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Abstract

Aligning the decision-making process of deep learning mod-
els with that of experienced sonographers is essential for
ultrasound-based reliable disease diagnosis. Although ex-
isting methods have made significant progress in this as-
pect, their alignments are primarily associational rather than
causal, leading to pseudo-correlations between features and
diagnostic results. Such a biased diagnosis blindly models the
sonographer’s diagnostic skills and attention to specific pat-
terns, which we argue hardly produces an AI diagnoser that
is comparable to human experts. To address this issue, we
propose a causality-based diagnostic framework to align the
model’s diagnostic behaviors with those of experts. Specif-
ically, by delving into both conspicuous and inconspicuous
confounders within the ultrasound images, the back-door and
front-door adjustment causal learning modules are proposed
to promote unbiased learning by mitigating potential pseudo-
correlations. In addition, we integrate causal inference into
a well-designed dual-branch model with feature interaction
bridges for compatibility with multimodal ultrasound inputs.
To fully evaluate our method, we conduct comparative studies
on different diseases and ultrasound modalities. In particu-
lar, we publish a carefully constructed multimodal ultrasound
dataset for breast lesion diagnosis and segmentation. Suffi-
cient comparative and ablation studies on this dataset empha-
size that our method outperforms state-of-the-art methods.

Code — https://github.com/BoLeiChen/Ceusformer

Introduction
Aligning the decision-making process of deep learning mod-
els with that of human experts is essential for developing
reliable medical diagnosis systems (Zhuang and Hadfield-
Menell 2020). For instance, in ultrasound-based breast can-
cer diagnosis, using models that are misaligned with clin-
ical protocols can lead to shortcuts and spurious correla-
tions between features and diagnostic results, resulting in
misdiagnosis and loss of timely treatment. Existing meth-
ods (Chen et al. 2024; Gong et al. 2023; Guo et al. 2024;
Wan et al. 2023) usually purposefully extract ultrasound fea-
tures to mimic human experts’ diagnostic skills and atten-
tion to specific patterns. Despite the promising diagnostic
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performance, their alignments with expert behaviors is only
associational, rather than causal, making their models still
biased towards spurious correlated features. As shown in
Fig. 1 (a), in Contrast-Enhanced UltraSound (CEUS)-based
breast cancer diagnosis, two decision chains present simi-
lar correlation patterns but have different causal structures.
According to clinical experience, microvascular patterns are
considered as important attributes to distinguish benign and
malignant lesions as they reflect the invasion of the lesion
into the surrounding tissues. The causally aligned decision
chain can notice such inconspicuous key features, however
the unaligned one (DasT (Chen et al. 2024)) focuses on ir-
relevant features due to the effects of confounding bias.

Sonographers can deal with diverse lesions because they
can learn the intrinsic causality of events beyond biased
observations and acquire good analogical associations. In
this paper, we propose a causality-based diagnostic frame-
work to align the underlying causal logic of the model’s
decision-making process with that of human experts. Specif-
ically, we first construct a structured causal model (Pearl
2009) by categorizing the bias variables affecting causal-
ity into conspicuous and inconspicuous confounders based
on clinical experience. As shown in Fig. 1 (b), conspicuous
confounders are content-related and easily identifiable. In
contrast, inconspicuous confounders imply complex stylis-
tic nuances that are difficult to discern but affect diagnos-
tic decision-making. We then propose Back-door and Front-
door Adjustment Causal Learning modules, i.e., BACL and
FACL modules, to promote unbiased diagnosis by dealing
with these confounders and mitigating pseudo-correlations,
as shown in Fig. 1 (c).

Considering sonographers usually contrastively utilize
multimodal ultrasound images in clinical practice (Folkman
2002), such as B-mode UltraSound (BUS) and CEUS, we
design a dual-branch diagnostic model integrating causal
inference to compatible with multimodal inputs. In partic-
ular, we design Temporal Attention (TA) and Contextual
Attention (CA) modules to fully extract inconspicuous but
valuable features so that they have a fair chance to par-
ticipate in causality-related predictions. Unlike previous
causality-based methods (Yang, Zhang, and Cai 2021; Liu,
Li, and Lin 2023) that restrict the causal intervention (Pearl
and Mackenzie 2018) to the model’s output layer and ignore
possible biased features in feature mining and interaction,
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Figure 1: (a) Two decision chains present similar correlation patterns in Class Activation Mapping (CAM) visualizations but
with different causal structures. The right chain“Input(X) → Attributes(A) → Label(Y )” aligns with sonographers, while
the left chain “Shortcut → Label(Y )” is misaligned due to the confounding bias between the Shortcut and Y . (b) Expe-
rienced sonographers make diagnoses by comprehensively considering both conspicuous and inconspicuous features of the
ultrasound images based on causal logics. (c) Our causally aligned model can notice inconspicuous but valuable features to
eliminate pseudo-correlations and facilitate unbiased diagnosis.

we release the target effect of the causal hypothesis to the
feature fusion. Thus, our causal inference modules are inte-
grated into the feature interaction bridges of the dual-branch
model to mitigate feature bias caused by confounders.

To fully evaluate our method, we conduct comparative
studies on different diseases and ultrasound modalities. In
particular, we publish a carefully constructed multimodal
ultrasound (BUS-CEUS) dataset for breast lesion diagno-
sis, which is 1.36 ∼ 2.98 times larger than existing non-
public BUS-CEUS datasets (Xie et al. 2023; Chen et al.
2021, 2022, 2023, 2024; Xu et al. 2022; Guo et al. 2024).
We reveal the advantages of integrating causal inference to
deconfound biases through comprehensive comparative and
ablation studies. Overall, our contributions are as follows:
(1) A causality-based diagnostic framework with BACL and
FACL modules is proposed to deal with pseudo-correlations
caused by confounders and align the model’s decision-
making process with that of human experts. (2) We design
a causally aligned dual-branch diagnostic model with fea-
ture interaction bridges, which gives inconspicuous features
a fair chance to engage in causality-related prediction. (3)
We conduct comparative studies on different diseases and
ultrasound modalities to evaluate our method. Our code and
multimodal dataset will be publicly available.

Related Work
Multimodal Ultrasound-based Disease Diagnosis
While promising advances (Wang et al. 2024; Mo et al.
2023) have been made in unimodal ultrasound-based disease
diagnosis, researchers are increasingly realizing the advan-
tages of using multimodal ultrasound data to facilitate the
diagnosis of tumors. To address the scarcity of multimodal
data and improve diagnostic performance, existing methods
try to integrate sonographers’ domain knowledge into deep

learning models through feature mining. For example, some
methods (Chen et al. 2021, 2024; Gong et al. 2023) mimic
the sonographers’s focus on malignant tumor expansion in
the spatial dimension and on brightness changes in CEUS
along the temporal dimension. In clinical practice, sonog-
raphers usually make a diagnosis decision by comprehen-
sively contrasting the morphologic features in BUS with the
distribution of microvessels in CEUS. Therefore, most of
the recent approaches (Chi et al. 2024; Chen et al. 2024;
Gong et al. 2023; Guo et al. 2024) extract features from both
modalities separately and fuses them interactively. Several
methods (Chi et al. 2024; Chen et al. 2023, 2024) further
adopt a multi-task learning strategy based on dual-branch
modals to achieve joint tumor diagnosis and segmentation.
The regional characteristics provided by the segmentation
task and the spatiotemporal patterns represented by the clas-
sification task are used as both constraints and references to
each other in the learning process (Chi et al. 2024).

Despite the promising progress, existing methods blindly
mimic the expert diagnostic experience, which we argue
hardly produces an AI diagnoser that is comparable to hu-
man experts. Their alignments with expert behaviors is only
associational, rather than causal, making their models still
biased towards spurious correlated features. In addition, ex-
isting methods (Chen et al. 2022; Gong et al. 2023; Guo
et al. 2024) fall short in extracting key features and fusing
multimodal features. In particular, the neglect of inconspic-
uous key features leads to their unfair participation in diag-
nostic decisions, which further causes biased learning. To
alleviate these issues, we propose a causality-based diag-
nostic framework to align the model’s decision-making pro-
cess with that of experts. Such alignment in medical imag-
ing systems is largely understudied. In addition, we design
a causally aligned dual-branch diagnostic model with fea-
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ture interaction bridges, which gives inconspicuous features
a fair chance to engage in causality-related prediction.

Causal Inference
Causal inference is an emerging technique for exploring task
causality (Pearl and Mackenzie 2018), with a surge in ef-
forts to combine it with deep learning in tasks such as im-
age recognition (Wang et al. 2021, 2022; Zhang et al. 2022).
One popular approach is using adjustment techniques to mit-
igate the negative effects caused by confounders, and several
other studies have explored the use of counterfactuals (Ab-
basnejad et al. 2020; Niu et al. 2021). Considering its prac-
ticality, this paper is the first to use the adjustment method
to solve the problem of multimodal ultrasound-based dis-
ease diagnosis. In addition, current methods employ back-
door (Liu et al. 2022; Zhang et al. 2020) or front-door (Liu,
Li, and Lin 2023; Yang, Zhang, and Cai 2021; Yang et al.
2021; Zhang et al. 2024) adjustments separately and lack
comprehensive confounder assumptions and complete bias
corrections. In this paper, we propose to address both con-
spicuous and inconspicuous confounders in BUS and CEUS
modalities. Our method can effectively mitigate the nega-
tive impact of pseudo-correlations caused by confounders
on disease diagnosis. Our causality-based disease diagnosis
performs well across different diseases and data modalities.

Preliminary
Structural Causal Model and Confounders
For compatibility with multimodal inputs, a structural causal
model is constructed to capture the relationships among the
key variables in multimodal ultrasound-based disease diag-
nosis, as shown in Fig. 2. In this directed acyclic graph,
the starting and ending points indicate the cause and effect,
respectively. Traditional methods focus on learning the ob-
servational association P (Y |X), overlooking the ambiguity
and pseudo-correlations introduced by confounders Z in the
back-door path X ← Z → Y . Here, confounders are biased
variables that affect causes and effects, e.g., content or spe-
cific attributes that are given undue attention. Z → X arises
because the combined probability of samples is inevitably
affected by the limited resources available in the real world
when collecting data. In addition, Z → Y exists since the
data source (patient population) and data labeling also af-
fect the probability of the diagnostic distributions. These
confounding connections may cause spurious shortcuts (as
shown in Fig. 1 (a)) during training but can be detrimental
in new situations.

To reduce the effect of confounders, our model catego-
rizes them into conspicuous and inconspicuous categories to
align with the diagnostic process of human experts. Con-
cretely, conspicuous confounders are content-related and
easily identifiable, e.g., the lesion shapes, margins, and cal-
cifications in BUS Zc

BUS and the contrastive enhancement
types in CEUS Zc

CEUS . In contrast, inconspicuous con-
founders imply complex stylistic nuances that are difficult to
discern but affect diagnostic decision-making, e.g., the rich
textural features in BUS Zi

BUS and the microvascular pat-
terns in CEUS Zi

CEUS , as shown in Fig. 1. Since we cannot

Figure 2: An illustration of the structural causal model for
multimodal ultrasound-based disease diagnosis.

explicitly model inconspicuous confounders Zi
∗, the addi-

tional mediators M are inserted between X and Y to estab-
lish front-door pathsX →M → Y . Therefore, the diagnos-
tic reasoning can be divided into a feature selector X →M
and a diagnostic predictor M → Y which are utilized to se-
lect the appropriate attributes M from X and to predict Y
using M , respectively.

Methodology
Back-door Adjustment Causal Learning (BACL)
According to Bayes’ theorem, the typical observation likeli-
hood is P (Y |X) =

∑
z P (Y |X, z)P (z|X), where P (z|X)

may introduce biased weights during disease diagnosis. In
our work, do-operator (Pearl and Mackenzie 2018) is em-
ployed to break the backdoor link between Z andX , provid-
ing a scientifically sound method for determining causal ef-
fects. Based on the invariance and independence rules (Pearl
2016), we have:

P (Y |do(X)) =
∑
z

P (Y |do(X), z)P (z|do(X))

=
∑
z

P (Y |X, z)P (z)
(1)

In this case, the causal intervention is achieved by blocking
the backdoor path Z → X so that X has a fair chance to
incorporate causality-related factors for prediction. Eq. (1)
is implemented as:

B(x, z) = Ez[f(x, z)], (2)

where f(x, z) = fx(x)+fz(z) is the specific network mod-
ule, which is a linear approximation in our work. Notably, if
f(x, z) is considered nonlinear, it needs to be considered
in the joint space and Ez[f(x, z)] needs to be calculated
using integration or sampling methods. Such models may
have stronger modeling capabilities, but are computationally
complex and unfriendly to small sample learning. Therefore,
Eq. (2) becomes fx(x) +Ez[fz(z)] in our case, as shown in
Fig. 2 (a). We obtain Ez[fz(z)] by utilizing attention-based
methods:

Ez[fz(z)] =
∑
i

exp(hz⊤i )∑
i exp(hz

⊤
j )
fz(zi), (3)

where h denotes hidden features of the ultrasound images.
exp(hz⊤

i )∑
i exp(hz

⊤
j )

indicate the correlation weight between the im-
age features and confounder zi.
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Figure 3: Details of how our BACL and FACL modules
work. These modules are integrated into the feature interac-
tion bridges, where x is the feature that transmits from one
branch to the other. (I) Morphological Features and Calcifi-
cation. (II) Centripetal Enhancement. (III) Texture Features.
(IV) Microvascular Patterns.

In practice, we need to explicitly extract conspicuous
confounders Zc

∗ from ultrasound images for BACL. Based
on clinical experience, morphologic features such as shape,
margin, calcification, and echo types in the BUS are consid-
ered conspicuous confounders. The lesion expansion, inter-
nal filling defect, and contrastive enhancement types are re-
garded as inconspicuous confounders in CEUS. We give ex-
amples of extracting confounders using medical pre-training
models in the supplementary material. The confounder dic-
tionaries are denoted as D̂b

∗ and D̂m
∗ according to the benign

and malignant nature, respectively. On this basis, for exam-
ple, the BACL process in BUS is formulated as follows:

x̂B = LN(ψ(B(xB , ZB))), ZB = LN(ϕ([D̂b
B , D̂

m
B ], (4)

where ϕ and ψ are full-connection layers. LN is LayerNorm.
xB and x̂B are initial and causally aligned BUS features,
respectively. The BACL process in CEUS is similar.

Front-door Adjustment Causal Learning (FACL)
Although BACL can deal with the shortcuts and pseudo-
correlations caused by conspicuous confounders, there are
additional inconspicuous confounders that cannot be explic-
itly captured and pre-modeled. In this section, we introduce
the FACL technique (Pearl 2016) to address this issue.

As shown in Fig. 2, an additional mediator M is inserted
between inputs and outputs to construct the front door path
X → M → Y . In the feature selector X → M , an
attention-based model P (Y |X) =

∑
m P (Y |m)P (m|X)

will select key features M from inputs X for the diagnostic
predictor M → Y . In addition, the do-operation is simulta-
neously applied to X and M to eliminate spurious correla-
tions introduced by the inconspicuous confounder Zi

∗:

P (Y |do(X)) =
∑
m

P (Y |do(m))P (m|do(X))

=
∑
x′

P (x′)
∑
m

P (Y |m,x′)P (m|X)

= Ex′Em|x[P (Y |x′,m)],

(5)

where x′ denotes potential input samples of the whole repre-
sentation space, different from current inputs X = x. Please
see the supplementary material for detailed derivations of
the formulas. Similar to BACL, based on the linear map-
ping model, Eq. (5) becomes Em|x[m] + Ex′ [x′], as shown
in Fig. 3 (b). Since the expectation is difficult to obtain a
closed-form solution in a complex representation space, the
estimation of the expectation is achieved through a query
mechanism. In particular, we employ two embedding func-
tions (Yang, Zhang, and Cai 2021) to transmit input x into
two query sets g1 = q1(x) and g2 = q2(x), respectively.
Then, the FACL is approximated as:

Em|x[m] ≈
∑
m

P (m|g2)m =
∑
i

exp(g2m
⊤
i )∑

j exp(g2m
⊤
j )
mi,

Ex′ [x′] ≈
∑
x′

P (x′|g1)x′ =
∑
i

exp(g1x
′
i
⊤)∑

j exp(g1x
′
j
⊤)
x′i,

F (x, x′) = Ex′ [x′] + Em|x[m].

(6)

The above process can be efficiently implemented using
multi-head attention (Vaswani 2017), which is seamlessly
integrated into a dual-branch diagnostic model introduced
in the following section.

In practice, inconspicuous confounders are not as easy
to distinguish as conspicuous ones. Therefore, we employ
medical pre-training models to frame-by-frame extract tex-
ture features depicting the style of BUS images and video-
by-video model the brightness changes representing the mi-
crovascular infiltration in CEUS, respectively. Please see the
supplementary material for more details. Similar to BACL,
the confounder dictionaries are denoted as D̃b

∗ and D̃m
∗ ac-

cording to the benign and malignant nature, respectively. On
this basis, the causally aligned features x̃B , and x̃C are cal-
culated as follows:

x̃B = F (xB , [D̃
b
B , D̃

m
B ]), x̃C = F (xC , [D̃

b
C , D̃

m
C ]), (7)

where xB and xC denote the initial BUS and CEUS features,
respectively.

A Dual-branch Model for Multimodal Ultrasound
As shown in Fig. 4, inspired by clinical experience, our dual-
branch model extracts complementary features from multi-
modal ultrasound images and exploits them contrastingly.

CNN Branch for BUS. This branch employs a feature
pyramid structure with N convolutional blocks, in which
the resolution of the feature maps decreases with the net-
work depth as the number of channels increases. As shown
in Fig. 4 (a), according to the definition in ResNet (He et al.
2016), the bottleneck contains a 1 × 1 down-projected con-
volution, a 3 × 3 spatial convolution, a 1 × 1 up-projected
convolution, and a residual connection between the bottle-
neck inputs and outputs. In a CNN block, the convolutional
kernels slide over overlapping feature maps, possibly pre-
serving fine lesion local texture features.

Transformer Branch for CEUS. Following ViT (Alexey
2020; Touvron et al. 2021), this branch contains N repeated
transformer blocks. As shown in Fig. 4 (a), each transformer
block mainly consists of a TA module, a CA module, and
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Figure 4: Architecture and details of the dual-branch diagnostic model. (a) The CEUS branch takes as input a clip of a CEUS
video and the BUS branch takes as input a single BUS image. (b) and (c) illustrate the TA and CA modules in the Transformer
(CEUS) branch, respectively.

an Multi-Layer Perceptron (MLP) block. The TA module
is used to model microvascular patterns reflected by time-
varying brightness features. In practice, it is computed as
the self-attention of each patch along the temporal dimen-
sion, as shown in Fig. 4 (b). Please see the supplementary
material for more implementation details. The CA module
is designed to model the fine-grained invasion of the lesion
into the surrounding tissues. As shown in Fig. 4 (c), the CA
module first contextually encodes the input keys by 3 × 3
convolution to obtain a static contextual representation of
the input. Furthermore, the encoded keys are concatenated
with the input query to learn the multi-head attention matrix
by two consecutive 1×1 convolutions. The learned attention
matrix is multiplied by the input values to simulate feature
interactions and realize the dynamic contextual representa-
tion of the input. Finally, the fusion of the static and dy-
namic contextual representations is used as the output. No-
tably, the local attention matrix for each spatial location is
learned based on query features and contextual key features,
rather than isolated query key pairs, which enhances self-
attention learning by tapping into the additional guidance of
the static context. In addition, the CA module unifies context
mining among keys and self-attentive learning over 2D fea-
ture maps in a single architecture, thus avoiding additional
branches for context mining.

Feature Interaction Bridge. Previous causality-based
approaches (Yang, Zhang, and Cai 2021; Liu, Li, and Lin
2023) restrict the intervention to only the final Softmax layer
of the network, ignoring possible biased features in the fea-
ture mining and interaction. Since trained neural networks
implicitly incorporate conditional probabilities in pattern
recognition (Nie, Zheng, and Ji 2018), we release the target
effect of the causal hypothesis to the feature fusion rather
than outputs. The learned unbiased feature fusion will cause
unbiased predictions. Therefore, we integrate causal infer-

ence (BACL and FACL) modules into the bridging design
to mitigate feature bias caused by confounders, as shown in
Fig. 4 (a). In addition, our bridging design utilizes a 1 × 1
convolution to align the channel size. Average pooling, in-
terpolating, and reshaping operations are used to align the
feature resolution. LayerNorm (Lei Ba, Kiros, and Hinton
2016) and BatchNorm (Ioffe 2015) are employed to align the
feature values. Causally aligned features x̂∗ or x̃∗ from one
branch are concatenated with the features of another branch
to participate in the forward propagation of that branch.

Experiments
Experimental Setup
BUSI Dataset (Al-Dhabyani et al. 2020) is a publicly avail-
able breast BUS dataset, which is gathered from 600 females
aged 25 to 75 at Baheya Hospital in Cairo, Egypt, with a to-
tal of 780 images (133 normal, 437 benign and 210 malig-
nant). We perform comparative experiments using only 647
abnormal images.

SYSU-FLL-CEUS Dataset (Liang et al. 2015) is gath-
ered from the First Affiliated Hospital, Sun Yat-sen Uni-
versity. The equipment used was Aplio SSA-770A (Toshiba
Medical System), and all videos included in the dataset are
collected from pre-operative scans. The dataset consists of
CEUS data of focal liver lesions in three types: 186 HCC,
109 HEM and, 58 FNH instances (i.e. 186 malignant and
167 benign instances).

BUS-CEUS Multimodal Dataset. Since there is no pub-
licly available multimodal dataset, we utilize our self-
constructed BUS-CEUS dataset of breast lesions to perform
comparative and ablation studies. Our dataset consists of
486 BUS-CEUS pairs collected from different patients at
an internationally leading hospital (anonymous for review),
including 237 benign and 249 malignant samples. The 486
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Method
BUSI

Acc (%) ↑ Sens (%) ↑ Spec (%) ↑ F1 (%) ↑
HoVer-Trans (Mo et al. 2023) 85.5±2.4 87.6±2.3 83.8±2.2 87.2±2.1

Li et.al. (Li et al. 2025) 90.2±2.3 90.0±1.9 90.2±2.6 80.2±1.9

Ours 91.6±1.8 89.8±1.7 93.8±2.3 88.3±1.6

Table 1: Comparitive studies for BUS-based breast cancer
diagnosis. Bold and underline indicate optimal and subopti-
mal results, respectively.

Method
SYSU-FLL-CEUS

Acc (%) ↑ Sens (%) ↑ Spec (%) ↑ F1 (%) ↑
Liang et.al. (Liang et al. 2015) 92.7±1.5 89.5±2.4 91.4±1.6 88.1±2.1

Trans-CEUS (Chen et al. 2023) 91.7±2.5 90.3±2.2 92.6±2.4 89.5±1.7

Ours 94.2±1.6 91.6±2.0 95.8±1.3 91.6±2.4

Table 2: Comparative studies for focal liver lesion diagnosis.

cases are collected by different sonographers and each case
is labeled with the corresponding biopsy result. Notably, the
scale of our breast BUS-CEUS dataset is 1.36 ∼ 2.98 times
larger than that of existing work (Xie et al. 2023; Chen et al.
2021, 2022, 2023, 2024; Xu et al. 2022; Guo et al. 2024).
Both modalities are acquired simultaneously using a Min-
dray Resona R9 color Doppler US diagnostic instrument and
a linear array probe 9L at a frequency of 3-9 MHz. The im-
age sizes of the BUS image and frames in the CEUS videos
are 550 × 582 pixels. All the BUS-CEUS samples in the
dataset are labeled with a dual-mode mask by several ex-
perienced sonographers. That is, there is a corresponding
segmentation mask for each BUS image or complete CEUS
video. Please note that the participating hospital’s ethics
committees have approved the study protocol, and the data
will be made public after anonymous review.

Implementation Details. Our method is implemented us-
ing PyTorch and is trained on an NVIDIA GeForce RTX
3090 GPU. The BUS branch accepts a single BUS image as
input, while the CEUS branch incorporates k = 7 frames ex-
tracted from each CEUS video. Unless specifically declared,
the input BUS and CEUS images are resized to a resolution
of 384×384 pixels. In the parametric studies, we will experi-
mentally evaluate the effect of different k and resolutions on
the diagnostic performance. Data augmentation techniques,
such as horizontal flip and rotation are also applied. Dur-
ing training, the batch size is set to 4, the epoch is set to
50, the learning rate is set to 10−4, and the Adam optimizer
(Kingma 2014) is used to update network parameters. The
CEUS branch has a feature embedding dimension of 384
and the number of attention heads is 8.

For disease diagnosis, a linear layer is used to project the
BUS branch’s output into benign or malignant categories.
The binary cross-entropy loss is used as the categorization
loss. In addtion, a 4-layer decoder consisting of CNNs and
upsampling operations is used for lesion segmentation in
BUS images. The reshaping operation and 1D convolution
are adopted to reshape the shape and dimension of the CEUS
branch’s output to predict the lesion segmentation of CEUS.
The cross-entropy, Dice, and IoU losses are used as the seg-
mentation losses with weights of 1:1:1. In the supplementary

Method
BUS-CEUS Multimodal Dataset

Acc (%) ↑ Sens (%) ↑ Spec (%) ↑ F1 (%) ↑
TSDBN (Yang et al. 2020) 82.22 80.72 68.42 79.77
DKG (Chen et al. 2021) 85.31 79.02 72.27 85.03
Huang et al. (Huang et al. 2023) 82.41 76.76 63.55 81.77
AHAF (Gong et al. 2023) 84.53±2.72 83.37±1.59 83.90±2.07 79.47±1.93

KAMnet (Guo et al. 2024) 85.42±2.82 74.19±2.67 89.04±2.83 83.97±2.03

DaST (Chen et al. 2024) 86.28±2.61 82.79±1.97 79.81±2.73 82.53±1.82

UAC-T (Chi et al. 2024) 86.33±2.81 81.62±2.49 92.36±3.43 87.28±2.79

Ours 89.80±2.58 85.08±1.80 95.83±3.04 89.36±2.00

Table 3: Comparative studies on multimodal ultrasound-
based diagnosis of breast cancer.

material, we discuss the mutual promotion between segmen-
tation and diagnostic tasks.

Evaluation Metrics. The commonly used classification
accuracy (Acc), sensitivity (Sens), specificity (Spec), and
F1-score are selected as evaluation metrics for disease di-
agnosis. In addition, mean intersection over union (mIoU)
and mean Dice coefficients (mDice) are employed to eval-
uate lesion segmentation in BUS and CEUS modalities. All
the datasets are randomly divided into training and valida-
tion sets, with a split ratio of 4:1. We evaluate our method
using 5-fold cross-validation and report the results of statis-
tical significance using paired student’s t-tests (p<0.05).

Comparisons on Unimodal Dataset
We first compare the proposed method with several strong
baselines on two publicly available unimodal ultrasound
datasets. Notably, in this case, the inputs to both branches
of the model are either BUS images or CEUS images. The
experimental results of BUS-based breast cancer diagnosis
and CEUS-based focal liver lesion diagnosis are shown in
Tab. 1 and Tab. 2, respectively. Li et.al. and HoVer-Trans
respectively incorporate clinical experience and anatomical
structure knowledge into the diagnostic model to mimic the
thinking of a human expert diagnosing breast lesions. Liang
et.al. and Trans-CEUS respectively incorporate contrastive
enhancement types and dynamic microvascular perfusion
patterns into the diagnostic model to establish associations
between CEUS characteristics and diagnostic results. Un-
like them, our method aligns the model’s decision-making
process with that of human experts by modeling the causal
logic behind disease diagnosis, thus achieving better diag-
nostic performance. In addition, unlike the vanilla attention
mechanisms used by HoVer-Trans and Trans-CEUS, our CA
module can reveal inconspicuous but valuable features that
facilitate reliable disease diagnosis.

Comparisons on Multimodal Dataset
We compare the proposed method with several baselines
and state-of-the-art methods on the BUS-CEUS multimodal
dataset and the experimental results are shown in Tab. 3.
Notably, TSDBN and Huang et al. proposed different dual-
branch diagnostic models similar to our method. DKG lever-
ages keyframes’ ROI and the brightness change curve of
CEUS as domain knowledge to enhance breast cancer di-
agnosis, achieving respectable Acc and F1 metrics. Statis-
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Model Para(M) ↓ FLOPs(G) ↓
Trans-CEUS (Chen et al. 2023) 88.63 15.49
UAC-T (Chi et al. 2024) 40.55 67.34
Our method 63.41 48.28

Table 4: Comparisons of number of parameters and compu-
tational complexity.

Ablations Metrics
TA CA B-Down B-Up BACL FACL Acc (%) ↑ Sens (%) ↑ Spec (%) ↑ F1 (%) ↑
✓ - - - - - 79.25 74.61 84.17 78.83
✓ ✓ - - - - 83.67 78.34 88.83 82.60
✓ ✓ ✓ - - - 84.39 79.67 89.01 83.96
✓ ✓ ✓ ✓ - - 85.03 80.90 90.83 84.79
✓ ✓ ✓ ✓ - ✓ 88.37 83.83 94.16 88.40
✓ ✓ ✓ ✓ ✓ - 89.07 84.28 94.77 88.96
✓ ✓ ✓ ✓ ✓ ✓ 89.80 85.08 95.83 89.36

Table 5: Ablation studies of each component of our method.

tically, our method absolutely improves 4.49% ∼ 7.58%,
3.36% ∼ 4.36, 23.56% ∼ 32.28%, and 4.33% ∼ 9.59% on
four metrics relative to these baseline methods.

AHAF proposes to combine non-imaging clinical data
with multimodal ultrasound data to boost the breast can-
cer diagnostic performance. In addition, AHAF also utilizes
the clearest BUS frames that are captured separately. For a
fair comparison, we compare our method with AHAF using
only multimodal ultrasound data on our dataset without us-
ing additional data. KAMnet, DaST, and UAC-T all utilize a
dual-branch network design. The difference is that KAMnet
focuses on knowledge mining, representation, and integra-
tion. DaST and UAC-T mimic expert diagnostic experience
by emphasizing feature interactions between modalities. De-
spite the competitive diagnostic performance, their align-
ment with expert behaviors is only associational, rather than
causal, making their models still biased towards spurious
correlated features. Thanks to the causality-based diagnostic
framework and dual-branch model design, our method sig-
nificantly improves diagnostic performance relative to exist-
ing methods. Statistically, Our method absolutely improves
3.47% ∼ 5.27%, 1.71% ∼ 10.89, 3.47% ∼ 16.02%, and
2.08% ∼ 9.89% on four metrics relative to these state-of-
the-art methods. Further, Tab. 4 reports the number of pa-
rameters and computational complexity of our method com-
pared to state-of-the-art unimodal and multimodal methods.

In the supplementary material, we further compare the
proposed method with existing lesion segmentation methods
on the multimodal BUS-CEUS dataset.

Ablation Studies
Based on the BUS-CEUS multimodal dataset, Tab. 5 reports
the results of the ablation studies for each component of
our method. The method that retains the TA module is used
as the baseline to capture CEUS’s spatiotemporal features.
By replacing the vanilla spatial attention module (Vaswani
2017) with a CA module, all four metrics are significantly
improved. The integration of both B-Down and B-Up im-
proves the performance of breast cancer diagnosis, reflect-

Number of Frames Acc Sens Spec F1
k=3 83.8 81.39 90.53 84.47
k=5 87.71 82.64 93.23 88.69
k=7 89.8 85.08 95.83 89.36
k=9 89.55 84.35 95.49 89.02

80

85

90

95

100

Acc Sens Spec F1

k=3 k=5 k=7 k=9

80

85

90

95

100

Acc Sens Spec F1

256x256 384x384 512x512

Figure 5: The effects of different CEUS frames k and differ-
ent image sizes on multimodal ultrasound-base breast cancer
diagnosis.

ing the effectiveness of the bridging designs for multimodal
feature interactions. However, we find that feature interac-
tion bridges without causal inference modules contribute
little to diagnostic performance. In the feature extraction
and interaction phases, the attendance of BACL and FACL
can align the model’s decision-making process with that of
sonographers, thus substantially improving diagnostic per-
formance. Benefiting from explicitly extracted conspicuous
confounders, the contribution of BACL is larger than that of
FACL. The complete model achieves the best breast cancer
diagnostic performance.

Parametric Studies

We conduct parametric studies on the BUS-CEUS multi-
modal ultrasound dataset. Fig. 5 illustrates the effects of dif-
ferent CEUS frames k and different image sizes on disease
diagnostic performance. Using appropriate k or image size
facilitates the trade-off between diagnostic performance and
computational overhead. By adjusting the hyper-parameters,
we find that k = 7 and image size 384 × 384 are favorable
to achieve the best diagnostic performance. Increasing the
value of k or the image size consumes more computational
resources and degrades the diagnostic performance.

Conclusion
In this paper, we propose a causality-based diagnostic
framework to align the diagnostic model’s decision-making
process with that of human experts. Specifically, we em-
ploy BACL and FACL techniques to address spurious cor-
relations caused by conspicuous and inconspicuous con-
founders, respectively, for unbiased causal learning. For
compatibility with multimodal ultrasound inputs, we de-
sign a causally aligned dual-branch model with feature in-
teraction bridges and a CA module. The bridging design
integrated with causal inference modules helps to achieve
causally aligned multimodal feature fusion. The CA mod-
ule facilities mining inconspicuous key features so that they
can participate fairly in causality-based diagnostic predic-
tions. To fully evaluate our method, we publish a carefully
constructed multimodal ultrasound (BUS-CEUS) dataset
for breast lesion diagnosis, whhich is 1.36 ∼ 2.98 times
larger than existing non-public BUS-CEUS dataset. Suffi-
cient comparative studies on different diseases and ultra-
sound modalities demonstrate the superiority of our method.
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