
wing to its real-time capability and safety. B-mode ultrasound (BUS), 
he most widely used ultrasound technique, provides clear visualization 
f static tissue texture, nodule location, morphology, and boundary 
haracteristics (Lin et al., 2024; Zheng et al., 2020). However, BUS is 
imited in capturing dynamic blood flow information, which is critical 

I This work was supported in part by the National Key Research and Development Program of China under Grant No. 2025ZD0217300, Fundamental 
nd Interdisciplinary Disciplines Breakthrough Plan of the Ministry of Education of China under Grant No. JYB2025XDXM504, the National Natural Science 
oundation of China under Grant No. 62501462, Guangdong Major Project of Basic and Applied Basic Research under Grant No. 2023B0303000009, the 
undamental Research Funds for the Central Universities under Grant Nos. xtr062025010 and xzy022024010, Xi’an Science and Technology Plan under Grant 
o. 24ZDCYJSGG0022HZ, and Joint Funds of the Natural Science Foundation of Tianjin under Grant No. 25JCLMJC00280. The program is available at 
ttps://github.com/HongchengHan/AsyCMST.
∗ Corresponding authors.
E-mail addresses: dushaoyi@xjtu.edu.cn (S. Du), wangjuan@xjtu.edu.cn (J. Wang).

for assessing lesion malignancy and often constrains diagnostic perfor-
mance in complex cases. With the increasing adoption of multimodal 
ultrasound (Qian et al., 2021), contrast-enhanced ultrasound (CEUS) 
has gained prominence for its superior ability to depict soft-tissue 
hemodynamics and perfusion patterns. By integrating BUS and CEUS, 
multimodal ultrasound enables a more comprehensive evaluation of 
nodule properties.

As shown in Fig.  1(a), BUS and CEUS are deeply interdependent. 
BUS provides high-resolution spatial details, such as nodule size, shape, 
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 data mining, AI training, and similar technologies. 

https://www.elsevier.com/locate/media
https://www.elsevier.com/locate/media
https://orcid.org/0009-0000-7759-6058
https://orcid.org/0000-0002-3669-3748
https://orcid.org/0000-0003-1860-7815
https://orcid.org/0009-0002-6229-6698
https://orcid.org/0000-0003-2322-9644
https://orcid.org/0009-0003-8549-4758
https://orcid.org/0000-0001-7984-8802
https://orcid.org/0000-0001-9780-0845
https://orcid.org/0000-0002-7092-0596
https://orcid.org/0000-0003-2273-0138
https://github.com/HongchengHan/AsyCMST
mailto:dushaoyi@xjtu.edu.cn
mailto:wangjuan@xjtu.edu.cn
https://doi.org/10.1016/j.media.2026.104127
https://doi.org/10.1016/j.media.2026.104127


H. Han et al.

 

 

Medical Image Analysis 112 (2026) 104127 
Fig. 1.  Motivation and concept of the proposed asymmetric cross-modal 
spatio-temporal correlation mechanism. (a) Spatial and temporal characteris-
tics of BUS and CEUS videos. BUS videos provide richer spatial details, whereas 
CEUS videos offer more detailed temporal information. (b) Illustration of 
the proposed cross-modal spatio-temporal correlation mechanism. The B-to-C 
query associates the feature vector of a B-mode ultrasound (BUS) with feature 
vectors at corresponding spatial locations in each frame of contrast-enhanced 
ultrasound (CEUS), using cross-attention to leverage CEUS temporal features 
for enhanced understanding of BUS structural textures. Conversely, the C-to-
B query links a CEUS feature vector with feature vectors across all spatial 
locations in the corresponding BUS frame, employing cross-attention to utilize 
BUS structural texture information to guide CEUS temporal feature extraction. 
This bidirectional association enables complementary modality advantages, 
yielding robust spatio-temporal features for improved nodule diagnosis.

margins, and echotexture, which are essential for morphological eval-
uation (Wang et al., 2022). CEUS captures dynamic perfusion patterns, 
including wash-in/wash-out timing and rim enhancement, critical for 
assessing vascularity and malignancy (Ruan et al., 2022). Clinically, 
CEUS interpretation relies on BUS-defined lesion boundaries to localize 
perfusion analysis, while CEUS clarifies ambiguous BUS features, such 
as infiltration or cystic components. This bidirectional complementarity 
enables comprehensive diagnosis but requires advanced cross-modal 
correlation modeling. Effective fusion needs to align BUS spatial con-
text with CEUS temporal dynamics, allowing structural cues to guide 
hemodynamic analysis and functional signals to refine morphological 
understanding. Such synergy motivates the need for robust cross-modal 
spatio-temporal learning beyond simple feature aggregation.

Recent advances in deep learning have significantly advanced mul-
timodal medical image analysis (Huang et al., 2021; He et al., 2025), 
particularly in nodule diagnosis (Han et al., 2025; Zhang et al., 2024). 
Many existing fusion methods employ multi-branch architectures to 
2 
extract modality-specific features from BUS and CEUS independently, 
followed by concatenation or summation (Cai et al., 2024; Qu et al., 
2025). Such data-driven approaches, however, fail to establish mean-
ingful inter-modal relationships, leading to modality bias, erroneous 
feature learning, and compromised robustness and generalization. Some
methods enhance cross-modal interaction through skip connections or 
regularization across model stages (Roy et al., 2023; Wu et al., 2025), 
improving fusion efficiency. Yet, they treat modalities symmetrically 
and lack task-specific prior guidance, limiting their ability to capture 
complementary advantages under data scarcity or noise. Although 
ultrasound-specific methods incorporate domain knowledge, such as 
key frame selection (Gong et al., 2022), perfusion curves (Chen et al., 
2021), or infiltrative region focus (F. Chen et al., 2024), they typically 
enhance only spatial or temporal features in isolation or establish uni-
directional cross-modal links. This results in asymmetric bidirectional 
dependencies between BUS spatial context and CEUS hemodynamic 
evolution remaining unmodeled, causing diagnostic failures when one 
modality is ambiguous.

To address these limitations, we propose AsyCMST, a novel asym-
metric cross-modal spatio-temporal learning framework for multimodal 
ultrasound nodule diagnosis. Inspired by clinical workflows where 
radiologists jointly interpret BUS spatial structure and CEUS perfusion 
dynamics, AsyCMST explicitly models their asymmetric yet bidirec-
tional interdependence. BUS provides anatomical context to anchor 
CEUS temporal analysis, while CEUS resolves structural ambiguities in 
BUS. Our approach introduces two tightly integrated innovations. First, 
a multi-task spatio-temporal feature enhancement module simultane-
ously performs nodule segmentation in BUS to reinforce spatial seman-
tics and frame self-sorting in CEUS to distill perfusion-critical phases, 
establishing modality-tailored, noise-robust representations. Second, an 
asymmetric cross-modal spatio-temporal attention mechanism, illus-
trated in Fig.  1(b), enables directional guidance. BUS spatial features 
steer CEUS temporal modeling toward lesion-specific hemodynamics, 
while CEUS dynamics refine subtle or infiltrative patterns in BUS. 
Unlike symmetric attention, this design respects modality-specific roles, 
suppresses redundancy, and enhances fusion precision.

By hierarchically aligning structure and function across space and 
time, AsyCMST achieves superior diagnostic accuracy and clinical in-
terpretability. The main contributions of this work are:

• We propose AsyCMST, an asymmetric cross-modal spatio-temporal
network for multimodal ultrasound nodule diagnosis. By design-
ing a novel cross-modal attention mechanism tailored to the 
characteristics of CEUS and BUS, we enhance inter-modal cor-
relation modeling, improving feature fusion quality and nodule 
diagnostic accuracy.

• We design a spatio-temporal feature enhancement module based 
on multi-task learning, utilizing frame self-sorting and nodule 
segmentation tasks to guide the model in capturing CEUS’s hemo-
dynamic patterns and BUS’s structural texture information, laying 
a robust foundation for cross-modal spatio-temporal correlation.

• Experimental results demonstrate that AsyCMST outperforms ex-
isting video understanding and multimodal ultrasound analy-
sis methods, providing a reliable and robust solution for nod-
ule recognition through advanced cross-modal spatio-temporal 
modeling.

2. Related work

The task addressed in this work is video-based nodule classification 
using paired B-mode ultrasound (BUS) and contrast-enhanced ultra-
sound (CEUS). As such, prior research in multimodal medical data 
fusion and spatio-temporal modeling for video understanding offers 
valuable insights. The following subsections briefly review and analyze 
relevant works from these two perspectives.
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2.1. Multimodal medical data fusion

Multimodal fusion in medical imaging integrates complementary 
data sources to improve diagnostic accuracy. Early methods relied 
on handcrafted features, such as pixel-wise fusion of CT and MRI 
textures (Zhu et al., 2021) or decision-level ensembles (Du et al., 
2016). With deep learning, convolutional neural networks (CNNs) (He 
et al., 2016) and vision transformers (ViTs) (Dosovitskiy et al., 2021; 
Liu et al., 2021) enabled automated feature extraction. Cai et al. 
(2024) proposed a multi-branch CNN for multi-parameter MRI lesion 
diagnosis, using modality-specific encoders and feature map concatena-
tion. Qin et al. (2019) combined B-mode ultrasound and elastography 
via early and late fusion networks. Later, Qian et al. (2020) developed a 
hierarchical model with dual CNNs for B-mode ultrasound and Doppler, 
followed by MLP-based fusion. While effective in some scenarios, these 
approaches fail to model inter-modal relationships, leading to modality 
bias, redundant features, and limited robustness.

To enhance interaction, recent works introduce cross-modal connec-
tions. Roy et al. (2023) proposed the multimodal fusion Transformer 
(MFT), using cross-attention between transformer blocks to align cor-
responding regions across modalities. Black and Souvenir (2024) intro-
duced a hybrid fusion model with mutual distillation, aligning multi-
source information via multi-loss supervision. Wu et al. (2025) devel-
oped FC-Former, employing fully-connected self-attention to capture 
multi-scale cross-modal patterns. These methods better exploit modal-
ity advantages but lack prior knowledge guidance and struggle with 
limited data, particularly in fusing BUS spatial structures and CEUS 
temporal dynamics.

Ultrasound-specific methods incorporate radiologist expertise. Gong 
et al. (2022) proposed BUS-Net, selecting key frames from BUS via hard 
example mining, extracting shape features, and fusing with CEUS video 
encodings. Chen et al. (2021) introduced domain knowledge-powered 
learning, using physician-labeled time-intensity curves to guide CEUS 
hemodynamics and comparing BUS-CEUS nodule contours to assess in-
filtration.  F. Chen et al. (2024) further modeled sonographer reasoning 
with temporal attention on CEUS perfusion, guided by BUS structure to 
focus on infiltrative regions. While these approaches leverage clinical 
knowledge, they insufficiently model bidirectional guidance — BUS 
informing CEUS and vice versa — leaving fusion incomplete when one 
modality is ambiguous.

Despite these advances, existing approaches predominantly adopt 
symmetric fusion paradigms that treat BUS and CEUS as equal contrib-
utors. This overlooks the directional dependency, BUS provides spatial 
context essential for interpreting CEUS perfusion patterns, while CEUS 
offers functional cues to resolve ambiguous BUS textures. Consequently, 
incomplete bidirectional guidance leads to suboptimal feature align-
ment, increased noise sensitivity, and reduced robustness in clinically 
challenging cases.

2.2. Spatio-temporal learning for video understanding

Spatio-temporal modeling is foundational to video understanding 
(Abdar et al., 2024). Early 3D CNNs, such as C3D (Tran et al., 2015), 
jointly processed spatial and temporal dimensions but incurred high 
computational overhead. R(2+1)D (Tran et al., 2018) and SlowFast (Fe-
ichtenhofer et al., 2019) improved efficiency by decomposing con-
volutions into separate spatial and temporal pathways, excelling in 
action recognition. Transformer-based models further advanced the 
field, ViViT (Arnab et al., 2021) factorizes space–time attention into 
independent spatial and temporal self-attention modules, while Video 
Swin Transformer (Liu et al., 2022) employs shifted window attention 
for hierarchical video representation. These methods effectively capture 
long-range dependencies in natural videos with structured motion.

However, they assume homogeneous input and symmetric spatio-
temporal dynamics, which poorly align with BUS-CEUS video pairs. 
ViViT, for instance, applies identical spatial attention across frames, 
3 
failing to distinguish BUS’s static structural consistency from CEUS’s 
evolving perfusion patterns. Its temporal attention treats all time steps 
equally, unable to prioritize contrast wash-in/wash-out phases critical 
for malignancy assessment. Moreover, ViViT processes each modality 
independently before late fusion, missing opportunities to use BUS 
nodule boundaries to guide CEUS perfusion localization.

Multimodal video frameworks like MFT (Roy et al., 2023) and FC-
Former (Wu et al., 2025) introduce cross-attention between streams, 
but their symmetric designs treat BUS and CEUS equivalently, ignor-
ing that BUS provides spatial anchors for CEUS temporal analysis, 
while CEUS offers functional context to resolve BUS ambiguities, such 
as isoechoic lesions. In medical video, spatio-temporal models have 
been applied to echocardiography (Fermann et al., 2024; Wang et al., 
2025) and elastography (Kijanka and Urban, 2024), focusing on cardiac 
motion or tissue deformation. Ultrasound-specific methods, such as 
BUS-Net (Gong et al., 2022), DKPD (Chen et al., 2021), and DAST (F. 
Chen et al., 2024), adapt 3D backbones for nodule diagnosis but rely on 
late fusion, neglecting asymmetric cross-modal guidance, BUS inform-
ing CEUS perfusion interpretation and CEUS enhancing BUS boundary 
delineation in infiltrative cases.

In summary, modality-agnostic designs fail to address ultrasound-
specific challenges: high frame redundancy, subtle hemodynamic mo-
tion, and the need for directional alignment between BUS spatial 
anchors and CEUS temporal evolution. This results in inefficient feature 
utilization and limited diagnostic sensitivity in complex nodule cases.

In conclusion: both fields suffer from symmetric fusion paradigms 
that overlook the asymmetric informational roles of BUS and CEUS. 
Multimodal medical fusion neglects bidirectional guidance, while video 
understanding models ignore ultrasound-specific spatio-temporal het-
erogeneity. Critically, no prior work jointly enables modality-specific 
enhancement and directional cross-modal interaction across the full 
hierarchy. To bridge this gap, we propose AsyCMST, which intro-
duces asymmetric cross-modal spatio-temporal attention to enable BUS-
guided CEUS temporal modeling and CEUS-enhanced BUS refinement, 
supported by a multi-task enhancement module. This design achieves 
robust, interpretable, and clinically meaningful fusion for multimodal 
ultrasound nodule diagnosis.

3. Methodology

3.1. Overall framework

The proposed AsyCMST framework is designed to enhance multi-
modal ultrasound nodule diagnosis by establishing a knowledge-driven, 
asymmetric cross-modal interaction between B-mode ultrasound (BUS) 
and contrast-enhanced ultrasound (CEUS). As depicted in Fig.  2, the ar-
chitecture integrates modality-specific feature enhancement with direc-
tional cross-modal fusion, enabling robust alignment of spatial structure 
and temporal hemodynamics.

Given synchronized video inputs 𝑉𝐶 , 𝑉𝐵 ∈ R𝑇×𝐻 ′×𝑊 ′×𝐶 , where 𝑇 , 
𝐻 ′, 𝑊 ′ and 𝐶 represent the number of frames, height, width and the 
number of channels, two ResNet-18 (He et al., 2016) backbones with 
𝐷 output channels are employed as modality-specific encoders. These 
networks process each frame independently to extract low-level vi-
sual features while downsampling spatial resolution, producing feature 
sequences 𝐹𝐶 , 𝐹𝐵 ∈ R𝑇×𝐻×𝑊 ×𝐷.

To strengthen intra-modal representation learning, a multi-task 
spatio-temporal feature enhancement module is introduced, as shown 
in Fig.  2(b). For the CEUS stream, a frame self-sorting (FSS) task 
supervises the model to recognize canonical contrast perfusion dy-
namics, such as agent inflow and clearance, thereby attenuating noise 
from irrelevant fluctuations. This is optimized via loss term FSS. 
In parallel, the BUS stream undergoes nodule segmentation (NS) su-
pervision to precisely delineate lesion boundaries, reducing interfer-
ence from surrounding anatomical structures including vessels and 
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Fig. 2.  Overall framework of the proposed AsyCMST. (a) Frame feature extraction module. CEUS and BUS video frames (𝑇  frames each) are processed by two 
2D ResNet18-based encoders to extract per-frame features. (b) Spatio-temporal feature enhancement module. CEUS features are enhanced via frame self-sorting 
to capture hemodynamic temporal patterns, BUS features are supervised by nodule segmentation to learn structural and texture details. (c) Cross-modal spatio-
temporal correlation network. Flattened 2D CNN features (𝑇 × 𝑁 × 𝐷) with positional encoding are processed through blocks of spatio-temporal self-attention 
and cross-modal spatio-temporal attention to produce fused CEUS and BUS features. (d) Asymmetric cross-modal spatio-temporal attention module. BUS tokens 
query all temporal frames at the same spatial location in CEUS, enabling perfusion dynamics to guide structural representation. Conversely, CEUS tokens query 
all spatial tokens in the corresponding BUS frame, allowing anatomical context to steer temporal perfusion modeling. This design establishes clinically aligned 
cross-modal associations while reducing redundant computation. (e) Classifier. A fully connected layer performs benign-malignant nodule classification.
 

parenchyma, guided by Seg. These auxiliary tasks collectively refine 
modality-specific feature quality prior to cross-modal integration.

Following enhancement, frame-level features are spatially flattened 
and augmented with learnable absolute positional encodings, yielding 
latent sequences 𝑋(0)

𝐶 , 𝑋(0)
𝐵 ∈ R𝑇×𝑁×𝐷, where 𝑁 = 𝐻 × 𝑊 . These 

are processed by a dual-branch transformer backbone comprising 𝐿
stages. Within each stage, intra-modal spatio-temporal correlations are 
modeled using spatio-temporal self-attention (STSA) modules adapted 
from ViViT (Arnab et al., 2021).

Cross-modal fusion is achieved through an asymmetric cross-modal 
spatio-temporal attention (ACMST) module, illustrated in Fig.  2(d). The 
ACMST employs asymmetric query-key interactions to enforce clini-
cally informed guidance: BUS-derived spatial context directs CEUS tem-
poral modeling toward lesion-relevant perfusion, while CEUS hemody-
namic evolution refines ambiguous or infiltrative patterns in BUS. This 
directional mechanism contrasts with symmetric attention, better cap-
turing modality-specific roles and mitigating information redundancy.

At the final stage, features 𝑋(𝐿)
𝐶  and 𝑋(𝐿)

𝐵  are aggregated via element-
wise summation and performed global average pooling. Then, it is fed 
into a fully connected classifier, as shown in Fig.  2(e). Classification is 
supervised using cross-entropy loss Diag.

By hierarchically integrating enhanced modality-specific representa-
tions with asymmetric cross-modal spatio-temporal attention, AsyCMST 
establishes a robust information fusion pathway that aligns anatomi-
cal structure with functional perfusion, significantly improving diag-
nostic accuracy and clinical interpretability in multimodal ultrasound 
analysis.
4 
3.2. Spatio-temporal feature enhancement based on multi-task learning

To establish robust and clinically meaningful modality-specific rep-
resentations prior to cross-modal fusion, we introduce a spatio-temporal
feature enhancement module grounded in multi-task learning. This 
module leverages radiological prior knowledge to suppress noise and 
strengthen discriminative feature learning in both B-mode ultrasound 
(BUS) and contrast-enhanced ultrasound (CEUS) streams. By aligning 
model behavior with established diagnostic principles, it provides a 
solid foundation for subsequent asymmetric cross-modal interaction.

In CEUS, contrast agent dynamics follow a canonical temporal 
pattern: rapid enhancement during arterial inflow, peak intensity, and 
gradual washout. Capturing this progression is essential for distin-
guishing malignant from benign perfusion behaviors. In BUS, accurate 
nodule localization is critical for isolating lesion-specific structural fea-
tures from surrounding anatomy, including vessels, parenchyma, and 
artifacts. To embed these priors, we design two complementary auxil-
iary tasks: frame self-sorting (FSS) for CEUS and nodule segmentation 
(NS) for BUS.

For the FSS in the CEUS stream, as Fig.  3 shows, given CEUS feature 
maps 𝐹𝐶 ∈ R𝑇×𝐻×𝑊 ×𝐷, we extract per-frame representations via a 
hybrid global pooling operation. Each frame 𝐹 𝑡

𝐶 ∈ R𝐻×𝑊 ×𝐷 is processed 
as: 

𝑣𝑡 =
1
2
𝑓GAP(𝐹 𝑡

𝐶 ) +
1
2
𝑓GMP(𝐹 𝑡

𝐶 ), (1)

where 𝑓GAP and 𝑓GMP denote global average and max pooling, respec-
tively. The resulting sequence {𝑣 }𝑇 ∈ R𝐷 preserves both dominant 
𝑡 𝑡=1
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Fig. 3.  Illustration of the frame self-sorting learning in the multi-task spatio-
temporal feature enhancement module.

Algorithm 1 Frame self-sorting for CEUS temporal feature enhance-
ment
Require: CEUS feature maps 𝐹𝐶 ∈ R𝑇×𝐻×𝑊 ×𝐷, MLP 𝑓MLP, soft 

clamping threshold 𝜑
Ensure: Temporal ranking loss FSS
1: Per-frame features: 𝐹 𝑡

𝐶 ← 𝑋𝐶 [𝑡, ∶, ∶, ∶] for 𝑡 = 1 to 𝑇
2: Hybrid pooling: 𝑣𝑡 ← 1

2𝑓GAP(𝐹
𝑡
𝐶 ) +

1
2𝑓GMP(𝐹

𝑡
𝐶 )

3: Predict temporal index: 𝑠𝑡 ← 𝑓MLP(𝑣𝑡)
4: Initialize loss: FSS ← 0
5: for 𝑡 = 1 to 𝑇 − 1 do
6:  for 𝑖 = 𝑡 + 1 to 𝑇  do
7:  𝑓Sort(𝑠𝑡, 𝑠𝑖) ← − log(min(𝜎(𝑠𝑖 − 𝑠𝑡), 𝜑))
8:  FSS ← FSS + 𝑓Sort(𝑠𝑡, 𝑠𝑖)
9:  end for
10: end for
11: Normalize: FSS ← FSS∕

1
2 (𝑇 ⋅ (𝑇 − 1))

12: return FSS

and salient activation patterns across frames. A two-layer multi-layer 
perception 𝑓MLP then predicts a scalar temporal index score: 
𝑠𝑡 = 𝑓MLP(𝑣𝑡) ∈ R. (2)

Instead of regressing absolute frame indices, we adopt a pairwise 
ranking objective to learn relative temporal ordering. This approach is 
robust to sequence-level shifts such as delayed contrast arrival and en-
forces global consistency across multiple frame comparisons, ensuring 
the model captures the canonical perfusion progression despite local 
noise. The frame self-sorting loss is defined as: 

FSS =
2

𝑇 ⋅ (𝑇 − 1)

𝑇−1
∑

𝑡=1

( 𝑇
∑

𝑖=𝑡+1
𝑓Sort(𝑠𝑡, 𝑠𝑖)

)

, (3)

𝑓Sort(𝑠𝑡, 𝑠𝑖) = − log
(

min( 1
1 + exp(𝑠𝑡 − 𝑠𝑖)

, 𝜑)
)

, (4)

where 𝑓Sort(𝑠𝑡, 𝑠𝑖) applies a sigmoid with soft clamping thresholds 𝜑 =
0.9. This prevents outlier frames, caused by motion, gain changes, 
or artifacts, from inducing conflicting ranking signals and unstable 
gradients. By limiting overconfidence in ambiguous pairs, it stabilizes 
training while preserving the dominant physiological perfusion trend 
such as wash-in/wash-out, ensuring robust and clinically coherent tem-
poral learning. The full FSS procedure is outlined in Algorithm 1, where 
𝜎 represents the sigmoid function.

For the BUS stream, frames with annotated nodule masks are pro-
cessed by a lightweight mask decoder (J. Chen et al., 2024). The de-
coder upsamples spatial features using transposed convolutions. Since 
the goal of segmentation is to guide the model in learning spatial 
information within BUS, skip connections from the encoder to the 
decoder are omitted. Segmentation is supervised using the Dice loss: 

Seg = 1 −
2
∑

𝑝𝑖𝑔𝑖 + 𝜀
∑ ∑ , (5)
𝑝𝑖 + 𝑔𝑖 + 𝜀

5 
Fig. 4.  Illustration of the asymmetric cross-modal spatio-temporal attention 
between CEUS and BUS feature maps.

where 𝑝𝑖 and 𝑔𝑖 denote the predicted probabilities and ground-truth 
labels, respectively, and 𝜀 = 10−6 is a normalization coefficient in-
troduced to prevent division by zero. This task enforces precise lesion 
localization, filtering out confounding background structures.

Through joint optimization of FSS and Seg, the module signifi-
cantly enhances temporal coherence in CEUS and spatial specificity 
in BUS. These refined representations serve as high-quality inputs 
to the subsequent asymmetric cross-modal attention mechanism, en-
abling more effective and clinically aligned information fusion across 
modalities.

3.3. Asymmetric cross-modal spatio-temporal attention

The fusion of CEUS and BUS in nodule diagnosis relies on their 
complementary information: CEUS captures rich temporal hemody-
namic patterns through contrast agent dynamics, while BUS provides 
clear spatial structural context. These modalities are inherently inter-
dependent. Spatial variations in CEUS perfusion intensity can guide the 
localization of subtle nodules in BUS that are isoechoic with surround-
ing tissue. Conversely, well-defined anatomical boundaries in BUS help 
focus CEUS analysis on lesion-relevant regions, filtering out irrelevant 
vascular signals. This bidirectional guidance is asymmetric in nature: 
spatial context from BUS anchors temporal interpretation in CEUS, 
while functional perfusion from CEUS refines structural ambiguity in 
BUS. Symmetric fusion mechanisms fail to capture this directional 
dependency, limiting diagnostic precision.

To address this, we propose the asymmetric cross-modal spatio-
temporal attention (ACMST) module, which establishes clinically mean-
ingful, directional interactions between modalities. As Fig.  4 shows, 
given input features from layer 𝑙, 𝑋(𝑙)

𝐶 , 𝑋(𝑙)
𝐵 ∈ R𝑇×𝑁×𝐷, each stream 

first passes through its respective spatio-temporal self-attention mod-
ule to produce refined intra-modal representations 𝑋′(𝑙)

𝐶 , 𝑋
′(𝑙)
𝐵 . Linear 

projections then generate query, key, and value tensors:

[𝑄𝐶 , 𝐾𝐶 , 𝑉𝐶 ] = 𝑓𝐶
Linear(𝑋

′(𝑙)
𝐶 ), (6)

[𝑄𝐵 , 𝐾𝐵 , 𝑉𝐵] = 𝑓𝐵
Linear(𝑋

′(𝑙)
𝐵 ), (7)

where 𝑓𝐶
Linear and 𝑓𝐵

Linear are linear layers, all with dimension 𝐷. Then, 
they are split into 𝑀 tensors along the depth dimension for multi-head 
attention to extract the multiple correlation relationships between BUS 
and CEUS, where 𝑀 is the number of heads, and each tensor naturally 
has a depth dimension of 𝑑 = 𝐷∕𝑀 . The core innovation lies in the 
asymmetric attention computation. To enable CEUS temporal perfusion 
to guide BUS structural representation, which is realized through BUS-
to-CEUS query, in the ℎ-th attention head, the token at time 𝑡 and 
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Algorithm 2 Asymmetric Cross-Modal Spatio-Temporal Attention 
(ACMST)

Require: 𝑋
′(𝑙)
𝐶 , 𝑋

′(𝑙)
𝐵 ∈ R𝑇×𝑁×𝐷, number of attention heads 𝑀 , linear 

projections 𝑓𝐶
Linear, 𝑓

𝐵
Linear, output projections 𝑊 𝑂

𝐶  and 𝑊 𝑂
𝐵

Ensure: 𝑋(𝑙+1)
𝐶 , 𝑋(𝑙+1)

𝐵

1: Compute Q, K and V: [𝑄𝐶 , 𝐾𝐶 , 𝑉𝐶 ] ← 𝑓𝐶
Linear(𝑋

′(𝑙)
𝐶 ), [𝑄𝐵 , 𝐾𝐵 , 𝑉𝐵] ←

𝑓𝐵
Linear(𝑋

′(𝑙)
𝐵 )

2: Split 𝑄𝐶 , 𝐾𝐶 , 𝑉𝐶 , 𝑄𝐵 , 𝐾𝐵 , 𝑉𝐵 to 𝑀 heads along depth dimension, 
gets 𝑄ℎ

𝐶 , 𝐾
ℎ
𝐶 , 𝑉

ℎ
𝐶 , 𝑄ℎ

𝐵 , 𝐾
ℎ
𝐵 , 𝑉

ℎ
𝐵 , ℎ ∈ [1,𝑀], 𝑑 = 𝐷∕𝑀

3: # Att𝐵←𝐶 : Temporal perfusion guides spatial structure
4: for each ℎ ∈ [1,𝑀], 𝑡 ∈ [1, 𝑇 ], 𝑛 ∈ [1, 𝑁] do
5:  score ← 𝑄ℎ

𝐵[𝑡, 𝑛] ⋅ (𝐾
ℎ
𝐶 [∶, 𝑛])

⊤∕
√

𝑑
6:  Attℎ𝐵←𝐶 (𝑡, 𝑛) ← softmax(score) ⋅ 𝑉 ℎ

𝐶 [𝑡, 𝑛]
7: end for
8: Att𝐵←𝐶 ← Concat({Attℎ𝐵←𝐶 |ℎ ∈ [1,𝑀]}) ⋅𝑊 𝑂

𝐵
9: # Att𝐶←𝐵 : Spatial context anchors temporal dynamics
10: for each ℎ ∈ [1,𝑀], 𝑡 ∈ [1, 𝑇 ], 𝑛 ∈ [1, 𝑁] do
11:  score ← 𝑄ℎ

𝐶 [𝑡, 𝑛] ⋅ (𝐾
ℎ
𝐵[𝑡, ∶])

⊤∕
√

𝑑
12:  Attℎ𝐶←𝐵(𝑡, 𝑛) ← softmax(score) ⋅ 𝑉 ℎ

𝐵 [𝑡, 𝑛]
13: end for
14: Att𝐶←𝐵 ← Concat({Attℎ𝐶←𝐵|ℎ ∈ [1,𝑀]}) ⋅𝑊 𝑂

𝐶
15: # Update outputs:
16: 𝑋(𝑙+1)

𝐶 ← FFN(LN(𝑋
′(𝑙)
𝐶 + Att𝐶←𝐵))

17: 𝑋(𝑙+1)
𝐵 ← FFN(LN(𝑋

′(𝑙)
𝐵 + Att𝐵←𝐶 ))

18: return 𝑋(𝑙+1)
𝐶 , 𝑋(𝑙+1)

𝐵

spatial position 𝑛 in BUS uses its query 𝑄ℎ
𝐵[𝑡, 𝑛] to attend over all 

temporal frames at the same spatial location in CEUS: 

Attℎ𝐵←𝐶 (𝑡, 𝑛) = softmax
(

𝑄ℎ
𝐵[𝑡, 𝑛] ⋅𝐾

ℎ
𝐶 [∶, 𝑛]

⊤

√

𝑑

)

⋅ 𝑉 ℎ
𝐶 [∶, 𝑛], (8)

Att𝐵←𝐶 = Concat({Attℎ𝐵←𝐶 |ℎ ∈ [1,𝑀]}) ⋅𝑊 𝑂
𝐵 , (9)

where 𝐾ℎ
𝐶 [∶, 𝑛] ∈ R𝑇×𝑑 denotes the key vectors of all 𝑇  frames at 

spatial location 𝑛 in CEUS, Concat means concatenation along depth 
dimension and 𝑊 𝑂

𝐵  is the output projection matrix to align the feature 
spaces of multiple heads. This allows the full temporal perfusion profile 
at position 𝑛 in CEUS to inform the structural representation in BUS, 
enhancing detection of infiltrative or functionally active lesions.

Conversely, to enable BUS spatial context to guide CEUS temporal 
modeling, which is realized by CEUS-to-BUS query, a token in CEUS 
at time 𝑡 and position 𝑛 uses 𝑄ℎ

𝐶 [𝑡, 𝑛] to attend over all spatial tokens 
within the same frame in BUS: 

Attℎ𝐶←𝐵(𝑡, 𝑛) = softmax
(

𝑄ℎ
𝐶 [𝑡, 𝑛] ⋅𝐾

ℎ
𝐵[𝑡, ∶]

⊤

√

𝑑

)

⋅ 𝑉 ℎ
𝐵 [𝑡, ∶], (10)

Att𝐶←𝐵 = Concat({Attℎ𝐶←𝐵|ℎ ∈ [1,𝑀]}) ⋅𝑊 𝑂
𝐶 , (11)

where 𝐾ℎ
𝐵[𝑡, ∶] ∈ R𝑁×𝑑 gathers key vectors of all 𝑁 spatial positions in 

frame 𝑡 of BUS, 𝑊 𝑂
𝐶  is the output projection matrix. This enables BUS 

spatial context to steer CEUS temporal modeling toward anatomically 
relevant regions, suppressing noise from extraneous vasculature.

The attended features are combined with residuals, normalized 
(LN), and passed through feed-forward networks (FFN):
𝑋(𝑙+1)

𝐶 = FFN(LN(𝑋
′(𝑙)
𝐶 + Att𝐶←𝐵)), (12)

𝑋(𝑙+1)
𝐵 = FFN(LN(𝑋

′(𝑙)
𝐵 + Att𝐵←𝐶 )). (13)

The full ACMST procedure is detailed in Algorithm 2.
By explicitly modeling directional, knowledge-guided cross-modal 

interactions, the ACMST module significantly enhances multimodal se-
mantic alignment, reduces irrelevant signal interference, and improves 
diagnostic accuracy in complex nodule cases.
6 
3.4. Optimization objective

The AsyCMST framework is trained under a composite loss function 
that jointly optimizes nodule classification, temporal modeling, and 
spatial localization, ensuring robust multimodal feature learning. The 
overall objective is defined as: 
Overall = Diag +𝑤1FSS +𝑤2Seg, (14)

where Diag supervises the primary diagnostic task, FSS enforces tem-
poral coherence in CEUS via frame self-sorting, and Seg promotes 
precise nodule delineation in BUS. The weights 𝑤1 = 0.4 and 𝑤2 =
0.4 are determined through ablation studies to balance auxiliary task 
contributions.

The classification head operates on the fused representation 𝑋fused ∈
R𝑇×𝑁×𝐷, obtained by summing the final CEUS and BUS feature maps 
𝑋(𝐿)

𝐶  and 𝑋(𝐿)
𝐵  followed by global average pooling (GAP) across spatio-

temporal dimensions and fully connected network classifier (FC). The 
predicted probability is: 

𝑦̂ = softmax
(

𝑓FC(𝑓GAP(𝑋
(𝐿)
𝐶 +𝑋(𝐿)

𝐵 ))
)

, (15)

and the diagnosis loss is the binary cross-entropy: 
Diag = −𝑦 log 𝑦̂ − (1 − 𝑦) log(1 − 𝑦̂), (16)

with 𝑦 ∈ {0, 1} as the ground-truth.
The auxiliary losses FSS and Seg, detailed in the spatio-temporal 

feature enhancement module, guide modality-specific representation 
learning. FSS encourages the model to capture canonical contrast 
perfusion dynamics, while Seg enforces accurate lesion boundary lo-
calization. Although the ACMST module introduces directional cross-
modal dependencies, no explicit inter-modal loss is required; its learn-
ing emerges implicitly through gradient flow from Diag, reinforced 
by the enhanced inputs from the multi-task spatio-temporal feature 
enhancement module.

This unified optimization strategy ensures that spatio-temporal pri-
ors are effectively embedded into modality-specific features, which 
are then dynamically aligned via asymmetric attention. The balanced 
composite loss enables AsyCMST to achieve clinically interpretable and 
diagnostically accurate multimodal fusion.

4. Results

4.1. Experimental setup

4.1.1. Data preparation
To evaluate the performance of nodule diagnosis using BUS and 

CEUS, a thyroid dataset and a breast dataset are collected from the Sec-
ond Affiliated Hospital of Xi’an Jiaotong University. The thyroid dataset 
comprises 2910 samples collected from 2910 unique patients between 
2014 and 2021, and the breast dataset includes 1246 samples collected 
from 1246 unique patients between 2022 and 2024. Specifically, each 
patient contributed exactly one sample to the dataset. Each sample 
consists of paired CEUS and BUS videos of a nodule, with benign and 
malignant labels confirmed by pathological examination and nodule 
boundaries manually delineated by four experienced radiologists (all 
have over five years of experience, and two of them have over ten 
years). Specifically, the two radiologists with over five years of expe-
rience have each diagnosed more than 20,000 patients with thyroid 
and breast diseases, while the two with over ten years of experience 
have each diagnosed more than 30,000 patients. The attributes of the 
patients and the corresponding nodules is presented in Table  1. The 
age distribution of the patients is illustrated in Fig.  5. Benign nodules 
encompass representative conditions such as fibroadenoma, fibrocystic 
disease, and chronic granulomatous inflammation. Malignant nodules 
include representative cancers such as carcinoma in situ, malignant 
phyllodes tumor, and invasive carcinoma.
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Table 1
The number of samples in the collected dataset. F and M stand for female and 
male, respectively. Ben. indicates benign sample and Mal. means malignant 
sample.
 Dataset Sex Age Number of samples
 F M range Ben. Mal. Overall  
 Thyroid 2304 606 10–83 1606 1304 2910  
 Breast 1233 13 15–88 540 706 1246  
 Total 2537 619 10–88 2146 2010 4156  

Fig. 5.  Age distribution of the patients in the collected datasets. (a) Age 
distribution of the thyroid patients. (b) Age distribution of the breast patients. 
The age distributions align well with the epidemiological patterns of thyroid 
and breast diseases, supporting the rationality and representativeness of the 
dataset construction (Li et al., 2024; Priyadarshini and Panda, 2024).

The study received ethical approval from the medical ethics com-
mittee of the Second Affiliated Hospital of Xi’an Jiaotong University 
on Dec. 8th 2022 (Approval Number: 2022259). Written informed 
consent was obtained from all participants before the study. Given that 
CEUS examinations are still being promoted in clinical practice, CEUS 
samples remain relatively scarce. To the best of our knowledge, no 
large-scale public dataset of paired BUS and CEUS videos for nodule di-
agnosis is currently available. Therefore, the datasets employed in this 
study represent a large collection of CEUS and BUS videos accessible 
for nodule diagnosis and surpass the scale of the dataset used by Chen 
et al. (2021), which contains 221 breast lesions.

4.1.2. Implementation details
The proposed method is implemented using PyTorch 2.4.0 on a 

system running Ubuntu 22.04, equipped with four RTX 3090 GPUs 
(each with 24 GB memory). Following preprocessing, the input BUS 
and CEUS videos are resized to 16 frames × 224 × 224. The backbone 
and the ACMST modules in the cross-modal spatio-temporal correlation 
network utilizes the architecture with an embedding dimension of 𝐷 =
384, a depth of 𝐿 = 6 and a number of heads 𝑀 = 6. The batch size 
is set to 32. The RMSProp optimizer is employed for training, with 
a weight decay of 0.0001 and momentum of 0.9. The initial learning 
rate is set to 0.001 and is gradually decreased as the number of steps 
progresses. Data augmentation techniques are applied to the input BUS 
and CEUS videos during training, including random rotation, random 
cropping, vertical and horizontal flipping, brightness adjustment, and 
contrast transformation.

The dataset was randomly partitioned into training, validation, and 
test sets with a ratio of 5:2:3. To prevent any information leakage, 
the model was trained exclusively on the training set, hyperparameters 
were tuned according to performance on the validation set, and final 
evaluation was performed on the held-out test set. Each model was 
7 
Fig. 6.  ROC curves of nodule diagnosis of different methods. (a) Results on 
the thyroid dataset. (b) Results on the breast dataset. The value in parentheses 
in the legend represents the area under the curve (AUC), higher is better. 
AsyCMST achieves higher AUC values on both the thyroid dataset and the 
breast dataset compared to the comparison methods.

trained for approximately 80–100 epochs using early stopping based 
on validation loss convergence. To reduce the impact of a particular 
data split on performance assessment and to obtain a more robust 
estimate of model generalization, we repeated the entire experimental 
process using three independent random splits. Importantly, the three 
test sets were designed to be mutually disjoint, ensuring that every 
sample appears in exactly one test set across the three folds. This setup 
provides a reliable evaluation while controlling for partition-induced 
variance. All reported performance metrics are therefore presented as 
mean and standard deviation (mean ± std) computed over the three 
independent test sets.

4.1.3. Evaluation metrics
Nodule diagnosis performance is comprehensively evaluated using 

accuracy (𝐴𝑐𝑐), recall (𝑅𝑒𝑐), precision (𝑃𝑟𝑒), 𝐹1-score, and area under 
the receiver operating characteristic curve (AUC).

Accuracy reflects overall correctness, recall measures sensitivity 
to malignant lesions, precision indicates reliability of positive predic-
tions, and 𝐹1-score harmonically balances precision and recall. AUC 
quantifies discriminative power across all decision thresholds and is 
threshold-independent. ROC curves are plotted to visualize trade-offs 
between sensitivity and specificity. All metrics and curves are computed 
using the scikit-learn Python package.

4.1.4. Competing methods
The task addressed in this study involves multimodal video fu-

sion classification for nodule diagnosis. For comparison with the pro-
posed method, several representative methods in video understanding 
and multi-source data fusion are selected and categorized into dis-
tinct groups. First, prominent video understanding methods, namely 
R(2+1)D (Tran et al., 2018) and ViViT (Arnab et al., 2021), are adapted 
into dual-branch structures for nodule diagnosis. Late fusion of BUS 
and CEUS is achieved through feature concatenation in these models. 
Second, hybrid fusion methods, including HFMD (Black and Souvenir, 
2024), MFT (Roy et al., 2023), and FC-Former (Wu et al., 2025), are 
chosen for evaluation. Fusion interactions are performed at various 
model stages in these methods to enhance inter-modal correlations. Ad-
ditionally, ultrasound-tailored methods, such as BUS-Net (Gong et al., 
2022), DKPD (Chen et al., 2021), and DAST (F. Chen et al., 2024), are 
included as key competing methods, as they are specifically designed 
for combined CEUS and BUS nodule diagnosis, offering high task speci-
ficity. For methods originally developed for image fusion, adaptation to 
the video-based task is accomplished by extending the input dimensions 
of their image encoders to accommodate video inputs.
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Table 2
Performance of various methods for thyroid and breast nodule diagnosis. The best result in each column is shown in bold, and the second-best results are 
underlined.
 Method Nodule diagnosis performance (%)
 Thyroid dataset Breast dataset
 𝐴𝑐𝑐 ↑ 𝑅𝑒𝑐 ↑ 𝑃𝑟𝑒 ↑ 𝐹1 ↑ 𝐴𝑐𝑐 ↑ 𝑅𝑒𝑐 ↑ 𝑃𝑟𝑒 ↑ 𝐹1 ↑  
 R(2+1)D (Tran et al., 2018) 72.0 ± 1.3 71.6 ± 1.8 67.9 ± 1.6 69.7 ± 1.3 70.8 ± 2.2 70.4 ± 4.2 76.2 ± 1.0 73.1 ± 2.7  
 ViViT (Arnab et al., 2021) 75.2 ± 1.1 74.6 ± 1.3 71.4 ± 1.3 73.0 ± 1.2 75.4 ± 3.4 76.9 ± 4.1 79.0 ± 2.7 77.9 ± 3.3  
 HFMD (Black and Souvenir, 2024) 72.3 ± 1.7 72.5 ± 1.8 68.0 ± 2.1 70.1 ± 1.7 72.4 ± 2.0 72.9 ± 2.0 77.1 ± 2.0 75.0 ± 1.8  
 MFT (Roy et al., 2023) 76.3 ± 1.3 76.0 ± 1.4 72.5 ± 1.5 74.2 ± 1.4 76.1 ± 1.4 75.2 ± 1.5 81.3 ± 1.5 78.1 ± 1.3  
 FC-Former (Wu et al., 2025) 74.1 ± 0.9 74.5 ± 1.6 69.8 ± 1.6 72.1 ± 0.8 72.8 ± 3.4 71.8 ± 3.6 78.2 ± 3.1 74.9 ± 3.2  
 BUS-Net (Gong et al., 2022) 79.1 ± 1.0 78.7 ± 0.9 75.7 ± 1.6 77.2 ± 0.9 78.7 ± 2.0 79.4 ± 2.1 82.4 ± 2.2 80.8 ± 1.8  
 DKPD (Chen et al., 2021) 78.5 ± 0.7 77.7 ± 1.2 75.1 ± 0.8 76.4 ± 0.8 78.2 ± 2.3 78.8 ± 2.6 82.0 ± 2.5 80.3 ± 2.1  
 DAST (F. Chen et al., 2024) 77.8 ± 1.2 78.2 ± 1.4 73.9 ± 1.4 75.9 ± 1.3 77.0 ± 1.5 76.7 ± 2.1 81.6 ± 2.4 79.0 ± 1.2  
 AsyCMST (ours) 82.0 ± 1.4 83.1 ± 1.9 78.2 ± 1.3 80.6 ± 1.6 81.8 ± 1.7 80.9 ± 2.8 86.1 ± 1.6 83.4 ± 1.7 
Table 3
Cross-dataset performance comparison of various methods for thyroid and breast nodule diagnosis. The best result in each column is shown in bold, and the 
second-best results are underlined.
 Method Nodule diagnosis performance (%)
 Breast ←→Thyroida Thyroid ←→Breasta
 𝐴𝑐𝑐 ↑ 𝑅𝑒𝑐 ↑ 𝑃𝑟𝑒 ↑ 𝐹1 ↑ 𝐴𝑐𝑐 ↑ 𝑅𝑒𝑐 ↑ 𝑃𝑟𝑒 ↑ 𝐹1 ↑  
 R(2+1)D (Tran et al., 2018) 69.0 ± 1.4 68.9 ± 1.1 64.5 ± 1.6 66.6 ± 1.3 70.9 ± 3.6 71.7 ± 5.5 75.4 ± 2.2 73.5 ± 3.9  
 ViViT (Arnab et al., 2021) 70.2 ± 0.1 68.9 ± 1.6 66.1 ± 0.6 67.4 ± 0.4 70.7 ± 2.4 71.9 ± 3.7 75.2 ± 2.3 73.5 ± 2.5  
 HFMD (Black and Souvenir, 2024) 70.9 ± 1.8 71.2 ± 1.2 66.4 ± 2.2 68.7 ± 1.7 70.3 ± 0.7 71.6 ± 1.0 74.9 ± 1.2 73.2 ± 0.5  
 MFT (Roy et al., 2023) 72.7 ± 2.5 74.3 ± 2.6 67.9 ± 2.7 71.0 ± 2.6 70.9 ± 1.2 71.2 ± 1.8 75.8 ± 0.9 73.4 ± 1.3  
 FC-Former (Wu et al., 2025) 71.0 ± 1.3 70.7 ± 2.9 66.7 ± 1.6 68.6 ± 1.7 71.2 ± 0.9 71.1 ± 1.4 76.4 ± 1.1 73.6 ± 0.9  
 BUS-Net (Gong et al., 2022) 75.2 ± 1.5 75.1 ± 0.7 71.2 ± 2.0 73.1 ± 1.4 73.5 ± 0.6 72.7 ± 2.0 78.8 ± 0.7 75.6 ± 0.9  
 DKPD (Chen et al., 2021) 74.8 ± 0.8 75.1 ± 2.6 70.6 ± 0.2 72.8 ± 1.3 73.0 ± 1.1 73.0 ± 3.1 77.9 ± 0.9 75.3 ± 1.5  
 DAST (F. Chen et al., 2024) 72.9 ± 1.4 72.0 ± 3.2 69.0 ± 1.1 70.4 ± 1.9 72.9 ± 1.4 73.8 ± 2.9 77.3 ± 0.6 75.5 ± 1.6  
 AsyCMST (ours) 77.7 ± 1.3 77.8 ± 1.5 73.8 ± 1.5 75.8 ± 1.4 79.9 ± 0.2 79.0 ± 1.2 84.5 ± 0.9 81.6 ± 0.3 
a A → B denotes training on the training set of dataset A and evaluating on the testing set of dataset B.
Fig. 7.  ROC curves for nodule diagnosis in cross-dataset evaluations. (a) 
Performance on the Breast-to-Thyroid transfer task. (b) Performance on the 
Thyroid-to-Breast transfer task. The value in parentheses in the legend rep-
resents the area under the curve (AUC), higher is better. AsyCMST attains 
higher AUC values in both cross-dataset diagnosis tasks when compared to 
the comparison methods.

4.2. Comparison results on nodule diagnosis

Table  2 presents the nodule classification performance of AsyCMST 
and state-of-the-art methods on thyroid and breast ultrasound datasets. 
AsyCMST achieves the highest accuracy of 82.0% on the thyroid dataset 
and 81.8% on the breast dataset, outperforming the strongest baseline 
BUS-Net by 2.9% and 3.1%, respectively. Similar gains are observed in 
𝐹1-score which shows 80.6% vs. 77.2% on thyroid and 83.4% vs. 80.8% 
on breast. These improvements are statistically significant (paired 𝑡-test, 
𝑝 < 0.01). The superiority is further confirmed by ROC curves in Fig.  6, 
where AsyCMST yields the highest AUC on both datasets.
8 
Video models employing late fusion, such as R(2+1)D and ViViT, 
show limited performance due to their inability to model inter-modal 
dependencies. Multimodal architectures with cross-attention, including 
MFT and FC-Former, provide modest improvements but remain con-
strained by symmetric fusion designs. Methods incorporating
ultrasound-specific priors, such as BUS-Net, DKPD, and DAST, perform 
significantly better by exploiting domain knowledge. Nevertheless, 
their reliance on heuristic or unidirectional guidance limits full uti-
lization of the inherent asymmetry between BUS spatial structure and 
CEUS temporal perfusion. By combining multi-task modality-specific 
enhancement with asymmetric cross-modal spatio-temporal attention, 
AsyCMST effectively captures directional, clinically meaningful inter-
actions between anatomical context and functional dynamics. This in-
tegrated design substantially outperforms all competitors, establishing 
new state-of-the-art results and validating the importance of knowledge-
driven, asymmetric fusion in multimodal ultrasound nodule diagnosis.

4.3. Cross-dataset transfer evaluation

To evaluate domain generalization, we perform cross-dataset trans-
fer experiments by training on one dataset and testing on the other. 
Table  3 summarizes accuracy, recall, precision, and 𝐹1-score under 
this setting. AsyCMST consistently outperforms all competing methods. 
When trained on the breast dataset and evaluated on thyroid data, it 
achieves 77.7% accuracy and 75.8% 𝐹1-score, exceeding the strongest 
baseline BUS-Net by 2.5% and 2.7%, respectively. In the opposite di-
rection, thyroid to breast, AsyCMST attains 79.9% accuracy and 81.6% 
𝐹1-score, improving upon BUS-Net by 6.4% in accuracy and 6.0% in 
𝐹1-score. The ROC curves for cross-dataset evaluation, shown in Fig.  7, 
further confirm the superior discriminative power of AsyCMST in both 
transfer scenarios.

General video models and symmetric multimodal frameworks
(R(2+1)D, ViViT, MFT, FC-Former) exhibit relatively poor transfer-
ability, with accuracy generally below 73%. Ultrasound-specific ap-
proaches incorporating fixed priors (BUS-Net, DKPD, DAST) improve 
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Fig. 8.  Visualization of t-SNE dimensionality reduction results for the final layer features from different models in the ablation study. (a) Baseline model without 
the proposed modules. (b) Model incorporating the proposed ACMST module. (c) Model with the FSS and NS modules. (d) Full model integrating all proposed 
modules. The ACMST module and the FSS+NS modules both enhance feature separability relative to the baseline, while the full model further improves separability 
significantly, confirming the complementary benefits of integrating all proposed modules.
Table 4
Ablation analysis results of the ACMST module, FSS module and NS module 
in the proposed method. The best result in each column is shown in bold.
 Module 𝐴𝑐𝑐 (%) ↑ 𝑝 value 
 ACMST FSS NS Thyroid Breast  
 76.4 ± 1.1 75.9 ± 1.3 –  
 ✓ 79.9 ± 1.0 79.3 ± 1.8 < 0.01  
 ✓ 77.8 ± 1.3 77.1 ± 2.0 < 0.01  
 ✓ 78.0 ± 0.8 77.7 ± 1.6 < 0.01  
 ✓ ✓ 78.6 ± 1.5 78.2 ± 1.8 < 0.01  
 ✓ ✓ ✓ 82.0 ± 1.4 81.8 ± 1.7 < 0.01  

robustness but remain limited by dataset-specific heuristics. In con-
trast, AsyCMST learns clinically coherent, asymmetric cross-modal 
interactions and modality-specific representations that generalize ef-
fectively across anatomical domains. By aligning universal diagnostic 
principles of structure and perfusion through multi-task enhancement 
and directional attention, AsyCMST achieves markedly stronger cross-
dataset performance, demonstrating excellent generalization capability 
for real-world multimodal ultrasound deployment.

4.4. Ablation analysis

An ablation study is conducted to evaluate the contributions of 
the proposed components: ACMST (asymmetric cross-modal spatio-
temporal attention), FSS (frame self-sorting), and NS (nodule segmenta-
tion). Results on thyroid and breast datasets are shown in Table  4, with 
𝑝-values computed via paired 𝑡-tests against the baseline (no modules).

The baseline achieves 76.4 ± 1.1% and 75.9 ± 1.3% accuracy 
on thyroid and breast datasets, respectively. Adding ACMST alone 
improves performance to 79.9 ± 1.0% and 79.3 ± 1.8% (𝑝 < 0.01), 
confirming its central role in modeling bidirectional spatio-temporal 
correlations between BUS and CEUS, thus enhancing cross-modal in-
formation fusion.

FSS alone yields 77.8 ± 1.3% and 77.1 ± 2.0%, while NS alone 
reaches 78.0 ± 0.8% and 77.7 ± 1.6% (𝑝 < 0.01 for both), validating 
their effectiveness in strengthening temporal coherence (FSS) and spa-
tial localization (NS). Combining FSS and NS without ACMST results in 
78.6 ± 1.5% and 78.2 ± 1.8%, showing additive intra-modal benefits.

The full model with all three modules achieves the highest accura-
cies: 82.0 ± 1.4% (thyroid) and 81.8 ± 1.7% (breast), significantly out-
performing all partial configurations (𝑝 < 0.01). This demonstrates that 
while FSS and NS enhance modality-specific representations, ACMST 
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is essential for effective cross-modal integration. The results affirm 
ACMST as the primary innovation, with FSS and NS providing crit-
ical support, collectively enabling robust and accurate multimodal 
ultrasound nodule diagnosis.

Furthermore, Fig.  8 visualizes the feature vectors fed into the fully 
connected classifier on the thyroid dataset and the breast dataset, pro-
jected into 2D using t-SNE (Maaten and Hinton, 2008) under different 
configurations. Compared to the baseline, the inclusion of ACMST, 
FSS, and NS markedly improves the separability between benign and 
malignant samples. The full model exhibits the clearest cluster separa-
tion, further validating the reliability and effectiveness of the proposed 
components in enhancing diagnostic discrimination.

4.5. Discussion on the fusion of BUS and CEUS

To verify the contribution of multimodal fusion, we evaluate four 
input configurations on the thyroid dataset and the breast dataset 
using dual-branch R(2+1)D, ViViT, and the proposed AsyCMST. The 
configurations are: both branches receive CEUS only, both branches 
receive BUS only, CEUS in the upper branch and BUS in the lower 
branch, and BUS in the upper branch and CEUS in the lower branch. 
Results are shown in Fig.  9.

For all three models, configurations that combine CEUS and BUS 
consistently outperform single-modality settings, confirming that inte-
grating the spatial structural clarity of BUS with the temporal hemo-
dynamic richness of CEUS substantially improves diagnostic accuracy 
and highlighting the critical value of multimodal information fusion.

R(2+1)D and ViViT employ symmetric branch interactions, yielding 
nearly identical performance when the modalities are swapped between 
branches, with accuracy differences falling within statistical varia-
tion. This symmetry prevents effective exploitation of modality-specific 
strengths. In contrast, AsyCMST exhibits a pronounced performance 
gap: as Fig.  9(a) shows, on the thyroid dataset, placing CEUS in the 
upper branch and BUS in the lower branch achieves 82.0% accuracy, 
markedly surpassing the reverse configuration at 79.5%; as Fig.  9(b) 
shows, the corresponding accuracies on the breast dataset are 81.8% 
and 79.1%, further demonstrating the effectiveness of modality-specific 
asymmetric attention. This substantial difference demonstrates that the 
proposed asymmetric spatio-temporal attention successfully leverages 
BUS spatial context to guide CEUS temporal modeling while allowing 
CEUS perfusion dynamics to refine ambiguous BUS structural features.

To further interpret the fusion mechanism, Grad-CAM++ (Chat-
topadhay et al., 2018) visualizations of class activation maps are pre-
sented in Fig.  10. In samples where the nodule boundary is indistinct 



H. Han et al. Medical Image Analysis 112 (2026) 104127 
Fig. 9.  Performance of various methods under different input modality 
configurations. (a) Results on the thyroid dataset. (b) Results on the breast 
dataset. CEUS+CEUS and BUS+BUS indicates that both branches receive CEUS 
or BUS video input, respectively, CEUS+BUS indicates that the upper branch 
receives CEUS and the lower branch receives BUS, BUS+CEUS indicates that 
the upper branch receives BUS and the lower branch receives CEUS. Mul-
timodal fusion (CEUS+BUS) consistently outperforms single-modality inputs. 
Unlike symmetric models, AsyCMST achieves higher accuracy when CEUS is 
in the upper branch and BUS in the lower branch, demonstrating the benefit 
of asymmetric attention.

Table 5
Comparison of the accuracy and the number of interactions between query 
and key vectors in cross-modal attention under different strategies. The best 
result in each column is shown in bold.
 Strategy 𝐴𝑐𝑐 (%) ↑ Interaction number ↓ 
 Thyroid Breast  
 None 78.6 ± 1.5 78.2 ± 1.8 –  
 Global 80.4 ± 0.9 79.8 ± 1.1 (𝑁 × 𝑇 )(𝑁 × 𝑇 × 2)  
 Symmetric 80.9 ± 0.7 81.0 ± 0.6 (𝑁 × 𝑇 )(2𝑁 + 2𝑇 − 2) 
 Asymmetric 82.0 ± 1.4 81.8 ± 1.7 (𝑁 × 𝑇 )(𝑁 + 𝑇 )  
 Spatial 79.6 ± 1.3 79.4 ± 1.5 (𝑁 × 𝑇 ) ×𝑁 × 2  
 Temporal 79.3 ± 1.4 78.9 ± 1.2 (𝑁 × 𝑇 ) × 𝑇 × 2  

in BUS yet necrosis is evident in CEUS (second column), the model 
correctly focuses on the necrotic region in CEUS and transfers this 
attention to the corresponding BUS area, increasing the likelihood 
of a benign diagnosis. Conversely, when CEUS perfusion is ambigu-
ous while BUS clearly delineates the lesion (eighth column), BUS 
structural cues effectively steer CEUS attention toward the true lesion 
region, enabling accurate assessment of perfusion homogeneity. These 
visualizations confirm that AsyCMST dynamically exploits the comple-
mentary strengths of both modalities, achieving clinically coherent and 
mutually guided focus that significantly enhances diagnostic reliability 
and performance in multimodal ultrasound nodule assessment.

4.6. Discussion of the cross-attention strategy

To further investigate the effectiveness of asymmetric cross-modal 
spatio-temporal attention in multimodal ultrasound video understand-
ing, we compared five different cross-modal attention strategies.
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The first strategy, Global spatio-temporal attention, allows every 
query vector in one modality to interact with all feature vectors in the 
other modality, expressed as 𝑄𝐵[𝑡, 𝑛] ↔ 𝐾𝐶 [∶, ∶] and 𝑄𝐶 [𝑡, 𝑛] ↔ 𝐾𝐵[∶, ∶
]. This bidirectional design produces (𝑁 × 𝑇 ) × (𝑁 × 𝑇 ) × 2 interactions, 
providing the most comprehensive information exchange but at a high 
computational cost.

The second strategy, Symmetric spatio-temporal attention, restricts 
interactions to spatially and temporally corresponding positions, for-
mulated as 𝑄𝐵[𝑡, 𝑛] ↔ concat(𝐾𝐶 [∶, 𝑛], 𝐾𝐶 [𝑡, ∶ 𝑛 − 1], 𝐾𝐶 [𝑡, 𝑛 + 1 ∶]) and 
vice versa. This results in (𝑁×𝑇 )×(𝑁+𝑇−1)×2 interactions, significantly 
reducing computational complexity compared to the global approach.

The proposed Asymmetric spatio-temporal attention further simpli-
fies the interaction by leveraging the complementary nature of the two 
modalities, formulated as 𝑄𝐵[𝑡, 𝑛] ↔ 𝐾𝐶 [∶, 𝑛] and 𝑄𝐶 [𝑡, 𝑛] ↔ 𝐾𝐵[𝑡, ∶]. 
This design requires only (𝑁 × 𝑇 ) × (𝑁 + 𝑇 ) interactions.

For comparison, we also implemented Spatial-only and Temporal-
only cross-attention strategies, which perform (𝑁 × 𝑇 ) × 𝑁 × 2 and 
(𝑁 × 𝑇 ) × 𝑇 × 2 interactions, respectively. A baseline without any 
cross-modal attention (None) was included as well.

As shown in Table  5, the Symmetric strategy already achieves 
higher accuracy than the Global approach with substantially lower 
computational cost, suggesting that removing redundant interactions 
helps improve model robustness. The proposed Asymmetric attention 
further reduces the number of interactions while yielding the best 
diagnostic performance on both thyroid and breast datasets. In con-
trast, Spatial-only and Temporal-only strategies provide only marginal 
improvements over the no-cross-attention baseline, indicating that both 
spatial and temporal interactions contribute meaningfully to perfor-
mance.

These results demonstrate that designing modality-specific asym-
metric cross-modal interactions, rather than exhaustive symmetric or 
global attention, enables better exploitation of complementary informa-
tion between BUS and CEUS. Such a design not only improves compu-
tational efficiency but also enhances diagnostic accuracy in multimodal 
ultrasound video analysis.

4.7. Discussion on the impact of label noise

In this study, the ground-truth benign/malignant labels were es-
tablished according to the clinical gold standard through fine-needle 
aspiration biopsy or postoperative histopathological examination. For 
nodule contours, even when radiologists provide relatively reliable 
annotations, considering the limited data sources in the current work, 
a certain degree of label noise is inevitable when scaling to larger and 
more diverse multi-center cohorts. Therefore, it is necessary to analyze 
the impact of label noise on the performance of the proposed model.

To simulate label errors, as Fig.  11(a) shows, we randomly inverted 
the benign/malignant labels of varying proportions of samples in the 
training set and retrained the model. The corresponding diagnosis 
performance on the test set is shown in Fig.  12(a) and (b). As the 
proportion of flipped labels increases, AUC declines substantially. These 
results indicate that excessive incorrect labels can severely disrupt the 
model’s ability to learn discriminative representations and significantly 
degrade diagnostic performance.

Furthermore, nodule contour annotation inherently involves subjec-
tivity. Differences in radiologists’ perception and annotation habits may 
cause control-point offsets or variations in overall contour size, espe-
cially in regions with blurry boundaries. To investigate the influence 
of such variability, as Fig.  11(b) shows, we applied three perturbation 
strategies to the contour labels across the entire dataset: (1) randomly 
shifting each control point inward or outward by 0%–15%; (2) uni-
formly shrinking all contours by 15%; and (3) uniformly expanding 
all contours by 15%. The model performance before and after these 
perturbations is compared in Fig.  12(c) and (d). The results show that 
none of the three contour perturbation strategies led to significant 
degradation in nodule classification performance, with only a slight 
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Fig. 10.  Visualized CAM for a subset of samples from the thyroid dataset. Each column represents one sample, the first to fourth columns correspond to 
benign nodules, while the fifth to eighth columns represent malignant nodules. For each sample, the first and third rows display the key frames from the BUS and 
CEUS videos, respectively, while the second and fourth rows present the corresponding CAMs. AsyCMST dynamically leverages complementary modality strengths: 
when BUS is ambiguous, CEUS cues guide attention; when CEUS is unclear, BUS structure refines focus. This mutually guided attention enables clinically coherent 
interpretation and enhances diagnostic reliability.
Fig. 11.  Illustration of label noise strategies. (a) Flipping of the benign-
malignant labels. A part benign samples are mislabeled as malignant, and 
conversely, a part of malignant samples are mislabeled as benign. (b) Shift of 
the nodule contour annotations. The green contours represent the ground truth 
contours, and the orange ones are the contours shifted by different strategies.

decrease in AUC observed. This suggests that, as auxiliary supervision, 
small-range contour deviations have limited impact on the primary 
diagnostic task.

In future work, we will continue to strictly adhere to pathology-
confirmed gold-standard malignancy labels and employ multi-rater 
consensus protocols to further improve the quality and consistency 
of contour annotations, thereby enhancing the reliability of model 
training and evaluation.

4.8. Discussion on the layer configuration of the ACMST modules

To determine the optimal placement of the proposed ACMST mod-
ules within the backbone network, an ablation study is conducted by 
progressively inserting the modules from the shallowest to the deepest 
layers (layers 1 through 6). The nodule diagnosis performance on 
both the thyroid and breast datasets is reported in Fig.  13. As shown, 
model performance consistently improves with the addition of ACMST 
11 
Fig. 12.  ROC curves of nodule diagnosis under different label noise strategies. 
(a) Results of category label flipping on the thyroid dataset. (b) Results of 
category label flipping on the breast dataset. (c) Results of nodule contour 
label shift on the thyroid dataset. (d) Results of nodule contour label shift on 
the breast dataset. The value in parentheses in the legend represents the area 
under the curve (AUC), higher is better.

modules at deeper layers. On the thyroid dataset, accuracy increases 
steadily from the baseline (no ACMST) to the full configuration with 
modules in all six layers. A similar upward trend is observed on the 
breast dataset, with incremental gains at each stage. This progressive 
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Fig. 13.  Performance of models incorporating the ACMST module under 
various layer configurations. The ACMST modules are progressively integrated 
into the backbone network from shallow to deep layers. L1–Ln indicates the 
placement of ACMST modules from the first to the 𝑛th layer.

enhancement indicates that cross-modal spatio-temporal interactions 
benefit from being applied across multiple abstraction levels—from 
low-level texture and motion cues in early layers to high-level se-
mantic and hemodynamic patterns in later layers. The above results 
indicate that introducing cross-modal interaction at both the shallow, 
low-level texture-shape temporal features and the high-level semantic 
features of BUS and CEUS is beneficial for improving nodule diag-
nostic performance. Consequently, the final AsyCMST model incorpo-
rates ACMST modules in every layer of the backbone network. This 
design ensures comprehensive inter-modal alignment throughout the 
feature hierarchy, maximizing the fusion of BUS spatial structures and 
CEUS temporal dynamics. The results validate that pervasive asymmet-
ric cross-modal attention is essential for achieving optimal diagnostic 
performance in multimodal ultrasound analysis.

4.9. Analysis of loss bias coefficients

In the overall loss function Overall of the proposed model, hyper-
parameters 𝑤1 and 𝑤2 control the optimization bias toward the frame 
self-sorting (FSS) and nodule segmentation (NS) tasks within the multi-
task spatio-temporal feature enhancement module. Proper settings must 
balance Diag, FSS, and Seg to enable effective feature learning for 
nodule diagnosis.

To investigate the impact of these coefficients, 𝑤1 and 𝑤2 are 
varied logarithmically over {0.1, 0.2, 0.4, 0.8, 1.6}, yielding 25 combi-
nations. Diagnostic performance on the thyroid dataset is shown in 
Fig.  14. Accuracy increases initially with 𝑤1 and 𝑤2, then declines, 
forming a convex trend. Excessively small weights suppress the auxil-
iary tasks, limiting spatio-temporal enhancement. Overly large weights 
over-emphasize FSS or segmentation, diverting optimization from the 
primary classification objective and degrading performance.

These results indicate that, for nodule diagnosis, the weight setting 
should prioritize the classification loss. The spatio-temporal feature en-
hancement module can improve the extraction of temporal and spatial 
features conducive to diagnosis when assigned an appropriate weight. 
However, an excessively large weight may cause the model to deviate 
from the diagnostic accuracy objective, increase the risk of overfitting, 
and potentially degrade diagnostic performance.

The optimal configuration, 𝑤1 = 0.4 and 𝑤2 = 0.4, achieves peak 
accuracy, ensuring balanced contributions from all loss components. 
This setting enables robust temporal modeling via FSS and precise spa-
tial localization via segmentation, while preserving focus on diagnostic 
classification.

4.10. Analysis of computational efficiency

Table  6 compares diagnostic accuracy with inference time per sam-
ple (𝑡𝑖𝑛𝑓 ) across all evaluated methods on thyroid and breast ultrasound 
datasets. Inference time is measured on RTX 3090 GPUs with identical 
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Fig. 14.  Accuracy performance of the proposed model with various loss co-
efficients in thyroid nodule diagnosis based on BUS and CEUS. The horizontal 
and vertical coordinates are the values set for 𝑤1 and 𝑤2 in Overall. The darker 
colors indicating higher accuracy.

Table 6
Comparison of accuracy and inference efficiency in terms of time per sample 
across different methods. The best result in each column is shown in bold, and 
the second-best results are underlined.
 Method 𝐴𝑐𝑐 (%) ↑ 𝑡𝑖𝑛𝑓  (ms) ↓ 
 Thyroid Breast  
 R(2+1)D (Tran et al., 2018) 72.0 ± 1.3 70.8 ± 2.2 25.7  
 ViViT (Arnab et al., 2021) 75.2 ± 1.1 75.4 ± 3.4 28.8  
 HFMD (Black and Souvenir, 2024) 72.3 ± 1.7 72.4 ± 2.0 27.6  
 MFT (Roy et al., 2023) 76.3 ± 1.3 76.1 ± 1.4 39.5  
 FC-Former (Wu et al., 2025) 74.1 ± 0.9 72.8 ± 3.4 35.5  
 BUS-Net (Gong et al., 2022) 79.1 ± 1.0 78.7 ± 2.0 30.2  
 DKPD (Chen et al., 2021) 78.5 ± 0.7 78.2 ± 2.3 28.6  
 DAST (F. Chen et al., 2024) 77.8 ± 1.2 77.0 ± 1.5 38.2  
 AsyCMST(ours) 82.0 ± 1.4 81.8 ± 1.7 33.1  

input resolution and frame number. AsyCMST achieves the highest 
accuracy of 82.0% on thyroid and 81.8% on breast data while maintain-
ing competitive computational efficiency at 33.1 ms per sample. Com-
pared with symmetric multimodal frameworks such as MFT (39.5 ms) 
and FC-Former (35.5 ms), AsyCMST reduces inference latency by 16% 
and 7%, respectively, despite delivering substantially higher diagnostic 
performance. Ultrasound-specific baselines BUS-Net and DKPD exhibit 
lower latency (30.2 ms and 28.6 ms) yet sacrifice 2.9%–3.1% accuracy 
relative to AsyCMST.

The favorable efficiency of AsyCMST stems from its asymmetric 
cross-modal spatio-temporal attention mechanism. By selectively es-
tablishing directional attention pathways guided by clinical priors — 
BUS spatial context informing CEUS temporal modeling and vice versa 
— the module avoids exhaustive pairwise interactions required in 
symmetric designs. This targeted fusion strategy eliminates redun-
dant cross-modal computations while preserving critical diagnostic 
signals, yielding a more compact yet expressive representation. Conse-
quently, AsyCMST strikes an effective balance between state-of-the-art 
accuracy and real-time inference capability, making it well-suited for 
clinical deployment where both diagnostic reliability and throughput 
are essential.

5. Conclusion

This paper presents AsyCMST, an asymmetric cross-modal spatio-
temporal learning framework for multimodal ultrasound nodule di-
agnosis in thyroid and breast lesions. Clinically, B-mode ultrasound 
(BUS) is the primary screening tool but often lacks specificity for inde-
terminate nodules, leading to diagnostic uncertainty and unnecessary 
biopsies. Contrast-enhanced ultrasound (CEUS) complements BUS by 
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providing critical microvascular information that improves malignancy 
differentiation.

AsyCMST addresses the fusion challenge through the ACMST mod-
ule with adaptive asymmetric inter-modal attention and a multi-task 
spatio-temporal enhancement module that incorporates frame self-
sorting and auxiliary nodule segmentation. Experiments on thyroid 
and breast datasets show that AsyCMST outperforms state-of-the-art 
video models, hybrid fusion strategies, and ultrasound-specific methods 
in accuracy, AUC, and cross-dataset generalization. Ablation studies 
confirm the importance of asymmetric attention and auxiliary tasks.

The proposed method offers potential to reduce inter-observer vari-
ability, support reliable risk stratification, and aid biopsy and treatment 
decisions. This work advances interpretable multimodal fusion in ultra-
sound, contributing to more objective AI-assisted nodule evaluation and 
better patient outcomes.

Our future work will focus on multicenter prospective validation, in-
tegration of additional modalities, more precise lesion risk assessment, 
and improved clinical explainability.
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