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Abstract

The electrocardiogram (ECG) is a crucial non-invasive tool for diagnosing cardiovascu-
lar diseases. The standard 12-lead ECG configuration provides complementary spatio-
temporal projections of cardiac electrical activity from distinct anatomical perspectives,
enabling comprehensive pathological assessment. Unsupervised multi-lead ECG abnor-
mality recognition has emerged as a promising approach, yet existing methods suffer from
two limitations: insufficient attention to key pathological features and neglect of hetero-
geneous lead sensitivity. To address these issues, we propose the concept of lead-specific
pathological sensitivity and develop the Lead-specific Pathological Sensitivity-aware Net-
work (LPS-Net), comprising three modules: a Multi-scale Lead-specific Spatio-Temporal
Encoder for discriminative representations, a Lead-specific Pathological Sensitivity-aware
Topological Consensus Module that adaptively captures heterogeneous lead contribu-
tions, and an Asymmetric Hybrid Decoder that uses topological consensus to regularise
reconstruction. Extensive experiments on four public 12-lead ECG benchmarks (PTB-XL,
Chapman, CPSC-2018, and SPH) demonstrate the effectiveness of LPS-Net. On PTB-XL,
LPS-Net achieves a clustering accuracy of 0.76 and a Macro F; of 0.74 across five pathologi-
cal superclass categories without any label information, outperforming the state-of-the-art
method by 3%. Cross-dataset transfer experiments further confirm its generalisation ability.
Ablation studies verify that the improvement originates specifically from the pathological-
sensitivity formulation, and interpretability analyses reveal that the learned lead weight
distributions align with clinical prior knowledge.

Keywords: electrocardiogram; ECG abnormality recognition; lead-specific pathological
sensitivity; topological consensus; unsupervised learning

1. Introduction

The electrocardiogram (ECG) is a non-invasively acquired biomedical signal that
depicts the electrical activity of the heart [1]. It records the spatio-temporal evolution of car-
diac electrical activity during depolarisation and repolarisation, and electrophysiological
abnormalities within the cardiac conduction system and myocardial cells are significantly
reflected as morphological distortions in ECG waveforms [2]. This establishes the ECG as
a gold standard biomarker for identifying abnormal heart conditions [3], which provides
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critical diagnostic utility in evaluating cardiac functional integrity and pathological evolu-
tion. Modern clinical practice predominantly utilises multi-lead systems to capture these
activities from diverse spatial perspectives. However, the substantial increase in physiolog-
ical data volume produced daily by cardiac monitors has intensified the requirement for
automated analysis frameworks to assist in clinical interpretation [4,5].

The standard 12-lead ECG system, the most widely adopted multi-lead configuration
in clinical cardiology, comprises three bipolar limb leads (I, II, III), three augmented limb
leads (aVR, aVL, aVF), and six unipolar precordial leads (V; through Vi) [1,6]. These twelve
leads collectively provide a comprehensive spatio-temporal projection of cardiac electrical
activity from distinct anatomical vantage points. The six limb leads capture the frontal-
plane projection of the cardiac electrical vector: leads I and aVL reflect left-lateral activity;
leads II, I1I, and aVF reflect inferior activity; and lead aVR reflects right-superior activity.
In contrast, the six precordial leads are positioned sequentially across the left chest wall
and record the horizontal-plane projection, with V1 and V;, overlying the right ventricle
and interventricular septum, V3 and V, overlying the anterior wall of the left ventricle,
and Vs and Vg overlying the lateral wall [7]. This multi-perspective design is clinically
indispensable because cardiac pathologies are frequently spatially confined to specific
myocardial regions, and their electrophysiological signatures may manifest prominently
in only a subset of leads while remaining subtle or absent in others. Consequently, the
12-lead configuration provides complementary diagnostic information that no single lead
can capture alone, underscoring both the clinical value of multi-lead acquisition and the
analytical complexity inherent in processing heterogeneous multi-lead ECG data.

To satisfy the clinical requirement for efficient data analysis, numerous automated
ECG auxiliary diagnosis methodologies have been proposed [8-10]. The majority of these
approaches are grounded in supervised machine learning, which necessitates a substantial
volume of cardiologist-supplied labels to provide essential prior knowledge. However,
the acquisition of high-quality, expert-level annotations is exceptionally labour-intensive
and costly, frequently resulting in existing datasets that are constrained in both scale and
diversity. Such limitations hinder supervised models from encompassing the vast array
of complex ECG patterns that emerge under various physiological and pathophysiolog-
ical conditions. In this context, unsupervised multi-lead ECG analysis, specifically ECG
abnormality recognition, has demonstrated significant potential. It aims to autonomously
partition ECG samples into distinct groups by mining intrinsic structural characteristics
and morphological similarities without the requirement for cardiologist-supplied labels.
The technological landscape of ECG abnormality recognition has evolved from traditional
machine learning algorithms, such as centroid-based and hierarchical clustering [11], to-
ward advanced deep learning architectures, including deep autoencoders and generative
models [12,13]. Compared to conventional methodologies, the primary advantage of these
deep learning-based approaches lies in their capacity to automatically learn the most dis-
criminative high-dimensional feature representations for abnormality recognition while
bypassing tedious manual feature engineering. Despite these advancements, existing unsu-
pervised ECG abnormality recognition paradigms still face two critical defects that hinder
their clinical reliability:

* Representation with a lack of attention to key pathological features: Existing un-
supervised ECG analysis lacks task-specific diagnostic guidance. It therefore relies
on statistical representation compression schemes that project high-dimensional elec-
trophysiological data into a low-dimensional latent space by reconstructing global
signal fluctuations or minimising reconstruction errors. This non-task-oriented process
biases models toward macro-statistical indicators such as RR intervals or heart rate,
while neglecting subtle morphological features that hold diagnostic value [14]. For in-
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stance, vital pathological signatures like ST-segment deviations, P-wave morphology
distortions, or T-wave inversions are fundamental to diagnosing myocardial ischemia,
electrolyte imbalances, or atrial fibrillation. Yet these features are often discarded as
insignificant numerical variance during unguided dimensionality reduction. Such ne-
glect creates a structural mismatch between the learned mathematical representation
space and the true clinical pathological manifold, ultimately harming the discrimina-
tive ability of recognition algorithms for complex electrophysiological signals.
Neglect of Heterogeneous Lead Sensitivity: From an anatomical perspective, specific
cardiac disorders, including localised myocardial infarction or chamber hypertrophy,
typically exhibit distinct spatial constraints where abnormalities are confined to partic-
ular regions of the heart. Within a standard 12-lead ECG system, electrodes are dis-
tributed at various physical locations on the body surface to form multi-dimensional
observational perspectives. Given the varying spatial relationship between each lead
and the pathological site, their capacity to capture and characterise localised electrical
evolutions differs significantly. As shown in Table 1, this phenomenon, defined as
lead-specific pathological sensitivity, refers to the inherent heterogeneity in diagnos-
tic utility across leads for a given pathological condition. A lead positioned at an
optimal vantage point may demonstrate high discriminative power for a specific dis-
ease, while others distant from the pathology may only record non-specific reciprocal
changes. Specifically, a localised pathology such as inferior myocardial infarction
primarily manifests as ST-segment changes in leads II, I1], and aVF, whereas leads
V1 through V4 may remain physiological. Existing unsupervised analysis frameworks
typically concatenate features extracted from each lead or assign equal weights to all
leads, which may introduce structural noise from non-sensitive leads and degrade the
accuracy of the inferred pathological consensus.

Table 1. Lead-specific pathological sensitivity across common cardiac conditions. Different ECG leads

exhibit heterogeneous diagnostic utility depending on the spatial relationship between the electrode

position and the affected myocardial region. Localised pathologies produce changes confined to

specific lead groups, whereas diffuse processes affect multiple lead groups simultaneously [7,15].

Condition (Affected Region)

Sensitive Leads ECG Feature Culprit Vessel

Myocardial Infarction (by anatomical location)

Septal MI (septum) Vi, Vo Proximal LAD
Anterior MI (anterior LV) V3, Vy LAD
Extensive anterior MI (ant. + lat. LV) V1-Vg, 1, aVL Proximal LAD
Lateral MI (lateral LV) I,aVL, Vs, Vg ST-segment elevation LCx

Inferior MI (inferior LV) IT, III, aVF RCA/LCx
Posterior MI (posterior LV) V7-Vy RCA or LCx
Right ventricular MI (RV) V4R Proximal RCA
Other Cardiac Conditions

Left main lesion (diffuse) aVR, V; ST elevation aVR > V; LMCA

Acute pericarditis (diffuse)

L II, 1I, aVL, aVE, V,-V4  Concave ST elevation, PR depression  Diffuse

Acute pulmonary embolism (RV strain) V1-V3, 1II, aVR T-wave inversion, S1Q3T3 RV strain

Left ventricular hypertrophy (LV)

Vs, Vg, V1, Vs Tall R, deep S Chronic

To address these limitations, we propose a Lead-specific Pathological Sensitivity-

aware Network (LPS-Net) for multi-lead ECG abnormality recognition. The proposed
architecture comprises three synergistic components. First, the Multi-scale Lead-specific

Spatio-Temporal Encoder (ML-SSTE) employs multi-scale dilated convolutions to model lo-

calised temporal evolutions and self-attention to capture global spatial correlations, thereby

extracting discriminative latent manifolds and effectively mitigating redundancy across
leads. Second, the Lead-specific Pathological Sensitivity-aware Topological Consensus Mod-
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ule (LPS-TCM) constructs multi-relationship graphs, including k-nearest-neighbour graphs
and anchor graphs, for each lead, and then adaptively learns a weight tensor that captures
the heterogeneous diagnostic contribution of different leads to various pathological clusters.
Third, the Asymmetric Hybrid Decoder (AHD) takes the topological consensus inferred by
LPS-TCM as a structural inductive bias to regularise the reconstruction process. Through
Laplacian smoothing and high-resolution temporal projection, the decoder ensures that
the learned features preserve morphological fidelity to the original signals while adhering
to population-level pathological logic. By jointly optimising a reconstruction loss, a self-
supervised classification loss, and the LPS-TCM objective, LPS-Net learns discriminative
and clinically interpretable representations without requiring expert annotations.
The primary contributions of this work are summarised as follows:

*  We propose the concept of lead-specific pathological sensitivity, which highlights
that different ECG leads contribute unequally to the detection of spatially confined
cardiac pathologies. To operationalise this concept, we propose a novel multi-lead
ECG abnormality recognition model called LPS-Net. LPS-Net adaptively learns lead-
specific characteristics, enhances the contribution of diagnostically informative leads
to ECG signal abnormality recognition, and integrates the topological consensus
representation across multiple leads.

*  We propose an asymmetric autoencoder architecture for multi-lead ECG signals, which
captures both local temporal and global spatial information through the Multi-scale
Lead-specific Spatio-Temporal Encoder (ML-SSTE). During reconstruction, the decoder
is guided by the lead-specific weight tensor learned by LPS-TCM, enabling the model
to preserve pathologically relevant morphological features while suppressing noise
from insensitive leads.

* We propose a joint optimisation strategy for training of the proposed frame-
work. Extensive experiments on multiple public benchmarks show that LPS-Net
consistently outperforms state-of-the-art methods in recognition accuracy and
cross-dataset transferability.

2. Related Work

This section reviews the literature most pertinent to the proposed method, organised
into four threads: (1) unsupervised ECG representation learning, spanning traditional
clustering, deep clustering, and self-supervised approaches; (2) multi-lead ECG analysis,
focusing on methods that exploit inter-lead relationships; (3) graph-based clustering, which
provides the theoretical foundation for the proposed LPS-TCM module; and (4) inter-
pretability in ECG analysis, which informs the design of the lead-specific sensitivity weight
visualisation and validation strategy.

2.1. Unsupervised ECG Representation Learning

Unsupervised ECG analysis aims to partition signal samples into clinically meaningful
groups without cardiologist-supplied labels, a paradigm commonly referred to as ECG
abnormality recognition [3]. Early approaches employed traditional clustering algorithms
on hand-crafted features. Lagerholm et al. [16] introduced self-organising maps combined
with Hermite function descriptors to organise QRS complexes into morphological clusters.
Balouchestani et al. [17] integrated compressed sensing theory with K-Means to accelerate
clustering on large ECG datasets. He et al. [18] proposed wavelet tensor decomposition
for 12-lead ECG, preserving spatial context through multi-way decomposition before
applying Gaussian spectral clustering. While these methods demonstrated the feasibility of
unsupervised ECG grouping, their reliance on manually engineered features limits their
ability to capture complex morphological patterns associated with subtle pathologies.
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The advent of deep clustering has enabled joint representation learning and cluster as-
signment within a unified framework. Xie et al. [19] introduced Deep Embedded Clustering
(DEC), which jointly optimises a deep autoencoder and a KL-divergence-based clustering
objective through soft assignment in a latent space. Subsequent developments, including
Deep Adaptive Clustering (DAC) [20] and CatGAN [21], further improved clustering
robustness through pairwise similarity learning and generative regularisation, respec-
tively. Despite these advances, a limitation persists: these methods operate on a single
representation space without exploiting the multi-lead spatial structure inherent to clinical
ECG data, and their generic clustering objectives are decoupled from any domain-specific
diagnostic guidance.

More recently, self-supervised learning (SSL) has been applied to ECG representation
learning. Kiyasseh et al. [22] introduced contrastive learning across spatial, temporal,
and patient dimensions, demonstrating that exploiting cardiac signal invariances out-
performs generic methods such as the Simple Framework for Contrastive Learning of
Visual Representations (SimCLR) and Bootstrap Your Own Latent (BYOL) in both linear
evaluation and fine-tuning settings, and achieving strong generalisation with only 25% la-
belled training data. Mehari and Strodthoff [23] conducted a comprehensive benchmark of
self-supervised methods, including Contrastive Predictive Coding (CPC), SimCLR, BYOL,
and Swapping Assignments between Views (SWaV), on 12-lead ECG data, establishing stan-
dardised evaluation protocols on the PTB-XL dataset. Oh et al. [24] proposed lead-agnostic
SSL that learns both local and global representations through random lead masking, en-
abling pre-training with arbitrary lead subsets. More recent efforts have explored domain-
specific augmentations and multi-scale objectives [25-27] and Masked Autoencoder (MAE)-
based pre-training for clinical early-warning applications [28,29]. In parallel, unsupervised
representation learning has been used to reveal broad disease associations from ECG data:
Friedman et al. [30] trained a denoising autoencoder on 12-lead ECGs and demonstrated
that the learned latent space encodes associations with over 1200 diseases. Similarly,
Yeung et al. [31] applied a variational autoencoder to UK Biobank ECGs, showing that
latent factors capture clinically meaningful cardiac phenotypes and genetic associations.
Gurniani et al. [32] employed a VAE combined with tree-based clustering to discover
novel atrial fibrillation phenogroups stratified by disease risk, while Madrid et al. [33]
demonstrated that unsupervised clustering of single-lead ECG features can identify heart
failure risk clusters in coronary artery disease patients. While these studies demonstrate
the clinical potential of unsupervised ECG analysis, they rely on generic feature extraction
or post hoc clustering of learned embeddings, and the inter-lead pathological heterogeneity
that motivates our work remains unaddressed.

2.2. Multi-Lead ECG Analysis

As discussed in the Introduction, most automated methods treat leads as independent
channels or simply concatenate their features. Several studies have nevertheless recognised
the importance of inter-lead relationships. Cheng et al. [34] proposed the Lead Feature
Guide Network (LFG-Net), which uses SHAP-based analysis to identify high-contribution
leads and guides the classification model to focus on them, recognising that different leads
contribute unequally to diagnosis. In a related direction, Zhang et al. [35] treated multi-lead
ECG as a 2D matrix and employed multi-scale 2D convolutions with squeeze-and-excitation
modules to capture cross-lead dependencies. More recently, Graph Neural Networks have
been applied to model inter-lead topological relationships: Chen et al. [36] constructed
feature graphs and topology graphs with leads as nodes, adaptively fusing information
through graph convolution and attention mechanisms for arrhythmia classification.
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However, a notable limitation of this body of work is that all existing methods that ex-
plicitly model lead-specific contributions operate in a supervised setting, requiring labelled
data for training. In the unsupervised scenario, where labels are unavailable, no existing
method adaptively weights leads according to their pathological relevance. This leaves a
significant gap: the heterogeneous diagnostic sensitivity across leads, established in clinical
cardiology, remains unexploited by unsupervised ECG analysis frameworks.

2.3. Graph-Based Clustering and Topological Optimisation

Graph-based clustering provides the theoretical foundation for the proposed LPS-TCM
module. Spectral clustering methods partition data by optimising graph-cut objectives
on similarity graphs, offering advantages over centroid-based approaches for non-convex
cluster structures. Nie et al. [37] proposed clustering with adaptive neighbours, where the
graph affinity matrix and cluster assignment are jointly optimised through an iterative
scheme. This framework was later extended by a coordinate descent method [38] that
efficiently solves the K-Means objective with convergence guarantees. These optimisation
strategies inspire the alternating optimisation design of LPS-TCM, where the lead-specific
sensitivity weights and the clustering indicator matrix are iteratively refined.

In the biomedical signal domain, graph-based methods have been primarily applied in
supervised settings, for instance, constructing spatial graphs over ECG leads for arrhythmia
classification [36]. The application of graph-cut optimisation to unsupervised multi-lead
ECG abnormality recognition, particularly with adaptive lead weighting, remains unex-
plored. The proposed LPS-TCM module fills this void by constructing multi-relation graphs
(k-nearest-neighbour (kNN) graphs and anchor graphs) over per-lead latent representations
and optimising a mixed-cut objective that is jointly modulated by learnable lead-specific
sensitivity weights.

2.4. Interpretability in ECG Analysis

Clinical interpretability is a critical requirement for deploying automated ECG analysis
systems in practice. In the supervised setting, Cheng et al. [34] employed SHAP-based
analysis to identify high-contribution leads for ECG classification, providing post hoc
explanations of model decisions. Attention mechanisms have also been widely adopted
to highlight diagnostically relevant signal regions: Zhang et al. [35] used squeeze-and-
excitation modules to recalibrate channel-wise feature importance, while Chen et al. [36]
employed graph attention to identify influential inter-lead relationships. More recently,
Yeung et al. [31] demonstrated that latent factors learned by a variational autoencoder cor-
relate with conventional ECG parameters, enabling clinically interpretable representation
learning without explicit supervision.

Nevertheless, interpretability in the unsupervised setting remains largely unexplored.
Existing deep clustering methods provide cluster assignments without explanatory mecha-
nisms, making it difficult for clinicians to assess the validity of discovered patterns. To this
end, LPS-Net incorporates an explicit lead-specific weight tensor that quantifies the di-
agnostic contribution of each lead to each pathological cluster, thereby enabling direct
clinical validation through weight distribution visualisation, statistical significance testing,
and lead-specific noise perturbation experiments.

Overall, the proposed LPS-Net bridges these gaps through an integrated encoder,
LPS-TCM, and decoder architecture, where lead-specific sensitivity weights learned by the
clustering module feed back into both representation learning and signal reconstruction.
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3. Methodology
3.1. Problem Formulation

The objective of this study is to perform multi-lead abnormality recognition on ECG
physiological signals to identify distinct pathological patterns without prior labelling. Given
a dataset X = {X() }1_, consisting of m lead views, each signal matrix X(®) ¢ R"™T con-
tains the physiological recordings of n samples over T time steps for the v-th lead. The task
is to identify k distinct pathological patterns among the n samples by leveraging the
complementary information across all m leads.

3.2. General Framework Overview

As illustrated in Figure 1, LPS-Net consists of three cascaded modules that operate in
a unified end-to-end framework. The data flow proceeds as follows. The input consists of
preprocessed 12-lead ECG signals {X(?) }" ., where each lead’s signal is processed indepen-
dently by the Multi-scale Lead-specific Spatio-Temporal Encoder (ML-SSTE). Within the
ML-SSTE block, each lead signal passes through L stacked dilated convolutional layers with
exponentially increasing dilation rates, followed by squeeze-and-excitation (SE) channel re-
calibration, Batch Normalisation (BN), and residual connections. A temporal self-attention
pooling layer then aggregates the serialised features into a compact lead-level embedding
Z(®) ¢ R"™ for each lead v. The per-lead embeddings {Z(Z’)}v”‘:1 are then routed to
two parallel branches. In the first branch, the Multi-lead Consensus Classification Network
concatenates all lead embeddings into a fused representation Z s, and projects it through
a Multi-Layer Perceptron (MLP) with Softmax activation to produce the final cluster as-
signment probabilities P. In the second branch, the Lead-specific Pathological Sensitivity-
aware Topological Consensus Module (LPS-TCM) constructs two types of graphs, namely
k-nearest-neighbour (kNN) graphs {A(®1} and anchor graphs {A(*2)}, for each lead,
and learns a lead-specific weight tensor W that captures the heterogeneous diagnostic
contribution of different leads to various pathological clusters. The LPS-TCM outputs a
consensus indicator matrix Y that serves as pseudo-labels for training the classification
network via the self-supervised classification loss L.;. The Asymmetric Hybrid Decoder
(AHD) takes the per-lead embeddings {Z(")} and the topological consensus (Y, W) as
input. It constructs lead-specific weighted topological operators S(®) that combine the kNN
and anchor graphs modulated by cluster-specific masks and lead-specific weights. These
operators perform Laplacian smoothing via a Graph Neural Network (GNN) to recalibrate
the embeddings toward manifold alignment, followed by a Temporal Projection Operator
(TPO) that maps the recalibrated features back to the original signal space, producing
reconstructed signals X(?). The entire framework is trained via an alternating optimisation
strategy with two sub-problems executed iteratively: (i) parameter optimisation, which
updates the encoder, classification network, and decoder using the AdamW optimiser with
a One-Cycle learning rate schedule, guided by a joint loss combining reconstruction loss
Lyec and self-supervised classification loss L5, and (ii) Topological Consensus Inference,
which updates Y and W using a coordinate descent method while keeping the network
parameters fixed. This alternating process ensures that the neural network’s latent space
remains structurally aligned with the population-level topological consensus.
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Figure 1. Overall framework of the proposed LPS-Net. The architecture comprises three core
modules: (1) Multi-scale Lead-specific Spatio-Temporal Encoder (ML-SSTE) producing per-lead
latent representations Z(?); (2) Lead-specific Pathological Sensitivity-aware Topological Consensus
Module (LPS-TCM) inferring a consensus indicator matrix Y and lead-specific weight tensor W via
kNN and anchor graphs; and (3) Asymmetric Hybrid Decoder (AHD) reconstructing signals under
topological guidance. Additionally, a Multi-lead Consensus Classification Network produces the
final cluster assignment probabilities P. The framework is trained via alternating optimisation:
consensus inference (frozen network) and parameter optimisation (AdamW, joint reconstruction and
classification losses). Red arrows indicate data flow; blue arrows indicate loss feedback. Dashed
boxes delineate major functional modules, and dashed circles highlight the multi-scale branches.

3.3. Multi-Scale Lead-Specific Spatio-Temporal Encoder

The Multi-Scale Lead-Specific Spatio-Temporal Encoder (ML-SSTE) is designed to
characterise the intricate spatio-temporal dependencies within multi-lead ECG data by
concurrently encoding localised temporal morphological evolutions and global spatial
projection correlations across multiple resolution scales. Specifically, the module processes
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the preprocessed signal matrices X(?) € R"*T as input and employs multi-scale dilated
convolutions to capture temporal dependencies across different receptive fields.

The encoder performs multi-scale modelling by stacking L layers of discrete dilated
convolutions. To this end, each layer ! € {1,...,L} is configured with an exponentially
increasing dilation rate d; = 2/~1, allowing the effective receptive field to expand progres-
sively with network depth without compromising temporal resolution:

K-1
hgv,l) _ Z W(v,l)(s) . hﬁ’;?:)/ (1)
5=0

where flgv’l) € R™? denotes the intermediate feature mapping, and W(®/) represents the
lead-specific learnable kernels of temporal size K. Specifically, for the initial layer (I = 1),
the input is defined as the signal sequence hgv'o) = xgv).

Upon obtaining the initial temporal mappings, a squeeze-and-excitation (SE) unit is
integrated for channel-wise recalibration. This unit first aggregates temporal information
to generate a channel-wise descriptor and subsequently derives a channel-wise importance
weight vector s(*/) € R"*9 by learning non-linear dependencies between channels. These

(v1)

weights are utilised to recalibrate the features h,”"”, resulting in the recalibrated feature
(v1)

vector g, " :
g = s o R, @

Furthermore, incorporating Batch Normalisation (BN) and residual connections, the final
output of layer [ is defined as

hgv,l) _ hgv,l—l) + (T(BN (ggm)))[ (3)

where o (-) is the ReLU activation function. After L layers of evolution, the serialised latent
manifold for the v-th lead is denoted as H(®) = {hEU’L) M, e RxTxd,

Finally, to transform the serialised local features into lead-level global descriptors,
the encoder introduces a self-attention mechanism. This mechanism identifies significant
temporal segments by computing the attention scores egv) € R™*! through the following
scoring function:

el = ul,, tanh(W,sh(™H 1 byy), 4)

where u, and Wy are learnable parameters. The scoring values are normalised via a

(v).
;e

Softmax function to obtain the temporal weight coefficients a

w _ exple”)

oy (U)) .

= ()
Z]T:l exp(e i

The final encoding matrix Z(?) € R"* for lead v is then calculated as the weighted
aggregation of the sequence features:

() = Yo" ©)
3.4. Multi-Lead Consensus Classification Network
This module establishes a mapping from the high-dimensional latent space to the

clinical diagnostic domain to derive consensus classification results. The network takes the
multi-lead latent representations {Z(?) }m | generated by ML-SSTE as input. To integrate
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m
v=1

tive space of dimension d,j, yielding the global fused feature matrix Z¢,;, € R" X

multi-lead information, {Z(?) are concatenated and projected into a unified discrimina-

quse = U([Z(l)fz(z)/ s /Z(m)]wfuse + bfuse)z @)

where Wg,, € R(md)xdas and b fuse are trainable parameters. This fusion enhances overall
discriminability by facilitating cross-lead semantic completion. Subsequently, the matrix
Zj,s. is processed by a standard Multi-Layer Perceptron (MLP) architecture equipped with
Batch Normalisation and Dropout. Finally, a Softmax activation function maps the output
into a predicted probability distribution P € R"*¥ across k potential pathological clusters:

P = Softmax (MLP(quse; @ds)) , (8)
where s denotes the set of parameters within the classification network.

3.5. Lead-Specific Pathological Sensitivity-Aware Topological Consensus Module

The Lead-specific Pathological Sensitivity-aware Topological Consensus Module (LPS-
TCM) aims to extract discriminative pathological patterns by mining the topological consen-
sus across multiple leads. Recognising that different ECG leads exhibit varying diagnostic
contributions to specific diseases, this module explicitly incorporates lead-specific patholog-
ical sensitivity as a structural inductive bias to guide the representation alignment process.

For multi-lead latent representations {Z(”)}m p our method constructs m
V=
kyn-nearest-neighbour (kNN) graphs denoted as {A(”'l) }m . and m anchor graphs de-
=

noted as {A(U'z) }m v where k;;; denotes the number of nearest neighbours (distinct from
k, the number of Zcjzl_usters, used in subsequent sections). Specifically, the kNN graph of
v-th lead is constructed via solving the following optimisation problem to search adaptive
neighbours for samples under v-th lead:

n
: (@) _ (0)2,(01)
2}01% ]; 2; Z ”2”1‘,]'

T
s.t. (agv’l)) 1=1,0< a(?’1> <1 9)

i i,j

To avoid trivial solutions where the nearest sample becomes the sole neighbour of

2

introduced to problem (9):

with probability 1 while all other samples are excluded, a regularisation term is

n
. (@) ()2, 1) ( (z;,1))2
AGD ]; Iz =yl + v {ay

T
s.t. (a(”'”) 1=1,0<a%Y <1, (10)

i i,j

where 7 is the trade-off parameter.
Inspired by [38], a sparse A®1) whose each row has k;;, nonzero values, can be

. . . knn (01 knn 1(0,1) .
learned via denoting d;; = ||z; — z;||3 setting v = sz(,km)ﬂ - %2]-:1 dl(,j ); thus, the
optimal solution of af?’l) is
(v,1) (v,1)
(1) i1~y
BT 0N 1k g0 b
mndi 1~ 2 Ll Ay

https://doi.org/10.3390/info17090833


https://doi.org/10.3390/info17090833

Information 2026, 17, 833

11 of 27

In addition, for constructing the anchor graph of the v-th lead, we utilise the k-
means algorithm to search k centres as anchors. Via denoting the indicator matrix P as
the clustering result of the k-means algorithm, the sample-anchor bipartite graph B(?) is
subsequently constructed as follows:

1, pi=pj
p) = PP (12)

K 0, otherwise.

Correspondingly, we obtain the anchor graph A(®?) from B(®) via the
following transformation:

A2 _ B A1 (B(w)T, (13)

b(”)

where A is defined as A” =Y, i

From the multi-lead and multi-relationship graphs {A(”fl) }m_ and {A(U 2) } _ , LPS-

TCM learns a unified indicator matrix Y as pseudo-labels for éuldmg the classification
network via a mixed cut model, which is defined as the following optimisation problem:

(o)
maxzzz (y0) ACTye

T
v=1r= lcl Dv’y

s.t. Y € Ind, (14)

where Ind denotes the set of n x k indicator matrices whose rows are one-hot vectors;
i.e., each row of Y has exactly one entry equal to 1 and the rest equal to 0, and D(*") is the
degree matrix of A7),

More importantly, LPS-TCM learns a lead-specific pathological sensitivity weight
coefficient tensor W to mine local patterns, weights the constructed multi-lead and multi-
relation graph, and guides the model to integrate fine-grained information, resulting in
a more robust consensus recognition result. The total objective function can be given
as follows:

m k
maxzzz wct[) ( c)

v=1r=1c=1
m 2 k )
st.YelInd, Y Y Y wy, . =1wy,c >0, (15)
v=1r=1c=1
2T
where we denote (") (z) = ZT]‘;(W Z for convenience. Y | Y2 ZC (w2, = lis the

normalisation constraint for variable W.

3.6. Asymmetric Hybrid Decoder Guided by Lead-Specific Pathological Sensitivity

An Asymmetric Hybrid Decoder (AHD) is designed to execute the inverse mapping
for embedding {Z<”>}Z’Z1 from high-dimensional latent manifolds back to the original
physiological signal space. The structural hallmark of this architecture is a multi-channel
hybrid decoding head, which explicitly incorporates the lead-specific pathological sensitiv-
ity identified by the LPS-TCM as a structural inductive bias to regularise the reconstruction
process. Lead-specific pathological sensitivity accounts for the heterogeneous sensitiv-
ity of physiological leads to specific pathological patterns, manifesting as non-uniform
structural effectiveness across different leads. To capture these fine-grained structural
nuances, the decoder synergistically utilises the consensus indicator matrix Y € R"* and
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the lead-specific pathological sensitivity weight tensor W € R"*2*k derived from the
LPS-TCM to customise exclusive topological channels for each lead.

The adaptive synthesis of multi-channel topological manifolds serves as the corner-
stone for high-fidelity reconstruction. For each lead v € {1,...,m}, the decoder integrates
the adaptive k-nearest neighbour graph A(®1), which characterises localised manifold
structures, with the anchor graph A(®?) that captures global distribution properties. By in-
troducing cluster-specific masks M, = y.y/ , defined by the indicator matrix Y, the model
precisely identifies the topological boundaries of pathologically homogeneous samples
within the sample space. The unified, lead-specific weighted topological operator $() is
constructed as follows:

k
st = Z (wv,l,c (A(v'l) © Mc) + Wy 2, (A(vlz) © MC))/ (16)

c=1

where the weight coefficients w, . empower the model to dynamically calibrate the con-
tributions of different relationship graphs. This mechanism ensures that the feature ag-
gregation process remains focused on highly discriminative local pathological manifolds,
effectively filtering out stochastic noise through population-level collaboration.

Lead-specific parallel representation recalibration subsequently unfolds within the
non-Euclidean space. The decoder utilises a symmetric normalised Laplacian smoothing
operator, §(?) = D2 (S®) + I)]A)’%, to guide the encoded features Z(®) toward manifold
alignment consistent with the inferred topological consensus by a Graph Neural Network
with F layers, where D is the degree matrix of $(?) 4- I. The evolution operation for the I-th
layer in each lead view follows

GU+1o) — U(g(v)G(lrv)wl>, 17)

where G(/?) is the embedding of the v-th lead samples in layer I, G(*?) = Z(?), and W' de-
notes the lead-shared trainable weight tensor at layer [. Through this inter-sample message-
passing mechanism, the decoder assimilates structural consensus from the topological
neighbourhood, enhancing feature discriminability in channels with high pathological
sensitivity and facilitating the convergence of feature distributions toward their respective
pathological centres.

The inverse mapping and reshaping of temporal morphology constitute the final stage
of the decoding process, responsible for translating the recalibrated abstract semantics
G(F?) back into physical signals. To mitigate the inherent over-smoothing tendency of
graph convolutional operators, a high-resolution temporal projection operator (TPO) is
embedded at the output end of the decoder. This operator bridges the dimensional gap
by mapping latent variables back to the original temporal space R"*T, aiming to precisely
reconstruct microscopic waveform details, such as QRS complexes:

X = U(G(F’”)T i b), (18)

where T and b represent the learnable weights and bias of the reconstruction layers,
respectively. This serialised topological recalibration then temporal reshaping paradigm
ensures that the reconstructed signal X(?) maintains high physiological fidelity while
adhering to the inferred pathological logic.

3.7. Joint Optimisation Strategy

To empower the model with the capability to extract discriminative latent features and
learn the pathological discrimination logic guided by lead-specific pathological sensitivity,
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this study constructs an efficient joint optimisation strategy. Given that the total objec-
tive function is non-convex with respect to both network parameters ® and topological
variables (Y, W), an alternating iterative optimisation method is adopted to reach a stable
solution. Specifically, the global optimisation task is decomposed into two alternating
sub-problems: Topological Consensus Inference and Parameter Optimisation via Multi-task
Learning. By iteratively solving one sub-problem while fixing the variables of the other,
the model ensures that the neural network’s latent space remains structurally aligned with
the population-level topological consensus inferred from the multi-relationship graphs.

3.7.1. Components of Loss Functions

The proposed optimisation strategy aims to strengthen the model’s representational
efficacy and diagnostic effectiveness by minimising a joint loss function Ly, which
integrates topological, morphological, and semantic constraints:

Liotar = M Lrec + A2Lcis — Jps—tem (19)

where J1ps_r1cum represents the clustering objective function capturing lead-specific patho-
logical sensitivity as problem (15) illustrates, while A; and A, are hyperparameters bal-
ancing the weights of individual sub-tasks. By combining self-supervised and pseudo-
supervised objectives, the model minimises the following specialised losses:

*  Reconstruction loss (Ly): This term utilises explicit reconstruction constraints to
compel the encoder to extract essential morphological features from original signals.
It is defined as the sum of Frobenius norms between the original signals X(?) and the
reconstructed signals X(%) across all 1 leads:

m
Lyec = 2 ”X(U) - X(v) ”%‘ (20)
v=1

e Self-supervised classification loss (L.s): This term injects population-level topological
structures into the neural network by treating the inferred cluster assignments as
supervision signals. Using a cross-entropy function, it minimises the discrepancy
between the classifier’s predicted distribution P and the topological pseudo-labels Y:

n

k
—= Y Y yiclog(pic) (21)

i=1c=1

:\»—t

cls -

3.7.2. Topological Consensus Inference

In this sub-problem, the network parameters ® and the resulting latent representations
Z®) are fixed, simplifying the optimisation to minyy y J1ps—tcm. The core of this stage
is to infer the lead-specific pathological sensitivity weight tensor WV and the consensus
indicator matrix Y to capture the lead-disease bias inherent in the data.

We propose following iterative methods to solve optimisation involved in LPS-TCM.

Optimise W
We first give sub-problem w.r.t. W as Problem (22):

m 2 k
max Y- Y- Y- wore - 97 (ve)
w v=1r=1

=1c=1
m 2 k
st Y Y Y wy, . =1Lwy >0. (22)
v=1r=1c=1
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According to the Cauchy-Schwarz inequality,
m. 2

k
2 Wy,r,c * lP(W) (ye)

v=1r=1c=1

-\

=1
In general, with holding the optimality conditions, problem (15) can be solved via

—
S}
=
P
S
IN

\V4
=

e $ f i Z <¢(v’r) (YC))Z

1 1 v=1r=1c=1

IS
Il
-
o
Il

(¥ (ye))?, (23)

HM»

LY

i Ms

solving a more concise form as problem (24):

2

max 353 3 (99 (y0)) (24)

Yelndv 1r=1c=1

Optimise Y

Y can be optimised by solving problem (24) via a coordinate descent method, as rows
of Y are independent in optimisation. To be specific, suppose Y is the current solution;
when the j-th row of Y is optimised by fixing the other rows, the optimal solution (denoted
as y/) can be determined by choosing a proper one among the k candidates defined as
{cpk(s), Vs € Zpy }, where ¢y (s) € B'*¥ is a one-hot row vector with the s-th entry equal

to 1. For better illustration, we introduce auxiliary indicator matrices Yl s e Zy y) whose
j-th row is the corresponding ¢ (s) while the remaining rows are the same as Y. Based on
the above discussion, the optima §/ can be given as follows:

= ¢ (argmaxZ )y Z(w I (v")) ) 25)

SE€Z[ ) v=1r=1c=

Since the difference between Y1 and Y52) only exists in the j-th row, denoting ¢ (0) as a
k-dimensional zero vector, we transform the optimisation problem in Equation (25) into the
following problem to reduce redundant calculations:

arg max Z Z Z( ( [S])) (lp(w) (Y@))z

S€Zx v=1r=1c=

= arg max 2 2 (1,[7(” 4 ( LS])>2 — (lP(W) (yy))z. (26)

SEZ[1 K v=lr=
Furthermore, suppose (ys)' A7y, (ys) a ( ") and (ys) "Dy, have been precalcu-
lated; problem (26) can be solved more succmctly Considering two cases related to the s,
suppose d indicates that yii = 1; we reduce the computation costs of problem (26) via the
following transformations based on known information:
Let ¢,(j) € B"*! denote a one-hot column vector with the j-th entry equal to 1.
We consider two cases:
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(1) Ifs=d, wehave yE] =ysand y£°] = ys — (¢u(j))7; then,
2
(yﬁ]) NG (ym) Ayl
(v7) Doyt ! (") Dyl
= (ys) A®ys
YQTD(W)YS
. 2
((59)TACys —2(y) e 4 a 27)
(y5) DOy, —di%"
(2) [Ifs #d, wehave yLS] =ys + (¢n(j))" and y£0] =ys; then,
T 2 T 2
(y£5]> A(v,r)ygs] (Yso]> A(v,r)y[o]
Sl
(y1) Dlenyl (y) Dyl
2
(YS)TA(U’r)ys - z(ys)Ta](‘W) + a](f;lr)
(ys) DOy + 7"
TACNy \?
o ((YS>TA YS> ' (28)
(ys) D)y,

Since §/ = ¢4 (s*) has been solved, i.e., s* is the optima of problem (26), we need to
update the precalculation for the subsequent iteration if s* # d. The following two cases
should be considered. The updating of precalculation just needs some calculations con-
ducted in the previous process, which further makes the optimisation more efficient.

3.7.3. Parameter Optimisation via Multi-Task Learning

With the indicator matrix Y and W fixed, this sub-problem focuses on updating the
neural network parameters ©, including the encoder, decoder, and classification head.
The objective ming (A1 Lyec + A2Ls) is optimised using the AdamW optimiser [39] with a
One-Cycle learning rate schedule [40]:

0O «— AdamW(@, Ve ()\1 Lyec + /\ZLcls)/ 771‘) (29)

where #; denotes the learning rate at step t governed by the One-Cycle policy, which
anneals the rate from an initial warm-up to a peak value and then decays to a minimum.
In this stage, the reconstruction loss L. ensures the extraction of essential morphological
features, while L ;5 enforces the latent representations to adhere to the manifold constraints
established by the inferred topological consensus. This alternating process enables end-to-
end learning that bridges low-level signal fidelity with high-level pathological logic.

3.7.4. Algorithm Summary and Training/Testing Protocol

To clarify the complete training and inference pipeline, we summarise the LPS-Net
algorithm below. The training phase consists of unsupervised pre-training via alternating
optimisation (Algorithm 1), which requires no label information. The testing phase encom-
passes three evaluation scenarios: (1) Direct clustering evaluation, where the pre-trained
model is applied to the test set and the Multi-lead Consensus Classification Network pro-
duces cluster assignments P (via arg max) that are compared to ground-truth labels via
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Hungarian mapping. (2) Cross-dataset clustering transfer, where the encoder is pre-trained
on a source dataset and frozen; on the target dataset, a new classification network and
LPS-TCM are trained from scratch in a fully unsupervised manner (no target labels), us-
ing the frozen encoder’s representations as input. (3) Interpretability analysis, where the
pre-trained model clusters MI subtype samples and the learned lead-specific weights are
visualised. In all testing scenarios, no labels are used during inference; labels are only used
for post hoc evaluation via clustering metrics.

Algorithm 1: LPS-Net Training (Unsupervised Pre-training).

Input: Multi-lead ECG data X = {X(©) 11, without labels; number of clusters k; loss
weights A1, A»; max epochs E; alternating period Ty;.
Output: Trained network parameters ®; consensus indicator matrix Y (pseudo-labels);
lead-specific weight tensor W; final cluster assignments P.

Initialize network parameters ® randomly;
Initialize Y via K-Means on encoder features, W uniformly;

for epoch = 1to E do

// Phase I: Parameter Optimization (multi-task learning)
fort =1to T,; do

Sample mini-batch {X(?)} from training set;

// Forward pass through ML-SSTE

Compute per-lead embeddings: Z) ML—SSTE(X<U); Ocnc);

// Classification branch

Compute predictions: P « Softmax(MLP([Z(),...,Z(™M];04));
// Decoder branch with topological guidance

Reconstruct signals: X(?) < AHD(Z(®),Y, W; ©4,.);

// Compute joint loss

Liotal < AMLyec (X/ )A() + AzLgs (p/ Y)/'

Update © via AdamW with One-Cycle LR: ® <— © — 1V gLy

// Phase II: Topological Consensus Inference

Compute full-set embeddings {Z(?)} with current ©;

Construct kNN graphs {A(?1)} and anchor graphs {A(?2)};

Update weight tensor W via Cauchy-Schwarz optimality (Equation (22));
Update indicator matrix Y via coordinate descent (Equation (26));

// Early stopping based on validation Silhouette
if validation Silhouette does not improve for 30 epochs then
L break;

return ©,Y, W, P

Testing Protocol. During inference, the trained encoder and Multi-lead Consen-
sus Classification Network are applied to the test set. The encoder extracts test-set em-
beddings {Z(®)}, and the classification network produces predicted cluster probabilities
P = Softmax(MLP(Z fuse))- The final cluster assignment for each sample is obtained via
arg max, p; .. Note that LPS-TCM is not invoked during inference; its role is confined to
the training phase, where it provides pseudo-labels Y and weight tensor W to guide repre-
sentation learning. The resulting assignments are evaluated against ground-truth labels
using Clustering Accuracy, Macro F;, ARI, NMI, Purity, and Silhouette. For cross-dataset
transfer, only the encoder pre-trained on a source dataset is frozen; on the target dataset,
a new classification network and LPS-TCM are trained from scratch in a fully unsupervised
manner using the frozen encoder’s representations, with the number of clusters k set ac-
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cording to the clinical taxonomy of the target dataset (e.g., k = 5 for PTB-XL superclasses).
No target-domain labels are used at any stage.

4. Experiments

To comprehensively evaluate the proposed LPS-Net, we conduct experiments on
four public ECG benchmarks. The evaluation protocol comprises four parts. First, direct
clustering evaluation is performed to assess the unsupervised abnormality recognition
capability of LPS-Net, using standard clustering metrics (Silhouette, ARI, NMI, Purity,
Clustering Accuracy, and Macro F;) against representative unsupervised clustering base-
lines. Second, cross-dataset clustering transferability is evaluated to test generalisation: the
encoder is pre-trained on a source dataset and frozen, after which the clustering head is
re-trained in an unsupervised manner on a target dataset without any target-domain labels.
Third, ablation studies quantify the contribution of each core component. Fourth, inter-
pretability analysis verifies the clinical consistency of the learned lead weights. All models
are trained under identical preprocessing and hardware settings to ensure fair comparison.

4.1. Datasets

The performance of the proposed framework is validated on four representative
large-scale publicly available 12-lead electrocardiogram (ECG) benchmark datasets:

e PTB-XL [41]: This dataset comprises 21,837 recordings of 10 s length from
18,885 patients, with an original sampling frequency of 500 Hz. As one of the most
widely adopted benchmarks in clinical ECG analysis, its diagnostic labels follow the
SCP-ECG (Standard Communications Protocol for Computer-Assisted Electrocardio-
graphy) standard and are categorised into five primary superclasses: Normal ECG
(NORM), Myocardial Infarction (MI), ST/T Change (STTC), Conduction Disturbance
(CD), and Hypertrophy (HYP).

* Chapman-Shaoxing [42]: This collection features 12-lead recordings from
10,656 subjects, with all signals being 10 s long and sampled at 500 Hz. The dataset fo-
cuses on distinguishing fundamental cardiac rhythms and is condensed into four clin-
ically significant superclasses: Atrial Fibrillation (AFIB), General Supraventricular
Tachycardia (GSVT), Sinus Bradycardia (SB), and Sinus Rhythm (SR).

e CPSC-2018 [43]: Derived from the 1st China Physiological Signal Challenge, this multi-
centre dataset includes 6877 12-lead recordings provided by 11 hospitals, sampled
at 500 Hz with durations ranging from 6 to 60 s. It encompasses nine common
pathological categories and rhythms: Normal, Atrial Fibrillation (AF), First-degree
Atrioventricular Block (I-AVB), Left Bundle Branch Block (LBBB), Right Bundle Branch
Block (RBBB), Premature Atrial Contraction (PAC), Premature Ventricular Contraction
(PVC), ST-segment Depression (STD), and ST-segment Elevation (STE).

e SPH [44]: Provided by Shandong Provincial Hospital, this dataset contains 25,770 12-
lead ECG recordings sampled at 500 Hz. A distinctive feature of SPH is its ex-
tremely granular labelling system, covering as many as 68 diagnostic categories.
This study utilises it as a stress-test benchmark to evaluate the generalisation ca-
pability of the representations under extreme long-tail distributions and complex
pathological combinations.

4.2. Baselines

To evaluate the efficacy of the proposed framework, we compare our model against a
diverse set of unsupervised clustering baselines spanning different methodological trajectories:

¢ K-Means (raw): K-Means clustering directly applied to raw ECG signals, serving as a
lower bound.

https://doi.org/10.3390/info17090833


https://doi.org/10.3390/info17090833

Information 2026, 17, 833

18 of 27

* CVAE + K-Means: A convolutional variational autoencoder for unsupervised feature
extraction, followed by K-Means clustering, representing the generative route.

e  DEC [19]: Deep Embedded Clustering, jointly optimising a deep autoencoder and a
KL-divergence-based clustering objective.

* DFA + WE + K-Means: Detrended fluctuation analysis (DFA) and wavelet entropy
(WE) features fed into K-Means, representing the traditional feature-engineering route.

¢ IDEC [45]: Improved DEC that jointly fine-tunes the encoder and clustering head to
prevent feature drift.

*  MDFC-AC [46]: Multimodal Deep Fusion Clustering with Anti-Collapse attention,
representing the current state of the art for unsupervised 12-lead ECG clustering
on PTB-XL.

*  SMC [47]: Sequential MAE-Clustering, originally proposed for single-lead heartbeat
classification on MIT-BIH using Gramian Angular Field (GAF) image conversion and
linear probing evaluation. We adapt it to our unsupervised multi-lead ECG clustering
setting by applying the Sequential MAE (SM) network and GMM with ProtoNCE loss
directly to multi-lead ECG features, representing the self-supervised MAE route.

For the cross-dataset clustering transferability experiment, we select DEC and MDFC-
AC as comparison methods, as they represent the strongest deep clustering baselines
capable of unsupervised pre-training and cross-domain clustering.

4.3. Evaluation Metrics

To quantitatively evaluate the unsupervised abnormality recognition capability of
the learned representations, we adopt six standard clustering metrics: (1) Silhouette Score
(Sil) [48], measuring intra-cluster cohesion versus inter-cluster separation; (2) Adjusted
Rand Index (ARI) [49], quantifying agreement between clustering assignments and ground-
truth labels adjusted for chance; (3) Normalised Mutual Information (NMI) [50], measuring
the mutual information between cluster assignments and true labels normalised by entropy;
(4) Clustering Purity, computing the fraction of samples belonging to the majority class
in each cluster; (5) Clustering Accuracy (Acc), obtained by optimally mapping cluster
assignments to ground-truth labels via the Hungarian algorithm [51]; and (6) Macro F;-score
computed after the same Hungarian mapping. All metrics range from 0 to 1, with higher
values indicating better clustering quality. For cross-dataset transferability, we report Acc
and NMI as representative metrics.

4.4. Implementation Details

All signals are resampled to 100 Hz for the main experiments. For the clustering
evaluation, experiments are additionally conducted at the original 500 Hz sampling rate to
enable direct comparison with MDFC-AC. A zero-phase bandpass filter with a frequency
range of 0.5-40Hz is applied. Input samples are 2.5 s segments (250 points at 100 Hz,
1250 points at 500 Hz) extracted via random sliding windows with Z-score normalisation.

Data Splitting. For each dataset, we adopt a patient-level train/validation/test
split to prevent recordings or segments from the same patient from appearing in different
subsets, thereby avoiding data leakage. Specifically, for PTB-XL, we follow the official
split (folds 0-7 for training, fold 8 for validation, fold 9 for testing), which is inherently
patient-stratified. For Chapman-Shaoxing, CPSC-2018, and SPH, we partition the patient
list into 80%/10%/10% for train/validation/test, respectively, ensuring that all recordings
from a given patient are assigned to the same subset. During training, 2.5 s segments
are randomly extracted from each recording with augmentation; during evaluation, each
recording is segmented into non-overlapping 2.5 s windows, and the final prediction is
obtained by averaging the segment-level outputs.
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Hyperparameter Selection. The ML-SSTE encoder utilises an embedding dimension of
128. The loss balancing coefficients A1 and A, are both selected from {0.1,0.5,1.0,5.0,10.0},
and the regularisation parameter v is selected from {0.01,0.1,0.5,1.0}. Hyperparameters
are chosen by grid search on the validation set, optimising Silhouette score for clustering
evaluation. The number of nearest neighbours for the k~-NN graph in LPS-TCM is set
to kyn = 10, and the number of anchors for the anchor graph equals the number of
clusters. The AdamW optimiser [39] is used with a One-Cycle learning rate schedule [40].
The peak learning rate is within the range of 3 x 10~ to 1 x 10~3. Pre-training is conducted
for 300 epochs with a batch size of 128. The alternating period T;;, which determines
the number of parameter optimisation steps between consecutive topological consensus
updates, is set to 5. Early stopping with a patience of 30 epochs is applied based on
validation performance.

Determination of Cluster Number. For clustering evaluation on PTB-XL, the number
of clusters is set to k = 5, matching the five superclass labels (NORM, MI, STTC, CD,
HYP). For the ablation study and interpretability analysis on MI subtypes, k is set to 4,
corresponding to the four MI subtypes (Anterior, Inferior, Lateral, Extensive). In all cases,
k is determined by the clinical taxonomy of the target dataset and is not learned from
data, ensuring that the evaluation reflects the alignment between discovered clusters and
clinically defined categories.

All experiments are implemented using PyTorch 2.10.0 on an NVIDIA RTX 4090 GPU
workstation. To ensure statistical robustness, all reported results are averaged over five
independent runs with different random seeds. We report mean =+ standard deviation for
all experiments.

4.5. Clustering Evaluation

Since LPS-Net is fundamentally an unsupervised framework, we first evaluate its
direct clustering performance, where the Multi-lead Consensus Classification Network
produces cluster assignments P without utilising any label information. This evalua-
tion directly demonstrates the unsupervised abnormality recognition capability of the
proposed method.

The clustering evaluation is conducted on the PTB-XL dataset, which provides five clin-
ically validated superclass labels (NORM, MI, STTC, CD, HYP). The number of clusters
is set to k = 5, matching the superclass taxonomy. All seven unsupervised clustering
baselines described in Section 4 are evaluated under identical preprocessing and splitting.
Results are averaged over five independent runs and reported as mean + standard devia-
tion. For Clustering Accuracy and Macro Fj, the cluster-to-label mapping is determined by
the Hungarian algorithm. To enable direct comparison with the state-of-the-art method
(MDFC-AC), experiments are conducted at both 100 Hz and 500 Hz sampling rates.

Table 2 reports the clustering performance at both 100 Hz and 500 Hz. LPS-Net consis-
tently achieves the best performance across all six metrics under both settings. At 100 Hz,
LPS-Net obtains a Silhouette score of 0.77, ARI of 0.67, NMI of 0.70, Purity of 0.80, Acc of
0.76, and Macro F; of 0.74, outperforming the second-best method (MDFC-AC) by margins
of 0.05, 0.05, 0.05, 0.05, 0.03, and 0.03, respectively. At 500 Hz, similar improvements are
observed, with LPS-Net surpassing MDFC-AC by 0.05 in Silhouette, 0.05 in ARI, 0.05 in
NM], 0.05 in Purity, 0.03 in Acc, and 0.03 in Macro F;.

The performance hierarchy across methods is consistent and informative. Traditional
methods (K-Means, DFA + WE) exhibit the lowest performance, confirming the necessity of
deep representation learning for capturing complex ECG morphological patterns. DEC and
IDEC improve upon traditional methods through joint representation-clustering optimisa-
tion but remain limited by their generic objectives that do not exploit the multi-lead spatial
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structure. CVAE + K-Means, representing the generative route, shows moderate improve-
ment. SMC and MDFC-AC achieve stronger results through self-supervised pre-training
and multimodal fusion, respectively, yet still fall short of LPS-Net, which benefits from
the explicit modelling of lead-specific pathological sensitivity. These results demonstrate
that LPS-Net can effectively identify pathological patterns in ECG data without any label
supervision, and the topological consensus mechanism guided by learned lead-specific
sensitivity weights enables the model to discover clinically meaningful clusters that align
with the PTB-XL superclass taxonomy.

Table 2. Clustering performance on PTB-XL test set (averaged over 5 runs =+ std). Best results in bold,
second-best underlined.

Setting Method

Sil ARI NMI Purity Acc F1-Macro

K-Means (raw)
CVAE + K-Means
DEC

048 £0.02 037+003 041+002 049002 048002 045=+0.03
056 +0.02 0454002 048+0.02 057002 056+0.02 0.53=+0.02
059 +£0.02 048+0.02 051+0.02 060=£002 0.59+0.02 057=+0.02

E DFA + WE + K-Means 0.52+£0.02 041+0.03 044+£0.02 053+£0.02 0.52+£0.02 0.49+0.03
§ IDEC 061 £0.02 050+0.02 053+0.02 062+002 0614002 0.59=+0.02
MDEFC-AC 072+0.01 0.62+001 065+£001 075£001 073£0.01 0.71=£0.01
SMC 064 +002 053+002 056+002 066002 064+002 0.62=+0.02
LPS-Net (Ours) 0.77+£0.01 0.67+001 070+0.01 0.80+001 0.76+0.01 0.74+0.01
K-Means (raw) 050 +0.02 039+003 0434002 051+0.02 0504002 047=+0.03
CVAE + K-Means 058 £0.02 047 +0.02 050+0.02 059+002 058=+0.02 0.55=+0.02
N DEC 0.61+002 050+£002 053+002 062+002 061002 0.59=+0.02
an DFA + WE + K-Means 054 £0.02 043+0.03 046=+0.02 055+£0.02 054+£0.02 0.51+0.03
ug_) IDEC 0.63£0.02 052+£002 055+0.02 064=£002 0.63+0.02 0.61+0.02
MDEFC-AC 0.74+£0.01 0.64+£0.01 0.67+£0.01 077£0.01 075£0.01 0.73£0.01
SMC 0.66 £0.02 055+0.02 058=+0.02 068002 0.66=+002 0.64+0.02

LPS-Net (Ours)

079 £0.01 0.69+001 072+001 082+001 0.78+001 0.76+0.01

Note: Best results in bold, second-best underlined.

4.6. Cross-Dataset Clustering Transferability

We evaluate the generalisation capability of the representations learned by LPS-Net
through cross-dataset clustering transfer. The protocol is designed as follows. First, the
ML-SSTE encoder is pre-trained on a source dataset in a fully unsupervised manner, with-
out using any labels. After pre-training, the encoder parameters are frozen. On the target
dataset, the frozen encoder extracts latent representations, and a new classification network
(with output dimension kigrger) and LPS-TCM are trained from scratch in a fully unsuper-
vised manner, using the same alternating optimisation as Algorithm 1 but with the encoder
weights fixed. No target-domain labels are used at any stage. The number of clusters k is
set to match the number of clinically defined categories in the target dataset (e.g., k = 5 for
PTB-XL, k = 4 for Chapman, k = 9 for CPSC-2018, k = 68 for SPH). For comparison
baselines (DEC and MDFC-AC), the same protocol is applied: each method’s encoder is
pre-trained unsupervised on the source dataset and frozen; the clustering head is then
re-trained unsupervised on the target dataset’s features.

This protocol directly tests whether the model has learned domain-invariant patholog-
ical patterns: if the representations are truly general, the clustering structure discovered on
the target dataset should align with the target dataset’s clinical taxonomy, even though the
model was never exposed to target labels.

Table 3 reports the Clustering Accuracy and NMI for all 12 transfer configurations
(four source datasets, each transferred to three target datasets). LPS-Net achieves the highest
performance in every transfer setting. For source PTB-XL, LPS-Net outperforms the second-
best method (MDFC-AC) by 0.05 in Acc and 0.04 in NMI on Chapman, by 0.06 and 0.05 on
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CPSC-2018, and by 0.05 and 0.05 on SPH. Similar consistent improvements are observed
for all other source datasets. The standard deviations remain small (<0.03) across all
configurations, confirming that the transfer improvements are robust.

Notably, the transfer to SPH (68 fine-grained diagnostic categories) yields the lowest
absolute performance for all methods, reflecting the inherent difficulty of unsupervised clus-
tering into 68 classes. Nevertheless, LPS-Net still outperforms the best baseline by 0.05 in Acc,
demonstrating that the learned representations generalise to extreme long-tail distributions.
These results show that LPS-Net captures domain-invariant pathological patterns of multi-lead
ECG signals, offering improved cross-dataset generalisation without requiring target-domain
labels. The consistent improvements indicate that the LPS-TCM module, guided by lead-
specific pathological sensitivity weights, discovers clustering structures that transfer across
different recording devices, sampling rates, and pathological label distributions.

Table 3. Cross-dataset clustering transfer performance (Clustering Accuracy and NMI, mean =+ std
over 5 runs). The encoder is pre-trained on the source dataset (unsupervised) and frozen; the
clustering head is then re-trained unsupervised on the target dataset without any target labels. Best
results in bold.

DEC MDEFC-AC LPS-Net

Source Target Acc NMI Acc NMI Acc NMI

PTB-XL Chapman 058 £0.03 0514+0.03 064+0.02 057+0.02 0.69+0.02 0.61+0.02
PTB-XL CPSC-2018 0.49+0.03 043+0.03 055+0.02 049+0.02 061+0.02 0.54+0.02
PTB-XL SPH 0314+0.03 028+0.03 0374+0.02 033+0.02 0424+0.02 0.38+0.02
Chapman  PTB-XL 052+003 046+0.03 058+002 052+£0.02 0.64+0.02 0.57+0.02
Chapman  CPSC-2018 048 £0.03  042+0.03 054+002 048+0.02 0.59+0.02 0.53£0.02
Chapman SPH 030+0.03 0274+0.03 0354+0.02 0324+0.02 040+0.02 0.36 +0.02
CPSC-2018 PTB-XL 0.54+0.03 048+0.03 060+0.02 0544+0.02 0.66+0.02 0.59 % 0.02
CPSC-2018 Chapman 056 +0.03 0494+0.03 0624+0.02 056+0.02 0.67+0.02 0.60 =+ 0.02
CPSC-2018 SPH 032+£003 029+0.03 038+002 034+£0.02 043+0.02 0.39+0.02
SPH PTB-XL 0.50+0.03 0444+0.03 056+0.02 050+0.02 062+0.02 0.55=+0.02
SPH Chapman 0.55+0.03 048+0.03 0614+0.02 0544+0.02 0.66+0.02 0.59 % 0.02
SPH CPSC-2018 047 +0.03 041+0.03 053+0.02 047+0.02 058+0.02 0.52+0.02

4.7. Ablation Study

To evaluate the contribution of each core component in LPS-Net, we construct several
degenerate models and compare them with the full LPS-Net. Each degenerate model re-
moves or replaces a single component from the full model. The experimental design follows
an independent training protocol. Specifically, all models are trained from scratch under
identical data augmentation, hyperparameters, and hardware settings. After pre-training,
the clustering performance is evaluated on the PTB-XL test set using ARL, NMI, Clustering
Accuracy (Acc), and Macro F; (all computed via Hungarian mapping). The degenerate
models are defined as follows:

¢ Encoder-Baseline: Replaces the ML-SSTE encoder with a plain ResNet18 backbone,
while keeping the full LPS-TCM module, the Asymmetric Hybrid Decoder, and all loss
terms unchanged. This variant assesses the contribution of the proposed multi-scale
spatio-temporal encoder.

*  Uniform Lead Weighting: Retains the ML-SSTE encoder and the graph struc-
ture of LPS-TCM, but forces all lead association weights to a uniform value,
ie., Wyyre = ﬁ for all v,7,c. All loss terms are kept. This variant represents the

simplest baseline where all leads contribute equally, isolating the effect of adaptive

weighting in general.
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¢  SE-Channel Attention: Replaces the proposed pathological sensitivity weight tensor
W with a squeeze-and-excitation (SE) channel attention module [52]. The SE module
learns lead-wise importance through global average pooling followed by two fully
connected layers with a sigmoid gate, providing a conventional adaptive channel-
weighting mechanism without the pathological sensitivity formulation.

e Self-Attention Weighting: Replaces W with a standard multi-head self-attention [53]
over the m lead representations. The attention weights are computed from the latent
features {Z(?) }7_, without incorporating the topological consensus or cluster-specific
structure, representing a general data-driven attention mechanism.

*  w/o Ly Keeps the full LPS-TCM module including graph and adaptive weights,
but removes the self-supervised classification loss L5 from the training objective. This
quantifies the importance of the classification supervision.

Table 4 reports the clustering performance on the PTB-XL test set. LPS-Net achieves
the highest performance across all four metrics. Removing the self-supervised classification
loss Lj; leads to a moderate drop: w/o L yields an Acc of 0.68 and F1-macro of 0.66.
Replacing the ML-SSTE encoder with a plain ResNet18 (Encoder-Baseline) causes further
degradation, with an Acc of 0.67 and F1-macro of 0.65.

Table 4. Ablation study: clustering performance on PTB-XL test set (mean = std over 5 runs). Best
results in bold. “Uniform” = Uniform Lead Weighting, “SE” = SE-Channel Attention.

Model ARI NMI Acc F1-Macro
Encoder-Baseline 0.58 £+ 0.02 0.61 £ 0.02 0.67 £ 0.02 0.65 £ 0.02
Uniform Weighting 0.54 4+ 0.02 0.57 +0.02 0.63 4+ 0.02 0.61 £+ 0.02
SE-Channel Attention 0.60 4 0.02 0.63 = 0.02 0.69 + 0.02 0.67 £+ 0.02
Self-Attention Weighting 0.61 = 0.02 0.64 £+ 0.02 0.70 4+ 0.02 0.68 £ 0.02
w/o L 0.59 £+ 0.02 0.62 +0.02 0.68 + 0.02 0.66 4 0.02
LPS-Net 0.67 £ 0.01 0.70 = 0.01 0.76 + 0.01 0.74 + 0.01

Note: Best results in bold.

The most instructive comparisons concern the lead weighting mechanism. Uniform
Lead Weighting, which assigns equal contributions to all leads, achieves the lowest per-
formance (Acc of 0.63, F1-macro of 0.61), confirming that heterogeneous lead sensitivity
must be explicitly modelled. Both SE-Channel Attention (Acc of 0.69, F1-macro of 0.67)
and Self-Attention Weighting (Acc of 0.70, F1-macro of 0.68) improve substantially over
uniform weighting, demonstrating that adaptive lead weighting in general is beneficial.
However, LPS-Net still outperforms Self-Attention Weighting by 0.06 in Acc and 0.06 in
Fl-macro. This gap is notable because both SE-Channel Attention and Self-Attention
Weighting have access to the same encoder and graph structures as LPS-Net; the only
difference is the weight computation mechanism. The proposed pathological sensitivity
formulation, which learns weights that are cluster-specific and jointly optimised with the
topological consensus, captures the lead—disease correspondence more effectively than
general-purpose attention mechanisms that operate on global feature statistics without
pathological structure awareness.

To qualitatively assess the discriminative capability of the learned feature space, we
performed t-SNE visualisation. Figure 2 compares the distributions of raw input fea-
tures, features from the Uniform Lead Weighting model, and features from LPS-Net on a
two-dimensional projection plane. As shown, the raw input features exhibit high overlap
among different pathological categories without clear inter-class boundaries. The Uniform
Lead Weighting model begins to exhibit initial separable structures, but significant semantic
ambiguity persists between categories with similar pathological morphologies, such as
ST-T changes and myocardial infarction, because this model assigns equal contributions
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to all lead pathways. In contrast, the features extracted by LPS-Net form compact and
well-separated clusters, confirming that the pathological sensitivity-aware weighting ef-
fectively suppresses interference from non-informative leads and reinforces pathological
consensus. These qualitative observations are consistent with the quantitative results in
Table 4, highlighting the essential role of the proposed pathological sensitivity formulation
in learning discriminative ECG representations.

0 o1 02z 03 04 05 06 07 08 08 1 o o1 02 03 04 05 06 07 08 09 1 o o1 02 03 04 05 06 07 08 09 1

(a) Raw feature (b) Uniform Lead Weighting (c) LPS-Net

Figure 2. t-SNE visualisation of feature distributions on the PTB-XL test set. Samples from different
pathological superclasses are shown in distinct colors. From left to right: Raw feature, Uniform Lead
Weighting, and LPS-Net. Raw feature shows high overlap among classes. Uniform Lead Weighting
produces initial separation but with residual ambiguity between clinically similar conditions. LPS-Net
forms the most compact and clearly separated clusters, indicating that the pathological-sensitivity-
aware weighting enhances discriminability.

4.8. Interpretability Analysis

To further assess the clinical interpretability of the adaptive lead weights learned by
LPS-Net, we conduct a localisation experiment focusing on myocardial infarction (MI)
subtypes using an unsupervised abnormality recognition approach. From the PTB-XL
database, we extract all samples belonging to the MI superclass. These samples are then
clustered by the pre-trained LPS-Net without using any label information. The number of
output clusters is pre-set to k = 4, corresponding to the four clinically defined MI subtypes
(Anterior MI, Inferior MI, Lateral MI, and Extensive MI), following the clinical taxonomy
of the PTB-XL SCP-ECG standard. This number is not learned from data but is determined
a priori by the diagnostic category structure, ensuring that the evaluation reflects the
alignment between discovered clusters and clinically established subtypes. For each
resulting cluster, we determine its predominant MI subtype based on the majority of
ground-truth labels present in that cluster (majority voting). We then record the lead-specific
weights generated by the LPS-TCM module for samples in each cluster and aggregate them.
The aggregated weights are visualised as a heatmap in Figure 3.

To quantify the clustering quality of this MI subtype analysis, we evaluate the clus-
tering performance using the same metrics as in Section 4.5. The LPS-Net achieves a
Clustering Accuracy of 0.72, Macro F; of 0.69, ARI of 0.61, and NMI of 0.64 on the four MI
subtypes, confirming that the model discovers clinically meaningful subgroups even within
a single pathological superclass. For reference, the Uniform Lead Weighting ablation vari-
ant achieves only 0.58 Acc and 0.54 Macro F; on the same task, further confirming the
importance of the pathological sensitivity-aware weighting.

The resulting weight distributions show strong consistency with clinical electrophysio-
logical knowledge. For the cluster corresponding to AMI, the model assigns highest weights
to precordial leads V; through Vj, which are clinically used to detect septal and anterior
wall ischaemia. For IMI, attention shifts to the inferior leads (II,I11,aVF), the standard
leads for diagnosing diaphragmatic cardiac events. For LMI, which involves a narrower
region, the model focuses on high lateral leads (I,aVL) and lateral chest leads (V5, V;).
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For EMI, which spreads across multiple walls, the weights are distributed globally over
both precordial and limb leads. These patterns indicate that the adaptive weighting mech-
anism does not simply favor leads with high signal variance but instead learns clinically
meaningful spatial attention that varies with the pathological location.

The ability to produce pathology-driven lead attention demonstrates that LPS-Net
captures the spatial-temporal manifold structure of ECG signals without explicit clinical
supervision. By reinforcing diagnostically relevant leads and suppressing noise from insen-
sitive channels, the learned representations become more interpretable. This interpretability
not only supports the credibility of the model but also aligns its decision process with the
reasoning used by ECG experts.

0.6

Anterior MI

0.5

04

Lateral MI

Extensive MI

0

I i 1 aVR avVL aVF Vi v2 V3 v4 Vs Vo6

Figure 3. Heatmap of lead-specific weights learned by LPS-Net for four myocardial infarction sub-
types: Anterior MI (AMI), Inferior MI (IMI), Lateral MI (LMI), and Extensive MI (EMI). The clusters
are matched to subtypes by majority voting of the ground-truth labels within each cluster.

5. Conclusions

In this paper, we proposed LPS-Net, a Lead-specific Pathological Sensitivity-aware
Network for unsupervised multi-lead ECG abnormality recognition. We first identified
two critical limitations of existing unsupervised ECG abnormality recognition methods:
the lack of attention to key pathological features and the neglect of heterogeneous lead
sensitivity. To address these issues, we introduced the concept of lead-specific pathological
sensitivity and developed a framework that integrates three synergistic modules. The Multi-
scale Lead-specific Spatio-Temporal Encoder captures local temporal and global spatial
information. The Lead-specific Pathological Sensitivity-aware Topological Consensus Mod-
ule constructs multi-relationship graphs and adaptively learns a weight tensor to model
the heterogeneous diagnostic contribution of different leads. The Asymmetric Hybrid
Decoder uses the inferred topological consensus as a structural inductive bias to regu-
larise reconstruction. By jointly optimising reconstruction, self-supervised classification,
and topological consensus losses, LPS-Net learns discriminative and clinically interpretable
representations without requiring expert annotations.

Extensive experiments on four public benchmarks demonstrated that LPS-Net con-
sistently outperforms state-of-the-art clustering baselines in direct clustering evaluation
and cross-dataset clustering transfer tasks. Ablation studies (including comparisons with
uniform weighting, SE-channel attention, and self-attention alternatives) demonstrated
that the improvement specifically originates from the pathological-sensitivity formulation
rather than adaptive weighting in general. Interpretability analysis showed that the learned
lead weights align with clinical electrophysiological knowledge.
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Despite its effectiveness, LPS-Net has a limitation regarding the adaptability to missing
leads. The current framework assumes complete 12-lead inputs, whereas lead dropout or
incomplete recordings are common in real-world clinical practice. For future work, we
plan to extend LPS-Net to handle missing leads by incorporating imputation mechanisms
or lead-invariant representation learning strategies.
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