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Abstract. Recent breakthroughs in deep learning have catalyzed the
evolution of multi-label Electrocardiogram (ECG) classification for car-
diovascular diseases. However, prevailing paradigms often suffer from
feature fragmentation, which limits their efficacy in identifying complex
comorbidities. Specifically, it manifests as a discontinuity in representa-
tion, driven by the scale discrepancy between local morphological de-
tails and global heartbeat rhythms. Addressing the difficulty of aggre-
gating these fragmented representations for diagnosing complex comor-
bidities, we propose the Multi-scale Spectral-Semantic Network (MSS-
Net), a framework comprising three key components: Adaptive Gated
Spectral Injection (AGSI) module, Dual Cross-scale Interaction (DCI)
module, and Prior-Guided Feature Aggregation (PGFA) module. Specif-
ically, the AGSI module modulates rebalanced global features in the fre-
quency domain to capture long-range rhythmic dependencies, while DCI
module establishes dual interaction channels to synergize local morpho-
logical details with global rhythmic contexts, effectively mitigating fea-
ture fragmentation to capture features across scales. Subsequently, the
PGFA module incorporates a co-learning mechanism that uses individu-
alized clinical contexts as auxiliary supervision signals during training to
calibrate complex pathological features. Extensive experiments on three
datasets show the effectiveness of our method. MSS-Net outperforms
the state-of-the-art by +2.03% in AUC, indicating robust discriminative
capability in complex clinical scenarios.

Keywords: ECG Data · Complex Cardiac Disease Classification · Multi-
scale Fusion · Feature Fragmentation · Multimodal Learning.

1 Introduction

Cardiovascular diseases remain a leading cause of global mortality, necessitat-
ing precise diagnostic systems for timely intervention [15, 24]. To alleviate the
⋆ Corresponding Author.
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Fig. 1. Motivation and Challenges in Complex Cardiac Disease Classifica-
tion. (a) Single-scale features often bias the model towards common diseases(e.g., AFIB
and PAC), while neglecting the complex pathologies(e.g., MI). (b) The proposed MSS-
Net enables precise recognition of complex diseases by synergizing multi-scale global-
local features and calibrating representations with multimodal clinical text guidance.

unsustainable burden of manual interpretation, deep learning models like Con-
volutional Neural Networks (CNNs) have been widely adopted for clinical deci-
sion support [2,4]. However, clinical ECG diagnosis inherently requires observing
both local morphological details and global rhythms to identify complex patholo-
gies. Constrained by their localized receptive fields, standard CNNs struggle to
capture long-term rhythmic trends. To overcome this limitation, hybrid architec-
tures combining CNNs with other novel designs have emerged to simultaneously
capture these dual-domain dependencies [8].

Despite the progress achieved by hybrid modeling, mainstream parallel ex-
traction paradigms suffer from feature fragmentation, which refers to the seman-
tic inconsistency and insufficient interaction between local morphological fea-
tures and global rhythmic features and fails to dynamically align them [3,14,28].
This lack of complementary calibration disperses unified pathological patterns
into independent, uncoordinated segments. Consequently, while parallel archi-
tectures may identify isolated conditions, they inherently struggle to capture
the intricate dependencies required for classifying complex comorbidities. As il-
lustrated in Fig. 1, omitting local details causes conventional models to miss
subtle pathologies. While global features correctly identify rhythm disorders,
they fail to detect complex pathologies like MI. Conversely, incorporating multi-
scale ECG features and multi-modal text feature fusion explicitly captures these
morphological variations, successfully recovering the missed comorbidities.

To summarize, current complex cardiac disease classfication faces the follow-
ing challenges: (1) ECG signals are lengthy and contain intricate information,
where global features often overshadow subtle yet crucial local fluctuations, mak-
ing complex pathologies difficult to capture; (2) the representation capability of
relying solely on ECG signals is limited, while clinical text descriptions lack
precise localization. To address these challenges, we propose a novel Multi-scale
Spectral-Semantic Network (MSS-Net) for precise complex cardiac disease classi-
fication. Specifically, for the input ECG signals, a morphological feature encoder
is first employed to map them into semantic space, forming initial global fea-
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tures. After rebalancing to address the class imbalance in global features, the
Adaptive Gated Spectral Injection (AGSI) module is utilized to modulate and
analyze features in frequency domain. Subsequently, the Dual Cross-scale Inter-
action (DCI) module leverages parallel branches to bridge and fuse the rebal-
anced global features with the modulated local features, enabling the selective
aggregation of shallow morphological details. Finally, the Prior-Guided Feature
Aggregation (PGFA) module extracts additional prior information from medical
priors. Through alignment within the latent space, the module achieves multi-
modal supervision and fusion, ensuring robust prediction of complex diseases.

Our main contributions are summarized as follows:

– We propose MSS-Net, the first to combine cross-modal semantic alignment
with spectral-temporal synergistic learning for complex cardiac disease clas-
sification, indicating promising potential for clinical diagnostic support.

– We design three novel modules: AGSI, DCI, and PGFA. These modules
improve conventional ECG analysis through frequency-domain modulation,
multi-scale feature fusion, and multi-modal information calibration, respec-
tively. This integrated approach reduces bias in global signal representation,
enhances the discriminative power of subtle local features, and incorporates
medical priors to ensure the robustness of predictions.

– Extensive comparative experiments and ablation studies are conducted to
validate our framework. MSS-Net achieves significant performance gains,
including a 2.03% of AUC improvement on the PTB-XL [21] and 1.17% of
AUC improvement on the CPSC2018 [11], showing the superior performance
of MSS-Net and the individual effectiveness of its architectural components.

2 Related Work

2.1 Current Paradigms in ECG Classification

Early ECG classification primarily utilized CNNs for localized feature extraction
[7, 13]. To overcome the receptive field limitations of CNNs in capturing global
rhythms, hybrid architectures integrating Transformers have emerged [1, 27].
For instance, ProtoECGNet [20] decouples global rhythms and local waveforms
through parallel branches. ECG-Mamba [18] leverages selective scan mechanisms
to model extensive temporal dependencies with linear complexity. However, most
prevailing paradigms adhere to a parallel design, relying on straightforward con-
catenation. Such a decoupled structure often leads to feature fragmentation,
where morphological and rhythmic features remain semantically isolated, failing
to capture the deep synergies essential for diagnosing complex comorbidities.

2.2 Hybrid Architectures with Multi-scale Modeling

To capture both subtle details and global trends, researchers have explored di-
verse multi-scale architectural designs, including multi-branch convolutions with
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varying kernel sizes [5,25], dual-resolution attention networks [9], and hierarchi-
cal feature extraction frameworks [6, 12, 17, 19, 23]. However, these paradigms
using simplistic aggregation may exacerbate feature fragmentation in complex
comorbidities, scattered feature fragments are difficult to reconstruct into a com-
prehensive pathological representation.

In summary, although existing hybrid architectures have improved the rich-
ness of features, they have not addressed the underlying issue of feature frag-
mentation. There is a need for a unified architecture capable of facilitating the
interaction between morphology and rhythm alongside cross-modal semantic
guidance. To this end, we propose MSS-Net, a method using multi-scale and
multi-modal features for precise classification of complex cardiac diseases.

3 Method

3.1 Overview

We formulate complex cardiac disease classification as a mapping problem from
the signal space X to the pathological label space Y. Given an input signal
X ∈ R12×L, our goal is to learn a parameterized function Fθ : X → Y to
output a predicted probability vector that approximates the ground truth labels
Y ∈ {0, 1}K , where L denotes length of single signal and K indicates the number
of classifications. As illustrated in Fig. 2, MSS-Net adopts a hierarchical collab-
orative architecture comprising three core components: AGSI, DCI and PGFA.
For the input ECG signal X, a morphological feature encoder Em is first em-
ployed to obtain initial global feature F1, which captures the macroscopic spatial-
temporal characteristics of the signal. To extract subtle local fluctuations that
are easily overlooked in global representations and to compensate for the lim-
ited representation capability of unimodal ECG signals, three core components
are designed to refine traditional ECG feature extraction from three perspec-
tives: frequency-domain signal modulation, multi-scale feature fusion and multi-
modal information calibration. This integrated approach collectively enhances
the model’s analytical and classification performance for complex diseases.

3.2 Adaptive Gated Spectral Injection

To overcome the limited receptive fields inherent in CNNs, we leverage large-
kernel grouped convolutions and channel competition mechanisms to extract
high-fidelity morphological features. Given the spatial independence of ECGs,
we employ grouped convolutions to model each lead separately. The encoder
comprises three layers utilizing large 31× 1 kernels. Since ECG features exhibit
inherent class imbalance, models often overfocus on common pathological pat-
terns during feature extraction, thereby neglecting the distribution fitting of rare
diseases. To mitigate this, we incorporate the Global Response Normalization
(GRN) [22] unit to rebalance weights across the feature channel dimension. This
mechanism effectively highlights rare disease features and enhances the attention
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Fig. 2. Overview of MSS-Net. ECG signals are processed by the Morphological
Encoder Em to extract hierarchical features (F1, F2). F2 is modulated by AGSI module
to capture rhythmic context Frhy, which is subsequently synergized with F2 via the
DCI module to yield F3 to align local morphology with global rhythms. Finally, the
gated fusion of {F1, F2, F3} yields panoramic features Vout, which are calibrated by the
PGFA module using frozen medical model priors for prediction.

of subsequent modules toward these subtle pathological signatures. Formally,
given the input X ∈ R12×L, the rebalanced global feature F2 is expressed as:

F2 = W2 · GRN(GELU(W1 · LN(DConv31×1(X)))), (1)

where W1, W2 are point-wise convolutions for channel expansion and projection.
Despite CNNs’ proficiency in morphological recognition, they often over-

look the rhythmic consistency inherent in periodic ECG signals. To address
this, we first map the feature into the frequency domain via Fourier Transform:
f = F(F2). To facilitate frequency feature extraction, we construct the spectral
frequency statistics s = P(f), where P denotes a frequency statistical operator
that performs average pooling and normalization on the spectrum f .

For the statistical information s, we define a learnable spectral response func-
tion γ = g(s) = W3σ(W4s), which serves as a modulation weight for each chan-
nel. This enables frequency-domain information to be fused with the original
ECG features through an inverse transform and a residual connection, yielding
the rhythmic context Frhy = F−1(γ · f) + F2.

3.3 Dual Cross-scale Interaction

To bridge the semantic gap between Frhy and F2, the DCI module utilizes
deep features as contextual guidance to aggregate relevant morphological details
HDCI . By aggregating channel-wise statistics, we generate a spatial mask to
produce the denoised representation F̃2. We then employ cross-scale attention:

HDCI = Softmax

(
(FrhyWQ)(F̃2WK)T√

dk

)
(F̃2WV ). (2)
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To resolve semantic misalignment, we introduce an adaptive residual injection
mechanism with a learnable scale α:

α = σ(MLP(Concat(Frhy,HDCI)))

F3 = Frhy + α ·HDCI

. (3)

To aggregate the multi-scale feature set {F1,F2,F3} generated in the preced-
ing stages, we introduce a Gating Fusion mechanism, which adaptively calibrates
the contribution of each scale by calculating dynamic gating weights. Specifically,
the gating weights g = [g1, g2, g3] are captured via a compact bottleneck struc-
ture conditioned on the global average pooling of concatenated features:

g = Softmax(Wuσ(Wd · AvgPool([F1,F2,F3]))), (4)

where Wd and Wu denote the down-projection and up-projection weights.
Finally, the input ECG signal X is transformed into the latent representation

Vout =
∑3

i=1 gi ·Fi in the feature space, serving as the panoramic representation.

3.4 Prior-Guided Feature Aggregation

To address feature fragmentation, PGFA employs a frozen ClinicalBERT to
encode class-level diagnostic descriptions into medical prior anchors Q. No-
tably, these descriptions only provide disease-related physiological and diagnos-
tic feature rather than sample-level information. Using Q as the query and the
panoramic feature Vout as the key/value, we perform multi-head cross-attention
(as in Eq. 2) to aggregate prior-guided pathological features HPGFA. The final
prediction is generated via ŷ = σ(LN(HPGFA + Q)Wcls + bcls), where Wcls

and bcls are the weights and bias of the linear classifier.
We calibrate the decision boundary by injecting class priors into raw logits:

x′
k = xk − τ · log(πk), where πk denotes the empirical frequency of class k

calculated from the training set, and τ is a scaling hyperparameter. Let pk =
σ(x′

k) denote the calibrated predicted probability. Loss function, integrated with
label smoothing y

(k)
sm, is formulated as:

Ltotal = −
∑
k

[
y(k)sm(1− pk)

γ+ log(pk) + (1− y(k)sm)p
γ−
k log(1− pk)

]
. (5)

4 Experiments and Results

4.1 Experimental Settings

Datasets. We evaluated our method on three public datasets. PTB-XL [21]
contains 21837 records from 18885 patients, spanning 5 diagnostic super-classes,
23 sub-classes and 44 diag-classes. CPSC2018 [11] consists of 6877 records, anno-
tated with 9 categories of cardiac abnormalities. Shaoxing [29] dataset comprises
10646 recordings, providing a diverse set of rhythm and morphological labels for
robust validation. All datasets are partitioned by patient ID into training, vali-
dation, and testing sets in an 8:1:1 ratio to prevent data leakage. All ECG signals
are resampled to 500 Hz and standardized to a fixed duration of 10 seconds.



Multi-scale Multimodal Learning for Complex Cardiac Disease Classification 7

Table 1. Main results across three datasets. We report AUC and F1 (%).Sub., and
Sup. denote the two hierarchical sub-categories of PTB-XL which are Sub-diag and
Sup-diag. The best results are in bold, the second results are in underlined.

Method PTB-XL (All) Diag Sub. Sup. CPSC2018 Shaoxing

AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1

InceptionTime [10] 91.07 71.69 92.81 65.09 92.32 67.29 92.52 76.37 94.14 73.93 81.53 62.36
MVMSNet [25] 92.46 72.43 92.92 66.09 92.77 69.42 92.96 77.35 94.34 75.19 82.14 63.50
ECG-Mamba [18] 91.93 73.14 93.21 68.32 92.89 69.96 92.10 75.89 96.31 79.54 84.39 65.83
SelfONN [19] 92.84 73.24 92.30 67.33 92.41 68.14 92.66 75.21 95.60 80.20 83.97 65.23
ProtoECGNet [20] 91.32 72.15 92.85 66.50 92.55 68.20 93.10 76.80 96.55 79.85 84.86 66.27
L5G-Net [26] 93.41 73.50 93.95 67.80 93.80 71.20 93.57 77.06 96.82 80.85 85.44 66.86
MTA-Net [16] 93.31 72.63 94.62 68.12 93.70 72.13 95.10 78.50 96.95 80.05 85.64 67.16

MSS-Net (Ours) 93.36 74.65 96.65 70.45 94.85 71.85 96.88 79.55 98.12 80.55 87.65 69.25
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Fig. 3. Impact of PGFA.

Table 2. Ablation study on PTB-XL (Diag).
Values (↑) represent the performance gain com-
pared to the baseline.

AGSI DCI PGFA AUC F1

× × × 93.03 63.52
✓ × × 93.88 ↑0.85 64.91 ↑1.39

✓ ✓ × 95.50 ↑2.47 68.33 ↑4.81

✓ × ✓ 95.03 ↑2.00 67.46 ↑3.94

× ✓ ✓ 95.80 ↑2.77 68.72 ↑5.20

✓ ✓ ✓ 96.65 ↑3.62 70.45 ↑6.93

Implementation Details. All experiments were performed on an NVIDIA
RTX 4090 GPU using PyTorch 2.1. For network optimization, we employed the
Adam optimizer with an initial learning rate of 0.001 and a weight decay of 0.1.
The batch size was set to 64, and the training process spanned 100 epochs. Model
performance is evaluated using macro-averaged AUC and F1-score to assess the
performance across the comprehensive spectrum of cardiac abnormalities. The
source code is available at https://github.com/origami-one/MSS-Net.

4.2 Results and Comparison with State-of-the-art

Tables 1 summarizes the classification performance of MSS-Net on three pub-
lic datasets. Overall, MSS-Net surpasses current SOTA in AUC and F1. The
proposed multi-scale fusion architecture facilitates robust feature extraction by
mitigating feature fragmentation. Especially in the diag-classes of PTB-XL, it
indicates substantial performance improvements. For instance, MSS-Net signifi-
cantly outperforms the classical InceptionTime by a large margin while surpass-
ing the MTA-Net by +2.03% and +2.33% in AUC and F1, respectively.

For the CPSC2018 dataset, it establishes a new SOTA in AUC (98.12%),
showing a +1.17% gain over MTA-Net, which indicates that our architecture
can effectively suppress false positives while maintaining high sensitivity in multi-
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Fig. 4. Feature Heatmap Visualization with MSS-Net.

label arrhythmia classification. For the Shaoxing dataset, MSS-Net achieves a
comprehensive breakthrough by yielding both the highest AUC(87.65%) and
F1(69.25%), maintaining superior robustness even when faced with the high
rhythm diversity and morphological complexity of clinical ECGs.

4.3 Ablation Study

Table 2 evaluates the contribution of each proposed component. Incorporating
AGSI leads to an initial improvement of 1.39% in F1, indicating that AGSI effec-
tively captures long-range dependencies in the frequency domain, alleviating the
receptive field limitations in time-domain convolutions. DCI triggers the most
substantial performance leap, boosting the F1 by 4.81% relative to the baseline.
It highlights DCI is the most critical tool for bridging the semantic gap between
local morphological waves and global rhythms, which is frequently overlooked
by common approaches. PGFA completes the MSS-Net architecture, yielding
a cumulative gain of 3.62% in AUC over baseline. The enhancement directly
contributed by PGFA is particularly pronounced in categories associated with
complex pathologies, such as MI, as visualized in Fig. 3, indicating PGFA lever-
ages medical priors to reconstruct fragmented features for diagnosing complex
comorbidities. Therefore, the results confirm that removing any stage disrupts
the progressive chain, which proves MSS-Net is not an arbitrary module stack,
but a synergistic design targeted at resolving feature fragmentation.

4.4 Feature Heatmap Visualization

As shown in Fig. 4, we evaluate the interpretability of MSS-Net using a my-
ocardial infarction sample with explicitly highlighted abnormal ST-T intervals.
(a) is clinical diagnosis of MI. In the magnified dashed boxes of (b), baseline is
distracted by irrelevant waveforms, assigning low attention weights (cool colors)
to these critical features, potentially leading to a missed diagnosis. In contrast,
MSS-Net precisely aggregates high attention weights (warm colors) onto the clin-
ical regions. This indicates our strategy effectively mitigates feature fragmenta-
tion by precisely capturing subtle pathological features in complex comorbidities.
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5 Conclusion

We propose MSS-Net, a novel framework for complex cardiac disease classifi-
cation that mitigates feature fragmentation by synergizing local morphological
details with global rhythms. By integrating multi-scale features and leveraging
medical priors, MSS-Net accurately captures complex pathological representa-
tions. Extensive experiments on large clinical datasets indicate its superior dis-
criminative capability. Although MSS-Net effectively improves diagnostic accu-
racy, it cannot be denied that its complex structure reduces efficiency. Therefore,
future work will explore lightweight adaptations to reduce computational over-
head, enabling deployment on real-time wearable devices.
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