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Abstract. Carotid atherosclerosis represents a significant health risk,
with its early diagnosis primarily dependent on ultrasound-based assess-
ments of carotid intima-media thickening. However, during carotid ultra-
sound screening, significant view variations cause style shifts, impairing
content cues related to thickening, such as lumen anatomy, which intro-
duces spurious correlations that hinder assessment. Therefore, we pro-
pose a novel causal-inspired method for assessing carotid intima-media
thickening in frame-wise ultrasound videos, which focuses on two as-
pects: eliminating spurious correlations caused by style and enhancing
causal content correlations. Specifically, we introduce a novel Spurious
Correlation Elimination (SCE) module to remove non-causal style effects
by enforcing prediction invariance with style perturbations. Simultane-
ously, we propose a Causal Equivalence Consolidation (CEC) module
to strengthen causal content correlation through adversarial optimiza-
tion during content randomization. Simultaneously, we design a Causal
Transition Augmentation (CTA) module to ensure smooth causal flow
by integrating an auxiliary pathway with text prompts and connect-
ing it through contrastive learning. The experimental results on our in-
house carotid ultrasound video dataset achieved an accuracy of 86.93%,
demonstrating the superior performance of the proposed method. Code
is available at https://github.com/xielaobanyy/causal-imt.
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1 Introduction

Carotid atherosclerosis is a widespread and complex cardiovascular disease that
poses a notable global public health threat [1]. Intima-Media Thickening (IMT)
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Fig. 1. The causal mechanism for intima-media assessment: (a) Cross-frame style shifts
due to view variations of scanning; (b) Structural Causal Model (SCM).

acts as a critical indicator for screening carotid atherosclerosis [16], where ultra-
sound emerges as the preferred modality for imaging owing to its non-invasiveness
and accessibility [17]. In clinical practice, the physician maneuvers the ultrasound
probe along the carotid artery to collect a complete ultrasound video for track-
ing intima-media changes. This video contains numerous frames that reveal the
spatial distribution of thickening along the carotid artery [5], providing valuable
insights for characterizing vascular health and designing personalized treatment.
Therefore, it is desirable to perform IMT assessment in a frame-wise manner for
the carotid ultrasound video, leading to fine-grained cues for thickening position.

For frame-wise IMT assessment in carotid ultrasound videos, existing meth-
ods [9,21] typically treat it as a frame-level event detection task [2], often relying
on off-the-shelf paradigms from the field of generic video processing. For exam-
ple, the spatiotemporal aggregation module originally designed for generic object
tracking [3] is directly transferred to the carotid ultrasound video for capturing
dynamic IMT features [20]. As these existing methods are rooted for the general
video analysis with only mild view variations across frames [6], their efficacy on
carotid ultrasound videos for IMT assessment heavily relies on a strict scanning
protocol [22], i.e., holding the ultrasound probe with a fixed position and static
orientation to keep cross-frame view stability. However, this protocol contra-
dicts clinical practice, where the physician skillfully maneuvers the ultrasound
probe, dynamically scanning along the carotid artery while adjusting its orien-
tation to optimize tissue penetration with clear intima-media [12], as shown in
Fig. 1(a). In this way, substantial view variations would occur across frames with
discrepancies in echo intensity, causing style shifts that corrupt IMT-related con-
tent cues, e.g., lumen anatomy. Hence, IMT assessment for these view-varying
frames tends to be misguided by spurious correlations to style shifts, while ig-
noring causal correlations to content cues.

To address this issue, we construct a Structural Causal Model (SCM) for
IMT assessment, as shown in Fig. 1(b), to identify the non-causal impact path-
way of spurious correlations and explore an ideal causal chain. Theoretically, the
causal content C should be the only endogenous parent that determines IMT
assessment Y by deriving the feature F as an intermediate result, thereby form-
ing a causal chain C → F → Y . However, view-varying frames contains diverse
styles S that misguide feature extraction and, finally, IMT assessment through
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S → F → Y , opening a backdoor path with spurious correlation S 99K Y . Based
on the above causality mechanism, the elimination of spurious correlation can be
achieved by blocking the non-causal path, i.e., S ̸→ F → Y , shielding prediction
from influence of style shifts. Moreover, causal correlations can be enhanced via
the causal chain C → F → Y with two aspects: 1) ensuring causal equivalence
between C and Y for a direct impact consolidation; 2) improving causal transi-
tion by augmenting an auxiliary pathway C → F ↔ T → Y , where T prompts Y
and recalibrate F to smoothly transfer causal impact through the causal chain.

In this paper, we present, to our knowledge, the first causality-inspired model
for IMT assessment in ultrasound videos. This model eliminates spurious style
correlations across view-varying frames while enhancing the causal content cor-
relations for accurate assessment. Specifically, our contributions are three folds:
1) We propose a Spurious Correlation Elimination (SCE) module that cut-offs
non-causal style impacts by enforcing prediction invariance with simulated style
perturbations; 2) We develop a Causal Equivalence Consolidation (CEC) module
to enhance the direct causal content correlation, via adversarial optimization on
assessment predictions under content randomization; and 3) We design a Causal
Transition Augmentation (CTA) module for a smooth causal impact flow, where
an auxiliary causal pathway is formed using text prompts with chain-of-thought
guidance and further involved into the causal chain by contrastive learning. We
evaluate our method on a in-house dataset of carotid ultrasound videos, showing
its highest accuracy and clear advantages for frame-wise IMT assessment.

2 Methodology

As illustrated in Fig. 2, the frames of a carotid ultrasound video are fed into the
proposed causality-inspired model for frame-wise IMT assessment. Specifically,
the style shifts across these view-varying frames are identified as spurious correla-
tions to be eliminated, while causal content factors are enhanced via equivalence
consolidation and transition augmentation.

2.1 Spurious Correlation Elimination (SCE)

In clinical practice, physicians flexibly manipulate the ultrasound probe for
carotid scanning, leading to varying views across frames in a ultrasound video.
It would cause cross-frame shifted styles S, which corrupts the extracted fea-
tures F and finally misguides the IMT assessment C via a spurious correlation
(S → F → Y ). To eliminate such spurious correlation, we apply a causal in-
tervention on F by a do-operator [11], which simplifies the correlation analysis
between S and Y with F conditional fixed:

P (Y |do(F )) =
∑

S
P (Y |do(F ), S) · P (S|do(F )) =

∑
S
P (Y |F, S) · P (S), (1)

which depicts the cumulative effect of multiple S on Y . It implies that, to elim-
inate their spurious correlations, it is crucial to disentangle the correlations be-
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Fig. 2. The architecture of the proposed method. Specifically, we apply Spurious Corre-
lation Elimination (SCE) module to remove non-causal style effects by enforcing predic-
tion invariance with style perturbations (Sect. 2.1), then we design Causal Equivalence
Consolidation (CEC) module to strengthen causal content correlation by adversar-
ial optimization during content randomization (Sect. 2.2). Furthermore, we design a
Causal Transition Augmentation (CTA) module to enhance causal effects by integrat-
ing an auxiliary causal pathway and linking it by contrastive learning (Sect. 2.3).

tween Y and a sufficiently large set of S. To this end, we simulate style pertur-
bations with a highly diverse distribution and enforce prediction invariance over
them, facilitating potential spurious correlations can be thoroughly eliminated.
Style Perturbation. Style factor is typically represented using feature statistic,
i.e., mean µ and standard deviation σ [14]. To ensure a wide perturbation range
for style, we leverage shifted styles µ(fo) and σ(fo) from view-varying frames
and further augment them via random style interpolation, leading to a perturbed
style µ̂(f) and σ̂(f):

µ̂(f) = λ · µ(f) + (1− λ) · µ(fo), σ̂(f) = λ · σ(f) + (1− λ) · σ(fo), (2)

where λ ∼ Uniform(0, 1) is a random interpolation weight. After acquiring this
diverse style, we further transfer it by Adaptive Instance Normalization (AdaIN)
[10] to obtain style-perturbed features fp based on original features f :

fp = σ̂(f) ·
(
f − µ(f)

σ(f)

)
+ µ̂(f). (3)

Prediction Invariance. Eventually, we design a consistency loss Lcl using KL
divergence DKL to ensure the invariance of predictions between f and fp:

min
ΦI , D

Lcl = DKL[D(f)||D(fp)] +DKL[D(fp)||D(f)], (4)

min
D

Lce = −y log (D (f)) . (5)
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where D(f) and D(fp) represent the corresponding predicted distributions, and
y represents the labels for thickening or non-thickening.

2.2 Causal Equivalence Consolidation (CEC)

In the idea causal chain, the assessment prediction Y is primarily determined by
the content C via the intermediate feature F , i.e., C → F → Y . It motivates that
the prediction results should be strongly correlated with the content factor, i.e.,
with high causal equivalence. To achieve this, we propose a Causal Equivalence
Consolidation (CEC) module to strengthen the causal content correlation, which
randomizes content factors and performs adversarial optimization on assessment
predictions to enforce their causal equivalence towards content.
Content Randomization. As the content factor is typically defined as the
channel order of the feature map [7], we randomize the content by independently
splitting each feature channel and shuffling them, achieving features with random
content R(f). Moreover, to avoid potential style degeneration during this content
randomization [4], we integrate the original style factors µ(f) and σ(f) into R(f)
for style stability.

fr = µ(f) +R(f) ·
√
σ(f)

2
+ ϵ. (6)

Adversarial Optimization. To ensure causal equivalence between content and
assessment predictions, we employ adversarial optimization on these assessment
predictions to align their distribution with even randomized contents. Specifi-
cally, we minimize the adversarial loss Ladv to encourage the image encoder ΦI

to fool the classifier D, making it use content-randomized feature fr to generate
low-confidence predictions D(fr) with uniform probability U = 1/2:

min
ΦI

Ladv = −U log (D (fr)) . (7)

Intuitively, randomized contents are enforced to produce meaningless assessment,
enhancing the causal sensitivity to the content and ensuring causal equivalence.

2.3 Causal Transition Augmentation (CTA)

Besides causal quaivalence consolidation, another aspect for causal correlation
enhancement is to design a Causal Transition Augmentation (CTA) mechanism,
where an auxiliary pathway is attached upon the causal chain to avoid the de-
graded causal propagation, i.e., C → F ↔ T → Y . For this goal, we construct
an auxiliary causal pathway using text prompts guided by chain-of-thought for
fine-grained IMT symptoms. This pathway is then attached to the original causal
chain using contrastive learning for alignment.
Auxiliary Causal Pathway Text conveys abundant information that comple-
ments images [15], serving as a valuable data resource for constructing an aux-
iliary causal pathway. However, naive text prompts are not well-suited for IMT
assessment, as it is a highly complex task that typically demands a step-by-step
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Fig. 3. Generation of intima-media symptom descriptions using step-type prompts.

logical process to define key symptoms. Motivated by this, we leverage the chain
of thought [23] mechanism to guide the generation of fine-grained text prompts,
as shown in Fig. 3. Such text prompts with symptom description establish an
auxiliary pathway that augments the original image-based causal chain.
Attaching to Causal Chain. Since the auxiliary causal pathway is constructed
using text prompts, we adpot contrastive learning [26] to align these text prompts
with images into a shared feature space, attaching it to the original image-based
causal chain. Specifically, text prompts are fed into the text encoder ΦT to derive
the text feature ft, which is aligned to the image feature f via a contrastive loss:

min
ΦI

Litcl = − log
exp

(
f · f+

t /τ
)

exp
(
f · f+

t /τ
)
+
∑

i∈N exp
(
f · f (i)

t /τ
) . (8)

where f+
t is the embedding of the positive symptom prompt, N represents the set

of negative samples and f
(i)
t represents the negative ones. (·) denotes the cosine

similarity between two embeddings. τ is a temperature scaling parameter.

2.4 Overall Loss

The total loss of our proposed causality-inspired model consists of several parts,
where α1 , α2, and α3 are trade-off parameters.

Ltotal = min
ΦI

Litcl + min
ΦI , D

α1Lcl +min
D

α2Lce +min
ΦI

α3Ladv. (9)

3 Experiments

Datasets. In the IMT assessment task, we used a carotid ultrasound video
dataset comprising 120 videos, including 30 thickened and 90 non-thickened
videos. All frames were cropped to 506×477, resized to 224×224, and catego-
rized into two types: thickened and non-thickened. Each frame is paired with
a fine-grained textual description of its category and additional frame data for
style information. The dataset was split into 60%, 20%, and 20% for training,
validation, and testing, respectively. For this dataset, we adopted Accuracy, Sen-
sitivity, Sensitivity, Precision and F1-score as evaluation metrics.
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Table 1. The quantitative evaluation demonstrates the superiority of our method.

Method Accuracy(%) Sensitivity(%) Precision(%) F1-Score(%)

ResNet-50 [8] 78.14 32.35 76.64 77.30
APCNet [21] 77.60 23.53 74.65 75.83
DCCNet [25] 70.49 8.82 67.49 68.91
LSMD [20] 81.42 21.46 40.71 44.88
TSM [13] 77.77 14.84 85.19 77.78

MVFNet [24] 75.00 85.71 89.28 85.89
Proposed 86.9386.9386.93 88.8988.8988.89 91.1091.1091.10 88.1088.1088.10

Table 2. The ablation results of the proposed module.

SCE CEC CTA Accuracy(%) Sensitivity(%) Precision(%) F1-Score(%)

✓ ✓ 84.65 21.33 71.67 77.62
✓ ✓ 76.70 51.85 81.56 78.62

✓ ✓ 85.23 88.89 90.52 86.69
✓ ✓ ✓ 86.9386.9386.93 88.8988.8988.89 91.1091.1091.10 88.1088.1088.10

Implementation Details. We employed the pre-trained CLIP (ViT-B/16)
model for image and text encoding [18]. It was trained using SGD Optimizer
with learning rate 6 × 10−5, batch size 16, and epoch number 100. Beside, We
empirically set the overall loss weight coefficients α1, α2, and α3 to 0.5, 0.1, and
0.1, respectively.

Comparison with State-of-the-Arts. We compare our method with exist-
ing approaches, such as ResNet [8], APCNet[21], DCCNet[25], LSMD [20],
TSM [13] and MVFNet [24]. Competing models are retrained on our datasets
using the training codes provided by their respective authors. The results indi-
cate that our model shows superior performance in four key aspects (Table 1).
Proposed method achieve superior performance in all experiments, surpassing
the next best method, MVFNet, with average improvements of 11.93%, 3.18%,
1.81%, and 2.21% in accuracy, sensitivity, precision, and f1-score, respectively.
Notably, due to the limited number of positive thickening cases, most models
pose significant long-tail challenges during training. For example, the sensitiv-
ity for positive thickening in ResNet, APCNet, and DCCNet is 32.35, 23.53,
and 8.82, respectively. However, our proposed method effectively addresses this
issue. This success can be attributed to its ability to eliminate the spurious
correlations caused by style shifts and enhance causal correlations to content,
allowing the model to rely on content information to make decisions across differ-
ent frames. Fig. 4 shows the visualization results of Grad-CAM [19], which shows
that our proposed model focuses on the content cues of the intima-media, such
as bifurcation locations and intima-media structure (last row). Furthermore, by
incorporating customized intima-media symptom texts, this method captures
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Fig. 4. Grad-CAM visualization results for different methods. The first row shows the
original video frames, with the first four representing non-thickened frames and the
last four representing thickened frames.

Fig. 5. t-SNE visualization in a batch with and without intervention.

fine-grained information related to thickening, enabling it to distinguish subtle
differences between the two categories.
Ablation Study. Table 2 summarizes the ablation study for each module on
the intima-media dataset. The results show that both the SCE and CEC sig-
nificantly improve prediction performance. Specifically, incorporating SCE leads
to improvements across all performance metrics, with accuracy and precision
increasing by 10.23% and 9.54%, respectively. Furthermore, adding CEC fur-
ther boosts model accuracy by 1.7%. Fig. 5 shows the t-SNE results of image
feature distributions with and without causal intervention. The two right subfig-
ures illustrate the model’s enhanced thickened judgment after style intervention
and content enhancement, with samples from the same batch clearly distin-
guished. Furthermore, compared to descriptions generated by general prompt-
based methods (Large, irregular zones dominate the image, with uneven borders
and rough lines), CTA demonstrates more robust performance in handling im-
balanced class cases.

4 Conclusion

The assessment of IMT plays a vital role in the diagnosis and treatment of
carotid atherosclerosis. To achieve this, we propose an assessment method based
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on carotid ultrasound videos from a causal perspective. The method eliminates
interference from style variations between video frames through causal model-
ing. Additionally, it enhances robustness by incorporating fine-grained symptom
descriptions. This approach offers a new perspective for IMT assessment and
contributes to advancing the application of causal learning in cardiovascular dis-
ease research. In the future, we will conduct more comprehensive experiments
to validate the robustness of this method.
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