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ABSTRACT: Electrocardiogram (ECG) is a widely used non-invasive tool for diagnosing cardiovascular diseases.
ECG zero-shot classification involves pre-training a model on a large dataset to classify unknown disease categories.
However, existing ECG feature extraction networks often neglect key lead signals and spatial topology dependencies
during cross-modal alignment. To address these issues, we propose a multimodal channel compression graph attention
alignment network (MCCGAA). MCCGAA incorporates a channel attention module (CAM) to effectively integrate
key lead features and a graph attention-based alignment network to capture spatial dependencies, enhancing cross-
modal alignment. Additionally, MCCGAA employs a log-sum-exp loss function, improving classification performance
and convergence over the original clip-style method. Experimental results show that MCCGAA outperforms current
methods, achieving the highest classification accuracy across six publicly available datasets. MCCGAA holds promise
for advancing ECG zero-shot classification and offering better decision support for researchers.

KEYWORDS: ECG zero-shot classification; contrastive learning; cross-modal alignment; graph attention network;
channel attention mechanism

1 Introduction
Electrocardiogram (ECG) [1] is a non-invasive graphical record of cardiac electrical signals, serving as a

cornerstone for diagnosing cardiovascular diseases. ECG diagnostic classification [2] aims to categorize ECG
signals into specific cardiac states or disease types. Traditional signal processing [3] and feature extraction
methods rely heavily on professional domain knowledge, requiring manual design of key features such
as QRS complex morphology and RR intervals. Moreover, these approaches lack robust multimodal data
integration support, resulting in suboptimal efficiency and accuracy in practical applications.

Deep learning has brought transformative potential to ECG classification. Early 1D convolutional
neural networks (1D-CNN) [4] excel at capturing local signal patterns, performing well in detecting
ventricular and supraventricular ectopic beats. However, their inherent local receptive field limits modeling
of long-term temporal dependencies and adaptation to sequence feature variations. To address this, studies
combined LSTM autoencoders with SVM [5] for automatic feature learning without prior knowledge,
yet these hybrid models show poor cross-distribution adaptability and fail to learn transferable features.
Recently, ECG self-supervised learning (eSSL) [6,7] has gained attention for learning features from unlabeled
signals. Contrastive eSSL (ceSSL) [8,9] leverages augmented sample pairs to train discriminative features,
while generative eSSL (geSSL) [10] focuses on signal reconstruction for better downstream performance.
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Nevertheless, eSSL methods fragment long-term ECG dependencies, losing global cardiac activity features,
and lack explicit domain knowledge guidance [11], restricting zero-shot classification effectiveness.

Multimodal fusion techniques integrating ECG with clinical reports [12,13] show promise in auxiliary
diagnosis [14]. Knowledge-base-enhanced approaches [15] generate expert disease descriptions to guide
ECG-text joint embedding learning. However, these methods ignore spatial topological dependencies across
ECG leads and patient data [16], and lack mechanisms to prioritize critical lead signals. Graph neural
networks (GNNs) [17,18] excel at modeling complex multimodal relationships, yet their application in
ECG-report alignment remains underexplored.

To tackle these challenges, we propose a multimodal channel compression graph attention alignment
network (MCCGAA) for ECG zero-shot classification. A lightweight 1D-ResNet integrated with a channel
attention module (CAM) extracts ECG features, prioritizing key leads and suppressing noise. A graph
attention feature alignment network (GAFA) captures spatial topological dependencies between ECG and
text embeddings for enhanced cross-modal alignment. Furthermore, we adopt a log-sum-exp contrastive loss
to improve numerical stability over traditional clip-style designs. Our main contributions are summarized
as follows:

1. We designed an end-to-end graph attention feature alignment network based on ECG-report dual
embeddings to complement the spatial topological dependencies between modalities in the cross-modal
alignment process. To our knowledge, this is the first attempt to incorporate topological dependency
learning into the pre-trained ECG zero-shot classification task.

2. We designed a channel attention mechanism combined with 1D-ResNet as the ECG backbone net-
work. Compared to the pure 1D-ResNet design, the former demonstrated superior feature extraction
capabilities and provided spatial topological support for the cross-modal alignment network.

3. To enhance the stability of model training, we replaced the previously used clip-style contrastive loss
function with log-sum-exp. Experimental results show that the log-sum-exp-based approach achieved
better convergence and evaluation metrics.

4. We conducted evaluations on six public datasets. Experimental results show that, compared to many
benchmark methods, our approach achieved promising results in most evaluation tasks, which is
expected to provide better decision support for professionals in the field of ECG zero-shot classification.

The remainder of this paper is organized as follows: Section 2 briefly reviews related work in ECG
zero-shot classification. Section 3 details the relevant design of MCCGAA, starting from the problem
formulation. Section 4 compares MCCGAA with the latest baseline methods on six publicly available
datasets to demonstrate its effectiveness. Section 5 concludes with a summary and discusses potential future
research directions.

2 Related Works
This section reviews relevant works on ECG contrastive learning and multimodal joint learning in ECG

medical diagnosis, followed by the zero-shot classification task, which is the primary focus of this study.

2.1 ECG Medical Diagnosis
ECG medical diagnosis analyzes ECG to assess heart health. As a convenient, inexpensive, and non-

invasive tool, ECG plays a key role in early detection [19], treatment decisions, and efficacy evaluation.
Multi-lead ECG provides multi-dimensional time-series signals capturing pathological features. For exam-
ple, irregular R-R intervals and absent P-waves indicate atrial fibrillation; T-wave inversion or ST-segment
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depression may suggest myocardial ischemia. Joint assessment of leads is complex, requires expert knowl-
edge [19], and diagnostic accuracy is closely tied to professional expertise. Developing robust evaluation
systems remains challenging.

2.2 Multi-Lead ECG Contrastive Learning
ECG signal representation faces noise, complex global spatiotemporal dependencies, and high dimen-

sionality [20]. Temporal contrastive learning (TCL) [21] optimizes representations across time segments.
CLOCS [9] encourages similarity across space, time, and patients, while TS-TCC [6] uses weak and strong
augmentations in cross-view prediction tasks. ASTCL [22] removes noise via adversarial training to align
feature distributions, further improving the robustness of contrastive learning for ECG signals. GNN-based
approaches, like CoLA [23], capture embeddings from high-dimensional attributes and local structures, and
ECG-KG [24] vectorizes abnormal triples for improved classification. However, these methods lack clinical
knowledge guidance, limiting the understanding of higher-order physiological or pathological relationships
between leads and disease labels.

2.3 ECG Multimodal Joint Learning
Inspired by the significant success of multimodal joint learning in natural language processing and

computer vision, several ECG diagnostic studies have begun to explore multimodal fusion for representation
learning. For instance, IFM [25] generates three types of ECG images—Gramian Angular Field (GAF),
Recurrence Plot (RP), and Markov Transition Field (MTF)—to fuse them for heartbeat classification.
Similarly, multimodal fusion of ECG and photoplethysmogram (PPG) signals based on wavelet transform
has been designed to improve heartbeat detection. However, these methods primarily focus on modality
data derived from collection techniques, while professional artificial knowledge, such as clinical reports,
remains underutilized. Unlike the remarkable progress in joint learning between medical images and clinical
reports [26], the integration of expert knowledge to guide ECG model learning requires further exploration.

2.4 ECG Zero-Shot Classification
Zero-shot classification classifies unseen categories via cross-modal alignment to mitigate data scarcity.

However, ECG zero-shot classification demands further research due to discrepancies between ECG signals
and radiology reports. MERL [15] proposed a benchmark with clinical knowledge-enhanced prompt
engineering (CKEPE) for ECG disease labels, leveraging large-scale pretraining for zero-shot tasks. FG-
CLEP [27] enhances ECG-text alignment through fine-grained waveform recovery and two-stage contrastive
pretraining, boosting zero-shot classification and linear probing. Notably, these methods overlook cross-
modal topological dependencies between ECG and text embeddings and while GNNs [28] excel at capturing
such structural information, their application to ECG zero-shot classification remains underexplored.
Additionally, ECG data exhibits severe class imbalance (ultra-minority rare arrhythmias account for <1% in
most datasets), yet existing methods lack systematic analysis of rare-class performance and the correlation
between class frequency and accuracy, hindering clinical utility.

3 Methods
In this section, we first present the relevant symbols involved in the ECG zero-shot classification task.

Then, starting from the design of the MCCGAA encoding layer, we provide a detailed explanation of the
associated designs, including the GAFA layer and the loss function, as shown in Fig. 1.
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Figure 1: Structure diagram of MCCGAA. CKB refers to the Clinical Knowledge Base. For the embedding represen-
tations of ECG and clinical reports, on the one hand, both are used to construct a similarity adjacency matrix A and
a dual-embedding graph node set Cxr , which a GAT then processes to capture the topological dependencies between
nodes. On the other hand, they are further processed for both unimodal and cross-modal alignment. The symbol ⊕
represents the tensor concatenation operation.

3.1 Problem Formulation
The ECG data for D-lead signals is represented as x ∈ RD×L , where L denotes the signal duration. Each

sample x is associated with a label y indicating a diagnostic category, such as “AFIB” or “VPC”. A collection
of B ECG samples is denoted by X = {x1 , . . . , xB}with the corresponding label set Y = {y1 , . . . , yB}. Given a
clinical knowledge base K = {k1 , . . . , kC}, where each ki represents the textual report for the i-th diagnostic
category (e.g., “Atrial Fibrillation, Paroxysmal...”), each category in Y has a unique mapping in K. The ECG
query process is defined as follows:

Q = fquery(Y , K) (1)

where Q = {r1 , . . . , rB} represents the diagnostic reports corresponding to Y. ECG zero-shot classification
aims to train a model using a source dataset Xs and its corresponding query reports Qs to minimize their
distance in the joint feature space. This knowledge transfer approach enables the model to generalize and
classify unseen categories in a separate target dataset.

3.2 Encoding Layer
x and r are two modalities of data that need to be encoded separately for further analysis. In ECG

embedding representation learning, to address the crucial role of focusing on a small number of lead signals,
we designed a CAM module to improve the attention of 1D-ResNet in the channel dimension. Taking the
Block module in Fig. 2 as an example, the 3 × 3 convolution is defined as follows:

χo
i =

k−1
∑
j=0

χi+ jw j (2)

xo = {χo
i ∣ 1 ≤ i ≤ L} (3)

Xo = {xo
i ∣ 1 ≤ i ≤ B} (4)
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where xi+ j is the element at position i + j in the input tensor x, w j is the j-th weight of the convolutional
kernel and χo

i represents the output value at the i-th position after convolution. Next, batch normalization
(BN) is applied to standardize the output of each layer and reduce internal covariate shift:

X̂ = Xo − μ
σ

(5)

X̂o = γX̂ + β (6)

where Xo is the input to the current layer, μ and σ are the mean and standard deviation of the current batch,
and γ and β are the learned scaling and shifting parameters. Finally, an activation function is applied to
introduce non-linearity into the network:

fReLU (X̂o) =max (0, X̂o) (7)

if X̂o is greater than or equal to zero, fReLU outputs X̂o itself; otherwise, it outputs 0.

Figure 2: Structure diagram of ECG-backbone. The diagram illustrates the design 1D-ResNet18, which consists of four
residual layers, each containing two basic blocks. BN represents batch normalization, and 3 × 3 refers to convolutional
layers with kernel size 3. ReLU is the activation function. Two types of pooling in CAM (max and average) are used
to generate global information from the feature map for further channel attention computation. The squeeze layer
performs further transformation and information compression of the features, where the fully connected layer (FC1)
compresses the channels to half of the original size, and FC2 does the opposite. The⊗ represents tensor multiplication.

In the CAM module, both average pooling and max pooling operations are used to capture the global
average and maximum information of each channel, thereby learning different contexts of ECG:

Xav g = fAv gPool (X̂o) (8)
Xmax = fMax Pool (X̂o) (9)

Next, two fully connected layers are used to generate the attention weights corresponding to each
channel:

Xav g
1 = fReLU ( fFc1 (Xav g)) (10)

Xmax
1 = fReLU ( fFc1 (Xmax)) (11)

Xav g
2 , Xmax

2 = fFc2 (Xav g
1 , Xmax

1 ) (12)
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where the number of output channels for fFc1 is half the number of input channels, while fFc2 restores it to
the original number of input channels. Then, the channel attention scores are summed and mapped to the
range [0, 1]:

α = σ ( 1
1 + e−(Xav g

2 +Xmax
2 )
) (13)

where σ is the sigmoid activation function, and α represents the channel attention weights. Finally, the
channel attention weights are used to scale the original channel output:

XC AM = α ⋅ X̂o (14)

The weighted design of the CAM allows the network to adaptively emphasize or suppress features from
different channels, thereby improving model performance and capturing the differences in lead signals across
various ECG data for different tasks. Furthermore, the output of the 1D-ResNet18 with the integrated CAM
module is mapped to the preset embedding vector length by a linear layer:

Xe = fLinear (XC AM) (15)

where Xe ∈ RB×M , and M is the embedding vector length of the ECG.
In ECG diagnostic report embedding representation learning, we used a pre-trained text encoder Frep

from the medical domain, MedCPT, to generate text embedding vectors. This design allows the task to avoid
relying heavily on manual domain knowledge for ECG diagnostic report interpretation, enabling efficient
and accurate conversion of complex medical language into structured medical codes:

Qe = Frep (Q) (16)

Prior to similarity calculation, the ECG embedding Xe undergoes 1D convolution for dimension
adjustment, attention-based pooling to aggregate key temporal information into global features, and nor-
malization; the MedCPT text embedding Qe is linearly projected via a multi-layer perceptron (MLP) and
normalized. Through these operations, Qe achieves the same embedding dimension as Xe (Qe ∈ RB×M),
thereby mapping the two modalities into the same semantic space and laying the foundation for subsequent
spatial topology-dependent learning.

3.3 GAFA Layer
To capture cross-modal topological dependencies between ECGs and diagnostic reports, we propose

GAFA, a method based on joint embedding learning of ECG and text representations.
The cross-modal topology in GAFA is modeled as a bipartite graph, where ECG embeddings and

diagnostic text embeddings serve as two heterogeneous node types, and edges are constructed based on their
pairwise semantic similarity. This formulation enables explicit modeling of ECG–text relational structure,
which is subsequently learned via a graph attention network.

With Xe and Qe as inputs, GAFA is defined as:

fs im(i , j) =
Xe

i ⋅ Qe
j

τ
(17)
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where fs im(i , j) represents the similarity between the i-th ECG embedding and the j-th diagnostic report
under Einstein summation, and τ is a scaling factor to stabilize the training process. Next, the threshold
adjacency matrix is constructed as follows:

Ai j =
⎧⎪⎪⎨⎪⎪⎩

1 if fs im(i , j) > threshold
0 otherwise

(18)

where Ai j is an element of the adjacency matrix A, with a value of 1 indicating an edge between the i-th ECG
embedding and the j-th diagnostic report, and 0 otherwise. Then, Xe and Qe are used to construct the dual
embedding graph nodes further:

Cxr = Xe ∥ Qe (19)

where ∥ refers to the tensor concatenation operation.
After the preparation, we use a two-layer multi-head graph attention network (GAT) to capture the

spatial topology dependencies between ECG and diagnostic text. The computation for a single-head graph
attention layer is as follows:

h(k)
i = ∑

j∈N (i)
β(k)

i j Cxr
j W(k) (20)

where N (i) is the set of neighboring nodes of node i, W(k) ∈ R2M×F is the learnable weight matrix for the
k-th attention head, F is the dimensionality of the output features for each attention head, and β(k)

i j is the
attention coefficient for the k-th attention head, representing the attention weight between node i and its
neighboring node j, which can be computed as follows:

β(k)
i j =

exp (a(k)T [W(k)Cxr
i ∥W(k)Cxr

j ])

∑s∈N (i) exp (a(k)T [W(k)Cxr
i ∥W(k)Cxr

s ])
(21)

where a(k) ∈ R1×2H is the learnable weight vector for the k-th attention head, and [W(k)Cxr
i ∥W(k)Cxr

j ] is
the concatenated representation of the features of nodes i and j after linear transformation.

Finally, we concatenate the outputs of the multiple attention heads to obtain the output of a single-layer
GAT:

H = (h1 ∥ h2 ∥ ⋅ ⋅ ⋅ ∥ hN)WO (22)

where WO ∈ RHN×F is a learnable output weight matrix, N is the number of attention heads and H ∈ RB×F is
the multi-head attention output of a single-layer GAT. After GAT captures the spatial topology dependencies,
we split H to obtain the dependent embedding representations Xto po and Qto po for ECG and diagnostic text,
respectively. These are then concatenated with Xe and Qe to obtain the fused representations:

(Xto po ∥ Qto po) = H (23)
(X f use , Q f use) = (Xto po ∥ Xe , Qto po ∥ Qe) (24)

where X f use and Q f use are the fused embedding representations for ECG and diagnostic text, respectively.
Finally, these representations will be further used for modality alignment learning.
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3.4 Modal Alignment Loss Function
A good modal alignment loss function can map the embedding representations of ECG and diagnostic

text into a shared space, ensuring that similar or related inputs are closer to each other in this space.
Compared to the current clip-style loss function design, the log-sum-exp design offers stronger numerical
stability when handling large-scale datasets. To improve the loss function, we propose the following
log-sum-exp-based ECG zero-shot classification loss function design:

X′, Q′ = ( X f use

∥X f use∥2
, Q f use

∥Q f use∥2
) (25)

where X′ ∈ RB×(M+F//2) and Q′ ∈ RB×(M+F//2) are the normalized representations, and ∥X f use∥2 and
∥Q f use∥2 represent the corresponding euclidean norms. Next, the similarity and log-probability are calcu-
lated as follows:

f x q
sim(i , j) =

⎛
⎝
∑M+F//2

l=1 X′ i , l Q′ j , l
τ

⎞
⎠

(26)

f x q
prob(i , j) = f x q

sim(i , j) − log(
B
∑
b=1

exp ( f x q
sim(i , b))) (27)

where X′ i , l represents the value of the l-th embedding vector of the i-th ECG sample, and Q′ j , l is similar.
f x q

prob(i , j) is the log-probability calculated based on the log-sum-exp trick. Then, we define lossr2x and lossx2r
as the two loss functions: one for the diagnostic report to ECG and the other for ECG to diagnostic report.

lossx2r = −
1
B

B
∑
i=1

f x q
prob (i , i) (28)

lossr2x = −
1
B

B
∑
i=1

f x q
prob (i , i)T (29)

lossal l (X , Q) = lossx2r + lossr2x (30)

where lossx2r represents the log-probability of each ECG embedding and the corresponding diagnostic report
embedding at the respective index, lossr2x represents the log-probability in the opposite direction, and lossal l
is the overall loss optimization function.

Notably, the proposed cross-modal alignment is symmetric. Both ECG-to-text and text-to-ECG align-
ments are optimized using the same similarity matrix, and the final objective is defined as the unweighted
sum of the two directional losses. This symmetric design encourages bidirectional embedding alignment in
a shared latent space and improves the generalization ability of zero-shot ECG classification.

Finally, considering issues such as errors introduced during the preprocessing of ECG time series, some
unimodal embedding regularization methods are used to constrain the model learning. Combined with
cross-modal alignment, as shown follows:

Xdr p1 , Xdr p2 = fDro pout (Xe , θ 1 , θ2) (31)
Luma,Lcma = (lossal l (Xdr p1 , Xdr p2) , lossal l (X , Q)) (32)

where fDro pout represents the regularization layer, θ 1 and θ2 represent different pooling rates,Lcma represents
the cross-modal alignment loss, and Luma represents the unimodal alignment loss. After pretraining,
MCCGAA can perform zero-shot classification on a new dataset without further training. Specifically, the



Comput Mater Contin. 2026;87(3):67 9

query report embeddings corresponding to the total category labels of the new dataset are generated, and the
ECG to be classified is encoded using the pre-trained ECG backbone embedding. A simple linear layer is then
used to obtain the predicted label directly. Then, accuracy and other evaluation metrics can be calculated
based on this.

4 Experiments
In this section, extensive experiments are conducted to comprehensively evaluate the performance

of MCCGAA. First, seven benchmark datasets, including the pretraining dataset MIMIC-ECG [29],
are introduced. Next, the state-of-the-art benchmark methods used for comparison are listed. Several
experiments, including linear probing, zero-shot classification, and ablation studies, are then designed to
thoroughly examine the interdependencies among different components of MCCGAA. Finally, intuitive
feature visualization methods are employed to further analyze the internal mechanisms of MCCGAA,
followed by a brief summary. For clarity, the highest value for each dataset is highlighted in bold, and the
second-highest value is underlined (“_”) in the subsequent experimental results tables.

4.1 Datasets
To evaluate the performance of MCCGAA, four real-world datasets (PTBXL includes four sub-

datasets) were selected. Large-scale pretraining was conducted on MIMIC-ECG, with downstream tasks on
CPSC2018 [30], PTBXL [31], and Chapman [32]. Key dataset information is summarized in Table 1.

Table 1: Overview of datasets used for zero-shot ECG classification.

Dataset Samples Classes Split (Train/Test/Val) Key Characteristics

MIMIC-ECG 771,693 47 – Large-scale multi-center clinical ECG
dataset

CPSC2018 6877 9 7:2:1 Real-world clinical ECG recordings
with variable length

PTBXL-Form 8978 19 8:1:1 Medium-granularity diagnostic
annotations

PTBXL-Sub 21,388 23 8:1:1 Fine-grained diagnostic categories
PTBXL-Super 21,388 5 8:1:1 Coarse-grained diagnostic labels

PTBXL-Rhythm 21,030 12 8:1:1 Rhythm-focused ECG annotations
Chapman 23,026 38 7:2:1 Large-scale multi-class ECG dataset

Note: All datasets use standard 12-lead ECG recordings. ECG signals are sampled at 500 Hz and segmented into 10-
second windows (5000 sample points), except for CPSC2018, which contains variable-length recordings ranging from
6 to 60 s.

Notably, all datasets exhibit significant class imbalance, consistent with clinical ECG data’s real dis-
tribution. Specifically, MIMIC-ECG includes 12 ultra-minority classes (<1%) with dominant classes over
30%; CPSC2018 has 2 ultra-minority classes (e.g., “Other Arrhythmia”) at 0.8%; in the PTBXL series, ultra-
minority classes like “Atrial Flutter” (PTBXL-Rhythm) and “Rare Conduction Disorders” (PTBXL-Form)
are <0.6%, with only PTBXL-Super (5 classes) showing relative balance; Chapman has a severe long-tailed
distribution, with 18 ultra-minority classes (<1%) and top 5 dominant classes making up over 60%. This
imbalance poses key challenges for zero-shot classification: models tend to favor dominant classes, fail to
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learn rare classes’ discriminative features, and traditional contrastive loss is prone to gradient vanishing,
worsening unseen rare class classification.

Datasets without official partitions adopt a 7:2:1 train-test-validation split. All models were trained for 20
epochs using the AdamW optimizer with an initial learning rate of 1.0 × 10−3, cosine-annealed to 1.0 × 10−8.
Experiments were conducted on a Linux server using PyTorch 2.1 with six NVIDIA L20 GPUs (48 GB each).

4.2 Baselines
In this experiment, we selected several representative contrastive learning methods as baselines for

comparison. To ensure fairness, we implemented all methods using the optimal designs from their original
papers. A brief description of each method is provided below:

1. SimCLR [8]: A simple and effective contrastive learning framework that learns visual representations
through data augmentation and contrastive loss.

2. BYOL [33]: A self-supervised method that eliminates negative samples by using a target network to
guide representation learning.

3. BarlowTwins [34]: A redundancy-reduction learning approach that avoids negative samples while
achieving strong performance across vision tasks.

4. MoCo-v3 [35]: The first self-supervised framework enabling effective Vision Transformer training with
stronger augmentations and longer training schedules.

5. SimSiam [7]: A simplified architecture that achieves competitive performance in self-supervised
learning without relying on negative pairs.

6. TS-TCC [6]: A time-series contrastive learning method that enhances temporal and contextual
representation quality without labeled data.

7. CLOCS [9]: A contrastive framework across time, space, and patients, enabling robust ECG represen-
tations resilient to inter-patient variability.

8. ASTCL [22]: An adversarial spatiotemporal contrastive learning method that improves ECG classifi-
cation and anomaly detection.

9. CRT [7]: A self-supervised framework integrating cross-reconstruction and Transformer models to
learn high-quality time-series representations.

10. ST-MEM [10]: A masked representation learning framework for ECG signals that captures spatiotem-
poral dependencies via masked prediction.

11. MERL [15]: A recent ECG contrastive learning baseline leveraging clinical knowledge prompts to
achieve state-of-the-art zero-shot performance.

The receiver operating characteristic (ROC) curve was used to evaluate the effectiveness of the proposed
method, as defined by the following formula:

AUC =
n−1
∑
i=1

TPRi + TPRi+1

2
⋅ (FPRi+1 − FPRi) (33)

where TPRi and FPRi represent the true positive rate and the false positive rate at the i-th point, respectively,
and n is the number of points on the ROC curve. The AUC value is the area under the ROC curve, ranging
from 0 to 1, and represents the overall classification performance of the model.

4.3 Zero-Shot Learning
In this subsection, we evaluate MCCGAA under a cross-dataset zero-shot generalization scenario to

validate the transferability of the knowledge learned on the pre-training MIMIC-ECG dataset to completely
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unseen external clinical environments. The detailed characteristics of the benchmark datasets and the specific
extent of class imbalance are summarized in Table 1. First, we present the pre-training results of MCCGAA
under two different loss function designs, as shown in Fig. 3.

Figure 3: MCCGAA’s pretraining step loss function. Apart from the difference in the loss function, the training process
and other designs of MCCGAA remain consistent.

Figure (a) illustrates the iteration of the MCCGAA pretraining cross-modal loss. The log-sum-exp
design results in a lower loss than the clip method, demonstrating better convergence. Figure (b) shows the
iteration of the MCCGAA ECG regularization layer’s unimodal loss. In contrast to Figure (a), the unimodal
loss exhibits better convergence, with the loss nearing equilibrium around the 0-step mark. Similarly, the
log-sum-exp design continues to show superior performance.

We evaluate zero-shot ECG classification performance using AUROC, which is threshold-independent
and robust to severe class imbalance. The results are summarized in Table 2.

Table 2: Zero-shot classification results. “N” indicates non-zero-shot classification, using 1% of the training data, while
“Y” indicates direct zero-shot classification capability.

Method Zero-Shot CPSC2018 PTBXL-
Form

PTBXL-
Sub

PTBXL-
Super

PTBXL-
Rhythm Chapman

Random
Init N 54.96 55.82 55.82 70.45 46.26 47.22

SimCLR N 59.78 54.98 60.84 63.41 51.41 59.02
BYOL N 60.88 48.73 57.16 71.70 41.99 54.20

BarlowTwins N 55.12 52.12 62.57 72.87 50.12 60.72
MoCo-v3 N 62.13 50.32 55.88 73.19 51.38 54.61
SimSiam N 58.35 55.16 62.52 73.15 49.30 58.25
TS-TCC N 57.07 48.04 53.54 70.73 43.34 55.26
CLOCS N 59.59 51.97 57.94 68.94 47.19 54.38
ASTCL N 57.90 44.14 61.86 72.51 52.38 56.40

CRT N 58.01 46.41 61.98 69.68 47.44 56.21
ST-MEM N 56.69 55.71 54.12 61.12 51.12 59.77

MERL Y 82.80 65.92 75.66 74.26 78.56 74.45
MCCGAA

(Ours) Y 84.12 ±
0.55

68.47 ±
0.42

77.37 ±
0.50

75.63 ±
0.48

84.01 ±
0.68

76.41 ±
0.47
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In the zero-shot classification stage, this study strictly follows a cross-dataset zero-shot generalization
protocol. Non-zero-shot baselines were evaluated using 1% of the training data, whereas MCCGAA was
pre-trained exclusively on MIMIC-ECG and directly evaluated on six external public datasets without
any downstream fine-tuning. This setup rigorously tests the model’s ability to generalize to unseen data
distributions and different clinical institutions. MCCGAA achieves competitive performance across most
downstream tasks. The relatively lower AUC on PTBXL-Super can be attributed to the limited number
of samples in this dataset, which constrains the ability of zero-shot models to generalize effectively to
unseen classes.

A detailed comparison with MERL, as summarized in Table 2, shows that MCCGAA consistently
outperforms MERL across all datasets, yielding an average AUC improvement of 2.37%. The largest gain is
observed on PTBXL-Rhythm, with the AUC increasing from 78.56% to 84.59%.

The PTBXL-Rhythm dataset exhibits a highly imbalanced distribution, where a few common rhythm
classes dominate most samples while several rare classes constitute less than 1%, posing challenges for robust
feature learning. It focuses on rhythm abnormality classification, placing high demands on cross-modal
semantic alignment between ECG representations and textual disease descriptions. Ultra-minority classes
such as Atrial Flutter account for only 0.5% of samples, making discriminative feature learning difficult
without strong semantic guidance.

MERL primarily relies on convolutional ECG encoders and CLIP-style contrastive alignment, which
lack an explicit cross-modal topological structure to enforce structured correspondence between ECG
embeddings and textual concepts. Under extreme data scarcity, this may lead to fragmented or weak
alignment for rare rhythm classes.

In contrast, MCCGAA introduces the GAFA layer to explicitly construct a cross-modal topology
between ECG and text embeddings, enabling structured semantic interaction and robust alignment even
for ultra-minority categories. Meanwhile, CAM adaptively highlights diagnostically relevant ECG leads,
complementing the cross-modal alignment by enhancing signal quality at the representation level. Together,
these mechanisms mitigate the impact of sample scarcity and lead to a 6.03% AUC improvement on
PTBXL-Rhythm.

4.4 Linear Probing Fine-Tuning
In this subsection, we use the linear probing technique to validate the transfer learning capability of

MCCGAA in order to demonstrate the necessity of MCCGAA’s pre-training. Specifically, we freeze most
of the layers in MCCGAA and retain only a simple linear layer as the classifier for learning. This operation
allows us to preserve as many of the ECG features learned by MCCGAA during the pre-training phase as
possible, which are then used for downstream dataset classification. To further emphasize the importance of
knowledge transfer learning, we set three levels of downstream task training dataset proportions: 1%, 10%,
and 100%. It allows the model to exhibit different learning abilities with varying data distributions at different
training data proportions. The experimental results are shown in Table 3.

Table 3: MCCGAA’s linear probing AUC evaluation on six real-world datasets.

Method CPSC2018 Chapman PTBXL-Rhythm PTBXL-Super PTBXL-Form PTBXL-Sub

1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%
SimCLR 59.78 68.52 76.54 59.02 67.26 73.20 51.41 69.44 77.73 63.41 69.77 73.53 54.98 56.97 62.52 60.84 56.97 73.39

BYOL 60.88 74.42 78.75 54.20 71.92 74.69 41.99 74.40 77.17 71.70 73.83 76.45 48.73 61.63 70.82 57.16 61.63 71.64
BarlowTwins 55.12 72.75 78.39 60.72 71.64 77.43 50.12 73.54 77.62 72.87 75.96 78.41 52.12 60.39 66.14 62.57 60.39 74.34

(Continued)
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Table 3 (continued)

Method CPSC2018 Chapman PTBXL-Rhythm PTBXL-Super PTBXL-Form PTBXL-Sub

1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%
MoCo-v3 62.13 76.74 75.29 54.61 74.26 77.68 51.38 71.66 74.33 73.19 76.65 78.26 50.32 63.71 71.31 55.88 63.71 76.69
SimSiam 58.35 72.89 75.31 58.25 68.61 77.41 49.30 69.47 75.92 73.15 72.70 75.63 55.16 62.91 71.31 62.52 62.91 76.38
TS-TCC 57.07 73.62 78.72 55.26 68.48 76.79 43.34 69.48 78.23 70.73 75.88 78.91 48.04 61.79 71.18 53.54 61.79 77.87
CLOCS 59.59 77.78 77.49 54.38 71.93 76.13 47.19 71.88 76.31 68.94 73.36 76.31 51.97 57.96 72.65 57.94 57.96 76.24
ASTCL 57.90 77.01 79.51 56.40 70.87 75.79 52.38 71.98 76.05 72.51 77.31 81.02 44.14 60.93 66.99 61.86 60.93 76.51

CRT 58.01 76.43 82.03 56.21 73.70 78.80 47.44 73.52 74.41 69.68 78.24 77.24 46.41 59.49 68.73 61.98 59.49 78.67
ST-MEM 56.69 63.32 70.39 59.77 66.87 71.36 51.12 65.44 74.85 61.12 66.87 71.36 55.71 59.99 66.07 54.12 59.99 63.59

MERL 70.33 85.32 90.57 66.60 82.74 87.95 53.33 82.88 88.34 82.39 86.27 88.67 58.26 72.43 79.65 64.90 80.56 84.72

MCCGAA
(Ours) 70.54 81.29 93.75 64.27 85.48 94.00 61.57 85.79 93.36 78.73 86.04 90.70 55.95 71.00 80.01 69.90 81.38 87.77

The experiment shows that MCCGAA achieves good evaluation results on most datasets. With a
100% training sample ratio, some datasets experience a significant performance improvement, such as
Chapman and PTBXL-Rhythm. Also, relatively good evaluation results are obtained even with a 10% training
sample ratio. It is worth noting that the accuracy is lower on the PTBXL-Super and PTBXL-Form datasets,
likely due to the fewer categories, making it more difficult for the model to learn this coarse-grained data
distribution from the knowledge pre-trained on large datasets, reflecting a domain-specific preference in
transfer learning.

Combined with the analysis of dataset scales, the performance patterns of the MCCGAA are clearly
observable:

• 1% training data: For small-sample datasets (e.g., CPSC2018 [6877 samples], PTBXL-Form [8978 sam-
ples]), performance is notably constrained at 1% data ratio. Larger datasets are less impacted by scarcity.
Via pre-trained ECG features, MCCGAA mitigates small-sample shortcomings while outperforming
most baselines on larger datasets, highlighting pre-trained features’ universal compensatory value
across scales.

• 10% training data: With moderate training data, small-sample datasets’ (CPSC2018, PTBXL-Form)
limitations are greatly reduced, performance converging to other datasets. All collectively reach stable
performance, with medium/large datasets showing more robust improvements due to foundational
data advantages. This confirms combining pre-trained features with moderate data amplifies transfer
learning effectiveness.

• 100% training data: With full training data, MCCGAA performs excellently across all datasets. Even
CPSC2018/PTBXL-Form (small-sample) overcome bottlenecks via pre-trained features integrated with
full task-specific data. Large datasets (e.g., Chapman) show more pronounced advantages via deep
feature-sample adaptation, validating pre-training maximizes transfer learning for diverse scales.

In summary, the performance of MCCGAA is jointly affected by training sample proportion and
dataset scale: it is sensitive to category complexity in small-sample scenarios, and its performance improves
significantly with increasing data volume. This confirms its strong pre-trained feature representation and
transfer learning capabilities.
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4.5 Ablation Experiments
In this subsection, we focus on the interactions and self-stability between different layers of MCCGAA.

Specifically, we demonstrate the dependencies among various modules of MCCGAA by replacing or
removing the corresponding designs. The experimental design details are as follows:

• MCCGAA w/o GAT attention aggregation: We remove the GAT layer design, directly align ECG and
report embeddings across modalities, and then evaluate the zero-shot classification performance under
this condition.

• MCCGAA w/o log-sum-exp: We replace MCCGAA’s log-sum-exp design with the CLIP-style loss
function and evaluate the zero-shot classification performance under this condition.

• MCCGAA w/o CAM: We remove the CAM channel compression attention design and replace it
with the original 1D-ResNet18 design, then evaluate the zero-shot classification performance under
this condition.

The ablation results are summarized in Table 4. Removing different components leads to varying degrees
of performance degradation across datasets, indicating that each module contributes to MCCGAA through
distinct mechanisms.

Table 4: Ablation experiment. “w/o” stands for “without”, and “avg AUC” refers to the average AUC classification
accuracy.

Ablation Design CPSC2018 PTBXL-
Form PTBXL-Sub PTBXL-

Super
PTBXL-
Rhythm Chapman

MCCGAA 84.35 68.81 77.51 75.75 84.59 76.69
w/o GAT 81.32 66.80 77.80 78.71 82.44 75.71

w/o log-sum-exp 82.29 69.44 77.30 73.43 80.87 74.98
w/o CAM 82.46 68.55 76.65 77.66 80.29 75.52

avg AUC 82.61 68.40 77.32 76.39 82.05 75.73

The GAT attention aggregation module models cross-modal topological relationships between ECG
and text embeddings. Its removal causes moderate performance drops on datasets with few samples or rare
classes, such as CPSC2018, where the AUC decreases by 3.03 points. On most rhythm or multi-class datasets,
the decrease is smaller than that observed when removing CAM or replacing the log-sum-exp loss. This
suggests that GAT primarily refines cross-modal alignment rather than directly improving feature quality. It
can be reasonably inferred that cross-modal topological modeling helps mitigate alignment difficulties for
rare-class samples when data is scarce.

The log-sum-exp loss stabilizes gradients and governs the geometry of the embedding space. Replacing it
with a CLIP-style loss leads to pronounced AUC drops on imbalanced datasets, e.g., PTBXL-Rhythm, where
AUC decreases from 84.59 to 80.87, and Chapman, where AUC decreases from 76.69 to 74.98; the effect is
smaller on PTBXL-Super, decreasing from 75.75 to 73.43. This indicates that log-sum-exp provides smoother
gradients for scarce rare-class samples, maintaining stable contrastive learning. It can be reasonably inferred
that this loss alleviates the masking of rare-class features by dominant-class gradients, thereby enhancing
zero-shot classification performance.

The CAM module enhances ECG embeddings via adaptive channel compression and lead-wise atten-
tion. Its removal results in the largest performance drop on PTBXL-Rhythm, where AUC decreases from
84.59 to 80.29, and notable decreases on CPSC2018 (from 84.35 to 82.46) and Chapman (from 76.69 to
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75.52). This highlights CAM’s role in improving signal quality before cross-modal alignment, particularly
in emphasizing critical leads for rare classes and suppressing noise. It can be reasonably inferred that CAM
facilitates the extraction of discriminative features for rare classes, which explains the significant performance
decline when removed.

For PTBXL-Super, which contains a small number of relatively balanced classes, certain ablations (e.g.,
w/o GAT) do not substantially reduce performance and may even slightly improve it (78.71 vs. 75.75). This
suggests that under balanced conditions, the marginal contribution of higher-level modules is limited, and
removing some modules may reduce over-parameterization, allowing the model to focus on robust, coarse-
grained discriminative features.

In summary, the components of MCCGAA contribute at different stages of representation learning:
CAM and the log-sum-exp loss primarily enhance feature quality and embedding stability, whereas GAT
provides complementary gains through cross-modal topology. Combined with large-scale pretraining on
MIMIC-ECG, these modules enable MCCGAA to achieve robust zero-shot classification performance across
diverse downstream datasets. It can be reasonably inferred that these modules play a key role in mitigating
rare-class scarcity and class imbalance.

4.6 Parameter Stability
To further assess the impact of different designs, in keeping other designs unchanged, we evaluated

the effect of four basic architectures, ResNet18, ResNet34, ResNet50, and ResNet101, on the ECG feature
extraction backbone network. Specifically, we integrated the different architectures using the CAM module,
then pre-trained the MCCGAA based on this, and finally evaluated the benchmark dataset in a zero-shot
classification task. The results are shown in Table 5:

Table 5: Evaluation of ECG-backbone with different architectures on six benchmark datasets.

ECG-backbone CPSC2018 PTBXL-
Form

PTBXL-
Sub

PTBXL-
Super

PTBXL-
Rhythm Chapman Avg. AUC

1D-ResNet18 84.35 68.81 77.51 75.75 84.59 76.69 77.95
1D-ResNet34 79.86 65.43 77.18 78.55 82.94 75.38 76.56
1D-ResNet50 74.97 60.96 74.54 75.68 78.37 72.03 72.76
1D-ResNet101 78.63 64.11 77.68 76.64 77.13 72.28 74.41

avg AUC 79.45 64.83 76.73 76.66 80.76 74.10 75.42

Overall, the 1D-ResNet18 exhibited the highest average AUC, reaching 77.95. On the one hand, as the
complexity of the ECG architecture increased, the accuracy across six datasets showed varying degrees
of decline. On the other hand, it is worth noting that increasing network complexity led to an accuracy
improvement in some datasets, such as PTBXL-Form and PTBXL-Super. The above experimental results
suggest that while increasing the complexity of the ECG backbone network may lead to a decline in evaluation
accuracy, this overfitting issue seems to be offset by capturing more features, resulting in a certain accuracy
improvement. However, more parameters are needed to capture more complex patterns.

In addition to the above discussion, we also designed experiments to evaluate the stability of the
embedding vector representation for GAT, as shown in Table 6. The dimensions of the hidden layers were
set to 1/4, 1/2, and 2 times the original embedding vector length, with the output layer length being half
of the corresponding hidden layer. Similar to the ECG feature extraction backbone, the results showed
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that as the hidden layer dimensions increased, some datasets exhibited an AUC that initially increased
and then decreased. Furthermore, as the degree of overfitting increased, the datasets generally showed
a decline in accuracy, suggesting that high-dimensional hidden layers overly complicate the capture of
topological dependencies. However, the design with hidden layer dimensions set to 1/2 achieved relatively
good evaluation results.

Table 6: Evaluation of GAT with different architectures on six benchmark datasets.

(Hidden,
output) CPSC2018 PTBXL-

Form
PTBXL-

Sub
PTBXL-

Super
PTBXL-
Rhythm Chapman Avg. AUC

(32, 16) 82.66 67.85 76.73 78.75 82.94 79.06 78.00
(64, 32) 84.35 68.81 77.51 75.74 84.58 76.68 77.95
(128, 64) 82.75 68.23 77.27 78.22 81.34 75.62 77.24
(256, 128) 80.31 66.99 75.62 75.82 80.11 75.79 75.77

avg AUC 82.52 67.97 76.78 77.13 82.24 76.79 77.24

4.7 Feature Visualization
In this subsection, we analyze the internal working mechanism of MCCGAA from the perspective of

feature representation and data flow, aiming to provide an intuitive explanation of how different components
contribute to zero-shot classification. We employ t-SNE to visualize the distribution of learned embeddings,
which is widely used to qualitatively assess the clustering structure of high-dimensional representations. The
t-SNE visualizations of six public datasets are shown in Fig. 4.

Figure 4: t-SNE visualization of the dataset. The zero-shot classification visualization of MCCGAA on six public
datasets shows that the closer the samples of the same class are, the better the classification performance.
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As shown in Fig. 4, MCCGAA projects high-dimensional ECG representations into a low-dimensional
space where samples from the same category tend to form compact local clusters, while different categories
remain relatively separable. This clustering behavior is more evident for classes with relatively sufficient sam-
ples, indicating that MCCGAA effectively captures discriminative semantic structures during pretraining
and cross-modal alignment.

In contrast, categories with fewer samples generally exhibit weaker clustering behavior. Under pro-
nounced data imbalance, minority classes tend to be scattered or partially overlapped with other categories
in the embedding space. This suggests that limited sample availability constrains the model’s ability to learn
representative semantic patterns for these classes during pretraining, leading to increased ambiguity in
the learned feature space. While MCCGAA achieves robust zero-shot discrimination on most datasets, its
performance on small-sample categories (e.g., PTBXL-Form) indicates potential room for improvement in
mitigating class imbalance during representation learning.

To further analyze the working principles of MCCGAA, we investigate the dependency between ECG
signals and clinical reports at the embedding level. An example from the PTBXL-Rhythm dataset is used to
visualize the learned ECG embedding, as shown in Fig. 5.

Figure 5: A single ECG sample and its corresponding embedding vector. The ECG sequence with 12 variables is
encoded into a 256-dimensional vector, where different color bands in the embedding vector represent distinct feature
representations.

The ECG signal is encoded into a 256-dimensional embedding vector exhibiting structured and
non-random patterns across dimensions, suggesting that the encoder captures meaningful temporal and
morphological characteristics of ECG signals.

Subsequently, we examine the relationship between ECG embeddings and clinical report embeddings
by computing their similarity through tensor multiplication, as shown in Fig. 6. Both ECG and clinical
report embeddings exhibit consistent structural patterns, and the resulting correlation heatmap shows
that ECG embeddings achieve higher similarity with their corresponding clinical categories than with
unrelated reports. These results demonstrate that MCCGAA aligns ECG signals and clinical reports in a
shared semantic space, enabling zero-shot classification based on embedding similarity rather than explicit
label supervision.
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Figure 6: The heatmap of the 256-dimensional embedding representations for 12 clinical reports and their correspond-
ing logits correlation vectors. A stronger logit correlation results in a more vivid color band for the clinical report, while
a weaker correlation leads to a less vibrant color.

To further account for the topological correlation between ECG samples and textual reports, Fig. 7
illustrates their dynamic association, which quantifies the similarity between ECG signals and diagnostic
texts. The numerical values within the red squares denote the GAT attention weights. The evolution of GAT
attention heatmaps in this figure reveals a dynamic alignment process, shifting from diffuse exploration
to precise focusing. At the initial stage (Epoch 4), the attention weights remain low (≈0.05) and scattered,
indicating weak cross-modal specificity. By Epoch 10, the peak intensity triples to 0.16, demonstrating that
the GAFA layers effectively amplify critical diagnostic signals while suppressing cross-modal noise.

Figure 7: Evolution of GAT attention heatmaps across different training stages. As training progresses from (a) to (c),
the attention patterns become increasingly sparse and focused, which visualizes the strengthened spatial topological
correlation between ECG signals and textual reports and indicates that the GAFA layer effectively learns to prioritize
pivotal diagnostic segments while suppressing modal noise.

The resulting structural sparsity and prominent horizontal “resonance” bands signify the formation of
diagnostic anchors. Specifically, specific ECG morphological nodes consistently govern multiple semantic
tokens, mimicking the clinical reasoning paradigm where a single waveform abnormality (e.g., an abnormal
QRS complex) underpins multiple diagnostic conclusions. This progressive refinement of the internal graph
topology confirms that the GAT mechanism captures the intrinsic logical mappings between ECG features
and diagnostic semantics, thereby laying a robust and interpretable foundation for zero-shot classification.
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To evaluate the zero-shot prediction behavior of MCCGAA at the label level, Fig. 8 illustrates the
confusion matrices for three representative categories: ST, RBBB, and AF. For ST, the model exhibits balanced
recognition performance with moderate false positives and negatives. Notably, RBBB represents a typical
imbalanced category with a significantly low prevalence in the dataset; however, MCCGAA demonstrates
remarkable robustness, achieving the highest specificity and the smallest overall classification error despite
the scarcity of positive samples. In contrast, AF shows a higher false-positive rate, which may be attributed
to overlapping ECG morphological characteristics and the inherent label ambiguity often encountered in
multi-label clinical datasets.

Figure 8: Confusion matrices of MCCGAA for three representative categories in the Chapman dataset. From left to
right: (a) ST-segment abnormality, (b) Right bundle branch block, and (c) Atrial fibrillation. Rows represent true labels
and columns represent predicted labels.

5 Conclusion
In this paper, we propose a method named MCCGAA for ECG zero-shot classification. MCCGAA

employs a CAM to focus on key lead signals in the design of the ECG feature extraction backbone network,
thereby enhancing the learning of ECG embedding representations. For cross-modal alignment, MCCGAA
introduces a graph attention feature alignment network to capture the spatial topological dependencies
between ECG signals and clinical reports, addressing the insufficient representational power in the alignment
process. In the design of the loss function, the log-sum-exp function achieves better evaluation accuracy
and convergence than the clip-style approach, thus accelerating the pretraining process of MCCGAA.
Experimental results demonstrate that MCCGAA outperforms the latest methods across six public datasets,
showing promising potential for improving decision support for ECG zero-shot classification. Furthermore,
the robustness and imbalance analyses conducted in this study underscore the model’s practical utility in
clinical settings. By maintaining stability under complex noise and reliability in identifying ultra-minority
arrhythmias (<1%), MCCGAA ensures consistent and trustworthy decision support in real-world scenarios
characterized by long-tailed data distributions.

However, there are some limitations. On the one hand, MCCGAA concatenates the spatial topological
dependencies across modalities, which may lead to sparse vectors and an increased risk of overfitting. On the
other hand, existing methods for ECG unimodal alignment use dropout layers to generate alignment vectors,
but this random dropout of neurons may reduce the model’s interpretability. Future work could focus on
improving the spatial topological dependency learning between ECG and clinical report embedding vectors
and the design of the alignment loss function between them. One potential research direction is to develop
more sophisticated and efficient graph neural networks and loss functions.
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