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Abstract

Electrocardiograms (ECGs) are widely utilized in clinical practice as a non-invasive diag-
nostic tool for detecting cardiovascular diseases. Convolutional neural networks (CNNs)
have been the primary choice for ECG analysis due to their capability to process raw
signals. However, their localized convolutional operations limit the ability to capture long-
range temporal dependencies across heartbeats, impeding a comprehensive cardiovascular
assessment. To address these limitations, transformer-based frameworks have been intro-
duced, employing self-attention mechanisms to effectively model complex temporal pat-
terns over entire ECG sequences. Recent advancements in large language models (LLMs)
have further expanded the utility of transformers by enabling multimodal integration and
facilitating zero-shot diagnosis, thereby enhancing the scope of ECG-based clinical appli-
cations. Despite the increasing adoption of these methodologies, a comprehensive survey
systematically examining transformer and LLM-based approaches for ECG analysis is ab-
sent from the literature. Consequently, this article surveys existing methods and proposes
a novel hierarchical taxonomy based on the complexity of diagnosis, ranging from single-
beat analysis to multi-beat and full-length signal evaluations. A thorough cross-category
comparison is performed to highlight overarching commonalities and limitations. In light
of these limitations, the paper presents a discussion of critical gaps and introduces new
future directions aimed at improving ECG representation, enhancing positional encodings,
refining self-attention architectures, and addressing challenges related to hallucinations
and confidence measures in LLMs. The insights and guidelines presented aim to inform
future research and clinical practices, enabling the next generation of intelligent ECG
diagnostic systems.
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1 Introduction

An electrocardiogram (ECG) is a widely adopted multi-channel signal that records the car-
diac electrical activity during the contraction and relaxation phases of the atria and ven-
tricles. ECGs are a significant first step in several cardiac-related clinical protocols. To
elaborate, ECGs are promptly performed in emergencies to assess cardiac function and
guide immediate treatment in cases such as chest pain or suspected myocardial infarction
(Gustafsson et al. 2022). ECGs are also integral to routine physical exams and preoperative
assessments, especially for patients with cardiovascular risk factors, to detect asymptom-
atic abnormalities and evaluate cardiac risk before anesthesia and surgery (van Klei et al.
2007). Additionally, implantable loop recorders (Milstein et al. 2020) and wearable ECG
devices (Bouzid et al. 2022) enable longitudinal ECG monitoring (Ha et al. 2021) to track
disease progression and assess the effectiveness of cardiac treatments. Consequently, ECG
serves as a primary cardiac monitoring test in healthcare settings because of its non-invasive
nature, cost-effectiveness, broad availability, versatility, reliability, and ability to provide
immediate and valuable insights into cardiac health.

Conventionally, electrophysiologists perform ECG analysis by extracting ECG features
(i.e., amplitudes and duration of ECG waves). Subsequently, the derived features are com-
pared with the clinically established ECG normal values for the subject’s age group to for-
mulate a diagnosis (Dickinson 2005; Rijnbeek et al. 2014). However, the manual nature of
conventional ECG analysis raises several challenges. Specifically, manual ECG analysis
is subjective, which can be time-consuming and cause human error, potentially leading
to variability in diagnosis and missed subtle abnormalities. Machine learning addresses
these limitations by processing handcrafted features to provide objective and instantaneous
diagnosis of cardiac conditions. To elucidate, decision trees recursively partition the ECG
features into subsets generating tree-like interpretable structures, facilitating ECG diagno-
sis (Kumari and Sai 2022). Bagging for ECG diagnosis employs multiple weak learners
(e.g., decision trees) trained on a subset of data and aggregates (e.g., voting) their output for
enhanced diagnostic accuracy (Mert et al. 2014). Similarly, boosting employs a strategy to
train multiple weak learners sequentially, where each model tries to minimize the errors of
its predecessor by placing higher emphasis on misdiagnosed ECG instances (Shi et al. 2019).
Altogether, machine learning strategies have significantly advanced automated ECG diag-
nosis but lack the ability to leverage raw ECG data, rely heavily on ECG domain knowledge
for feature extraction, and fail to utilize subtle ECG features that are not apparent or known
to electrophysiologists. Deep learning has addressed these challenges by learning mappings
between raw ECG signals and diagnostic tasks (i.e., representation learning) without the
need for manual feature extraction. Predominantly, CNNs have become the standard for
ECG analysis and diagnosis. The convolutional layers autonomously extract task-relevant
features, which are then passed through a multilayer perceptron to predict ECG disease
diagnosis (Rashed-Al-Mahfuz et al. 2021; Makimoto et al. 2020; Karthiga et al. 2022).

ECG data is inherently sequential and captures heartbeats over time steps. Thus, iden-
tifying and tracking subtle changes across multiple beats in the wave morphology, ampli-
tudes, and durations could play a significant role in diagnosing rhythmic abnormalities
(e.g., arrhythmia) among other cardiac diseases (e.g., long QT syndrome and myocardial
ischemia). The mathematical formulation of CNNs using fixed kernel sizes intrinsically
enables them to learn local spatial correlations. As a result, CNNs lack the ability to cap-
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ture long-range dependencies due to their localized receptive fields and reliance on pooling
layers. Transformer architectures overcome this limitation using self-attention mechanisms
that capture long-range dependencies by attending to all positions in the sequence simul-
taneously. Conventionally, transformers are used for natural language tasks, allowing them
to learn the context/relevance of the word in a sentence with respect to other words in
the current and previous sentences, improving the performance in language translation and
generation tasks. Given the success of transformers for processing temporal data (e.g., lan-
guage and speech), transformer-based networks with vanilla/modified self-attention, and
hybrid CNN-transformer networks have been gaining traction in automated ECG diagnosis
literature. Particularly, atypical heartbeat (Peng et al. 2024), abnormal cardiac rhythm (Ji
et al. 2024), obstructive sleep apnea (Wang et al. 2024), and myocardial infarction (Liu
et al. 2024) diagnosis have significantly benefited from transformer-based neural network
methodologies.

LLMs have recently advanced ECG diagnosis and analysis by leveraging their increased
parameter count and deep layers, which enable them to capture complex patterns and
nuanced relationships in ECG signals. LLMs (e.g., GPT) are typically pre-trained using
large-scale datasets on a generic natural language task and subsequently fine-tuned for
ECG diagnosis and analysis tasks. A unique attribute of LLMs is their ability to handle
multi-modal data, such as ECG signals, patient history in natural language, and structured
demographic information, to enhance diagnostic Sensitivity (Qiu et al. 2023). Additionally,
the comprehensive language understanding capabilities of LLMs can be harnessed by inte-
grating them with diagnostic databases, enabling zero-shot diagnoses. Recent advances in
LLMs have enabled the integration of diverse clinical data, including ECG signals, radiol-
ogy images, and corresponding reports, to support comprehensive patient evaluations. For
example, Thapa et al. (2024) introduced MoRE, which fuses X-ray images, ECG signals,
and cardiology reports into a unified representation for comprehensive patient evaluation.
Trained with Lora-Peft and optimized using contrastive loss to align modality-specific fea-
tures, MoRE enables effective multimodal retrieval and zero-shot classification, achiev-
ing state-of-the-art performance on downstream task datasets such as Mimic-IV, CheXpert,
Edema Severity, and PTB-XL. Similarly, Guo et al. (2024) developed ECGChat, a mul-
timodal LLM that addresses discrepancies between ECG waveforms and textual cardiol-
ogy reports. ECGChat supports zero-shot report retrieval and the autonomous generation
of detailed ECG analyses by employing contrastive learning to synchronize ECG data with
corresponding reports. Recently, Yu et al. (2023) proposed a zero-shot retrieval-augmented
diagnosis technique, where LLMs retrieve ECG expert knowledge from a curated database
to analyze ECG data without needing extensive prior training for diagnosing arrhythmia
and sleep apnea. LLMs are currently being used in real-world settings to generate discharge
summary reports (Chua et al. 2024), with pilot studies on RUSSEL GPT. Additionally, ran-
domized clinical trials are being conducted to evaluate their impact on diagnostic reasoning,
demonstrating their potential to influence clinical decision-making (Gallifant et al. 2025).

ECG analysis for diagnosis has been a constantly evolving domain, continuously adapt-
ing to the latest advancements in mainstream machine learning and deep learning. Several
surveys have been published to capture the progress in automated ECG diagnosis research.
These surveys focus on specific cardiac diseases, such as myocardial infarction (Han et
al. 2024), hypertrophic cardiomayopathy (Maron et al. 2022), arrthythmia (Ebrahimi et al.
2020), and long QT syndrome (Dehkordi et al. 2024). Reviews have also focused on the use
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of specific computational approaches, like machine learning (Salari et al. 2022), CNNs (Liu
et al. 2021), and unsupervised learning (Nezamabadi et al. 2022).

To our knowledge, no existing work comprehensively captures the progress and scope of
transformer-based methodologies and the application of LLMs in the context of automated
ECG diagnosis. As such, this survey comprehensively reviews transformer-based methodol-
ogies and their evolution into LLMs for ECG diagnosis, highlighting their technical novelty,
application, limitations, and essential future directions. Particularly, the core contributions
of this review are as follows:

e The categorization of the reviewed method follows a hierarchical analysis, starting with
granular abnormal beat detection and advancing to more complex rhythm-level analysis
within arrhythmias, before extending to other diseases, such as sleep apnea and cardio-
vascular diseases (CVDs) (e.g., myocardial infarction), among others. The review also
captures the evolution of the transformer-based methodologies into LLMs, highlighting
their applications in ECG-based diagnosis.

e Tabular summaries are provided to comprehensively capture ECG dataset details, meth-
odological innovations, core results, and notable observations for each method dis-
cussed in the review. Additionally, the textual descriptions offer insights complementing
the tabular summaries, providing descriptions and limitations specific to each work.

o The review conducts a cross-category comparison of methods to uncover overarching
commonalities and limitations in transformer and LLM approaches for ECG-based di-
agnosis.

e In light of the limitations, the survey proposes essential ECG embedding enhancements
and architectural innovations within the transformer and LLM pipelines. Subsequently,
the review introduces strategies to overcome the critical shortcomings of LLMs in ECG
diagnosis, potentially enhancing their transparency.

For transparency, this review adheres to the following inclusion and exclusion criteria: The
manuscript only includes articles from peer-reviewed journals and conferences that have
undergone a robust peer-review process for the last five years (i.e., 2019-2024). Particularly,
the Google Scholar search engine was used in July-August 2024 to gather the articles within
the scope of this review. Specific search queries utilized are as follows: "ECG Arrhyth-
mia Transformers", "ECG Analysis Transformers", "ECG Diagnosis Transformers", "ECG
Sleep Apnea Transformers", "ECG diagnosis LLMs", and "ECG Analysis Large Language
Models". Popular shortlisted articles were cross-referenced to discover additional articles
within the scope of this review.

The remainder of this survey is structured as follows: Sect. 2 provides the fundamental
conceptual understanding of ECG and its role in CVD diagnosis along with an overview of
transformer architecture for ECG analysis. Section 3 comprehensively reviews the trans-
former and LLM methodologies for ECG-based diagnosis, highlighting commonalities and
limitations across these methods. Section 4 presents novel technical innovations to further
improve the state-of-the-art for ECG-based diagnosis and highlights novel applications of
LLMs. Finally, sect. 5 summarizes the findings and concludes the paper.
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2 ECG and transformer fundamentals

The section provides an overview of essential concepts pertaining to ECGs and transformer
architectures that are necessary to understand the reviewed articles.

2.1 ECGleads and waveform basics

A standard ECG for adults is a 12-lead multi-channel signal captured using 10 elec-
trodes (Ansari et al. 2024). As shown in Fig. 1, the 12 leads of the ECG can be broadly clas-
sified into limb leads (i.e., I, II, ITI, aVL, aVR, and aVF) and chest leads (i.e., V1-V6). Six
electrodes are placed on the precordial region and capture their corresponding chest leads.
The remaining four electrodes are placed on the limbs, with one of them (typically right leg)
serving as the ground/reference electrode. Limb leads measure the electrical activity in the
frontal plane of the body, providing insights into the heart’s thythm and axis. Specifically,
leads I, II, and III are standard limb leads that are captured by taking the difference of elec-
trodes on the right arm, left arm, and left leg. Leads aVL, aVR, and aVF are augmented limb
leads calculated by taking the average of two limb electrodes with respect to the third limb
electrode. Key views covered by the limb leads include the lateral and inferior walls of the
heart. In contrast, the chest leads measure the electrical activity in the horizontal plane of
the body, offering detailed views of the heart’s anterior and lateral walls. Specifically, leads
V1 and V2 are oriented toward the right ventricle, offering a direct view of the septum wall.
Leads V3 and V4 are positioned to face the interventricular septum anteriorly, capturing the
electrical signals from the muscle that separates the left and right ventricles. Finally, leads
V5 and V6 are directed toward the left ventricle and focus on the lateral wall (Wasimuddin
et al. 2020; Ansari et al. 2023).

ECG waveform corresponds to the contraction and relaxation of the cardiac chambers,
enabling blood flow. Specifically, the P-wave captures atrial depolarization that occurs with
the generation of electrical impulse in the sinoatrial node (i.e., natural cardiac pacemaker),
causing the atria to contract and push blood into the ventricles. Abnormalities in P-wave
morphology and duration could indicate atrial enlargement (Yokota et al. 2021), atrial fibril-
lation (Rasmussen et al. 2020), or other atrial abnormalities. The QRS complex represents
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ventricular depolarization, which occurs as the electrical impulse travels through the ven-
tricles, pumping blood to the rest of the body. QRS waveform is crucial for assessing ven-
tricular function and extended QRS duration or abnormal morphology (e.g., bundle branch
blocks) can indicate conduction delays (Wu et al. 2021), ventricular hypertrophy (Pelliccia
et al. 2023), or myocardial infarction (Luo et al. 2020). Finally, the T-wave encapsulates the
process of the ventricles returning to their resting state after contraction. Abnormalities such
as T wave inversion, flattening, or peaking can indicate ischemia (Li et al. 2021) or cardio-
myopathies (D’Ascenzi et al. 2020). The duration of the individual waves and the intervals
between them hold significant diagnostic importance. The PR interval is the duration from
the onset of the P wave to the start of the QRS complex, capturing the time taken for the
electrical impulse to travel from the atria to the ventricles. The ST segment represents the
period between the end of ventricular depolarization and the beginning of ventricular repo-
larization. The QT interval indicates the net time for ventricular depolarization and repolar-
ization, from the start of the QRS complex to the end of the T wave.

2.2 Overview of transformers and LLMs

Deep neural network-based approaches have gained significant momentum across a range
of domains, including natural language processing (Gillioz et al. 2020; Tetko et al. 2020),
geoscience (Yaqoob et al. 2024, 2025; Yaqoob et al. 2025a; Dahmani et al. 2025; Yaqoob
et al. 2025b), speech recognition (Dong et al. 2018; Karita et al. 2019), medical imag-
ing (Ansari et al. 2023; Shamshad et al. 2023; Ansari et al. 2024; Li et al. 2023; Ansari
et al. 2022; Akhtar et al. 2021; Ansari et al. 2022; Ansari and Qaraqe 2023), and biomedical
signal analysis (Zhang et al. 2023; Lih et al. 2023; Afsa et al. 2024). Recently, transformer
architecture has been proposed to overcome the design limitations of previous sequence
analysis models such as Recurrent Neural Networks (RNNs) (Salloum and Kuo 2017) and
Long Short-Term Memory networks (LSTMs) (Hou et al. 2019). RNNs/LSTMs lack the
ability to capture long-range dependencies due to issues like vanishing gradients and fixed-
length context, limiting their understanding of how a data point relates to other points in a
long sequence. Furthermore, the sequential nature of these models leads to longer training
times, limiting their efficiency, especially with large datasets. Transformers overcome these
challenges by utilizing self-attention mechanisms that allow for parallel processing of all
elements in a sequence (see Fig. 2 for the schematic architecture of the transformer). This
parallelism addresses the inefficiencies of sequential processing and enables the model to
maintain a more comprehensive contextual understanding across entire sequences. Specific
components that are combined to form the transformer architecture for ECG analysis are
as follows:

2.2.1 Component 1: data embeddings

Transformers were initially developed for natural language processing (NLP) tasks, with
one primary task being predicting the next word in a sequence. However, raw textual data
(e.g., words) cannot be directly processed by the transformer, as it is designed to operate on
numerical inputs. To overcome this challenge, words are represented as a dense vector in a
high-dimensional space (i.e., embeddings) (Takase and Kobayashi 2020). Embeddings are
carefully designed/learned to capture nuance details from the data. For instance, embeddings
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Fig. 2 Design of a transformer-based architecture for ECG analysis and cardiovascular disease prediction

capture semantic similarity with similar words with related meanings positioned closely in
the embedding space. Additionally, advanced embeddings are context-aware, meaning that
the vector representation of words is adjusted based on the surrounding context (e.g., the
words "bank" may have different meanings in the context of river and finance), thus captur-
ing nuanced meanings. In the context of ECG, embeddings are typically learned from ECG
leads through a sequence of convolutional blocks (i.e., representation learning), enabling
the network to learn condensed and meaningful representations of ECG signals for the given
task.

2.2.2 Component 2: positional encoding

Transformers process all data points of a sequence in parallel, which enhances efficiency
and the ability to capture long-range dependencies. However, this parallelism means that
the embeddings lack intrinsic information about the order of the sequence. To address
this, positional encodings are generated and added to the word embeddings, providing the
transformer with the necessary information about the position of each data point within the
sequence (Su et al. 2024). In NLP and ECG diagnosis tasks, it is common to employ posi-
tional embeddings that combine sine and cosine functions. For each position, a positional
encoding vector is generated by applying the sine function to even-numbered dimensions
and the cosine function to odd-numbered dimensions. Additionally, the frequency of the
sine and cosine waves varies with the position in the sequence. Given a fixed position in
the embedding vector, as the position in sequence increases, the frequency increases, thus,
creating a unique pattern for each position. It is crucial to note that positional encodings
have small values relative to the values in the word embeddings, ensuring that the addition
of positional encodings doesn’t overwhelm or dominate the information in the word embed-
dings. Mathematically, the sine-cosine positional encoding can be expressed as:

sin ( pos ) if ¢ is even
A 10000°d
PE(pos,i) = Dok L
cos = if 7 is odd
10000°d

(M
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Here, pos represents the data point position in the sequence, i represents the index within the
embedding vector, and d is the dimensionality of the embeddings. 10000% scales the input
to create distinct and smooth positional encodings across the dimensions.

2.2.3 Component 3: self-attention

The fundamental novelty of the transformer architecture is the self-attention mecha-
nism (Vaswani et al. 2017). Specifically, given a condensed representation of ECG leads,
self-attention computes the relevance of a feature, such as the P-wave amplitude, in relation
to other critical features like the R-peak and T-wave amplitude within the same or across dif-
ferent beats. To achieve this, the model linearly transforms the ECG embeddings into Query
(Q), Key (K), and Value (V) vectors. Mathematically, the vectors are generated as follows:

Q=XWgp, K=XWg, V=XWy 2)

Here, X represents the ECG embeddings. The matrices Wg, W, and Wy, are learnable
weight matrices that project the input embeddings into three distinct spaces to generate
the Q, K, and V matrices. The Query vector represents the feature whose influence or rel-
evance the model seeks to understand (e.g., the P-wave amplitude). The Key vectors encode
related ECG features (e.g., R-peak, T-wave) to determine their relevance to the Query. The
Value vector contains the actual ECG data that is weighted according to the attention scores
derived from the Q-K interactions. Mathematically, the attention scores are computed as:

Attention(Q, K, V) = softmax (QKT> \Y% 3)
o Vi

Here, dj, represents the dimensionality of keys, and /d;, scales the scores to prevent large
scores during training. The resulting weighted sum is a contextually enriched representation
of the initial ECG embeddings that enhances the model’s ability to analyze complex inter-
beat and intra-beat relationships.

2.2.4 Component 4: multi-head attention

Multiple self-attention mechanisms in parallel can allow the transformer model to attend to
different aspects of the ECG signal (Voita et al. 2019). This idea is implemented in trans-
formers using multiple heads (i.e., multi-head self-attention (MHSA)) parallelly. To elabo-
rate, one head can identify the relationships between P-wave features across multiple beats,
which is essential for analyzing atrial activity. Another head could concentrate on the timing
and amplitude of R-peaks, evaluating heart thythm and ventricular depolarization. MHSA
can be implemented by first splitting the Q, K, and V matrices (equation 2) along the embed-
ding dimension, enabling each head to operate on a subspace of these matrices with dimen-
sion di = dimoder/h- Subsequently, each head can compute the attention score from Qj, and
K, and reweigh V}, as shown in equation 3. The heads are then combined to generate the
output. Mathematically, this can be represented as:

Output = Concat(head, heads, . .., heady)Wo ()
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Here, W represents the linear transformation used for generating the output of MHSA.
2.2.5 Component 5: add and norm and feed-forward networks

After the MHSA reweighs the input ECG embeddings, the feature maps go through the
Add&Norm layer. The "Add" component represents a residual connection, allowing the
model to cope with vanishing gradients and dilution of feature information that may occur
during the MHSA transformations. Next, the "Norm" depicts layer normalization which
normalizes the feature map by using the sum across the channel dimension. Layer normal-
ization minimizes the internal covariate shift that may happen during training and speeds up
the convergence of the model. Subsequently, a series of fully connected layers with activa-
tion functions are used to introduce non-linearity to the model. The fully connected layers
are arranged in an inverted bottleneck layout. To elaborate, the first linear layer expands the
dimensionality of the input (e.g., 4 X dmodel), and the second layer reduces it back to the
original size (i.e., dmoder) (Geva et al. 2020). The expansion allows the transformer model
to utilize higher dimensional feature space, enabling the capture of detailed and abstract
features before compressing to the initial embedding space. The Add&Norm process is
repeated after the feature map passes through the fully connected layers.

3 Reviewed methods

This section presents the findings from the surveyed literature, focusing on the role of trans-
formers and LLMs for ECG-based disease classification. The review is organized hierarchi-
cally, beginning with granular abnormal beat detection and rhythm-level analysis within
arrhythmias, then extending to other diseases, such as sleep apnea and CVDs (see Fig. 3 for
a timeline of relevant studies). The section also covers the recent applications of LLMs for
ECG analysis and diagnosis.

3.1 Arrhythmia
3.1.1 Beat classification

Transformer-based architectures have gained prominence in classifying abnormal heart-
beats from ECG signals. Several studies focus exclusively on employing transformers to
process raw ECG signals, leveraging their ability to capture both temporal and spatial fea-
tures through enhancements like convolutional layers and sequential processing units (refer
to Table 1). El-Ghaish and Eldele (2024) present ECGTransForm by integrating a bidi-
rectional transformer (BiTrans) mechanism with multi-scale convolutions and a channel
re-calibration module (CRM). The architecture differs from standard transformer models by
incorporating multi-scale convolutional layers that capture spatial features across different
scales, followed by a CRM that recalibrates channel-wise features to enhance inter-depen-
dencies between channels. The Bidirectional transformer captures temporal dependencies
from both past and future contexts. However, a limitation of the paper is the potential com-
putational complexity introduced by the Bidirectional transformer. Hu et al. (2021) pro-
pose a robust wave-feature adaptive heartbeat classification using transformers. An adaptive
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Fig. 3 Timeline of studies utilizing transformer-based architectures for ECG analysis in various cardio-
vascular conditions, categorized by arrhythmia detection, sleep apnea detection, myocardial infarction
detection, and other cardiovascular conditions

heartbeat segmentation method is proposed, which dynamically adjusts the segmentation
window based on the local RR interval. This modification allows the model to focus on
relevant heartbeat segments within the ECG waveform. The architecture employs a standard
transformer encoder that receives ECG wave features produced by 1D convolutional lay-
ers. However, a limitation of this approach is its reliance on the accuracy of the RR interval
calculation for segmentation; any error in RR interval detection can propagate through the
model. Islam et al. (2024) propose CAT-Net architecture. CAT-Net comprises CNN layers
that capture the morphological features of the ECG signals, while the MHSA refines these
features by reweighing the relevant segments. However, this model’s evaluation on balanced
datasets remains a limitation, as its performance on minority classes is sub-optimal. Busia et
al. (2024) present a novel "Tiny Transformer" model optimized for low-power arrhythmia
classification on microcontrollers, achieving a balance between high accuracy (98.97% on
8-bit quantization) and low computational complexity (requiring only 6,649 parameters and
0.09mJ per inference). The architecture utilizes a standard ViT block modified for 1D ECG
signals with a single standard encoder block. A convolutional embedding stage prepares the
ECG signal patches for processing with ViT. The authors limit the embedding size to 16 and
the number of heads to 8 to minimize computational cost. Despite these innovations, the
model’s dependency on a single MHSA limits its ability to fully capture complex interac-
tions within ECG signals, potentially impacting its generalizability for noisy ECG signals.
Liu et al. (2024) introduce the PSC-Net architecture. PSC-Net uses a modified trans-
former encoder where traditional fully connected layers are replaced with gated recurrent
unit (GRU) layers that improve the model’s ability to handle sequential data by reducing
the risk of information loss across layers. The architecture also includes a unique feature
fusion block that combines local features extracted by the GLNet (a CNN-based mod-
ule) with global features obtained from the transformer encoder. However, a limitation of
this approach is the potential overfitting caused by the extensive use of feature fusion and
weighted residual connections. Lastly, Din et al. (2024) implements a hybrid model that
integrates CNN, LSTM, and transformer in a single architecture. The proposed model capi-
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Table 1 Summary of transformer-based models using raw ECG signals for beat classification

Refer-  Dataset Core Results Remarks
ence methodology
(Year)
El- MIT-BIH (Moody =~ ECGTransForm  Accuracy: Context aware Loss (CAL) addresses
Ghaish  and Mark 2001) 99.35+0.16, the inherent class imbalance in
and + F1 Score: ECG signals by dynamically adjusting
Eldele  PTB (Bousseljot et 94.26+0.28  the weights based on class
(2024)  al. 1995) representation
Islam MIT-BIH (Moody  CAT-Net F1 Score: SMOTE-Tomek was used
et al. and Mark 2001) 99.14% to address class imbalance in
(2024) + the ECG data
INCART (Tiho-
nenko et al. 2007)
Busia MIT-BIH (Moody  Tiny Accuracy: The transformer model, with
et al. and Mark 2001) Transformer 98.97% only 6,000 parameters, can
(2024) classify the five most common
arrhythmia classes
Liu Custom CHD PSC-Net Specificity: A LSTM based network
et al. Dataset 89.93%, (GRWA-LSTM) is utilized for local
(2024) + Sensitivity:  temporal feature extraction
MIT-BIH (Moody 84.06%
and Mark 2001)
+
MIT-BIH ST
Change (Albrecht
1983)
Din MIT-BIH (Moody  Hybrid F1 Score: Fuses features extracted by
et al. and Mark 2001) Transformer 99.34% a CNN, LSTM, and transformer model
(2024) Model to leverage the unique advantages
(HTM) of each
(Chon  MIT-BIH (Moody  Hybrid Specific- Multi-kernel ResNet was used
et al. and Mark 2001) Transformer ity:0.898, to extract fetures, and postion
2023) Model Sensitivity:  embedding based on the heart rate
(HTM) 0.807 was used
Huetal. MIT-BIH (Moody  Custom F1 Score: An adaptive heartbeat segmentation
(2021)  and Mark 2001) Transformer 99.83% method was implemented to electively

focus on the time-dependent

representation

of heartbeats
The table compares models based on dataset usage, core methodologies, performance metrics, and unique
innovations in handling raw ECG data, focusing on how different architectures leverage transformers to
improve classification accuracy and efficiency

talizes on the spatial feature extraction capability of CNNs, the temporal sequence learning
ability of LSTMs, and the long-range dependency capturing strength of transformers. The
transformer component of the model uses 6 MHSA modules. Feature fusion layer merge
outputs from CNN, LSTM, and transformer branches, and classification is done using a
majority voting system. One limitation of this approach is its reliance on three separate
branches, which makes it computationally intensive. Lastly, Chon et al. (2023) integrate a
multi-kernel resNet (MK-ResNet) with a transformer model. The MK-ResNet employs two
different kernel sizes (5 and 11) to capture features at multiple scales. These feature maps
are then fed into a standard transformer architecture. The HRV-based position encoding
within the transformer integrates heart rate variability data directly into the model. This
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structure allows the transformer to recalibrate features extracted from MK-ResNet, leading
to improved classification performance. However, the model’s heavy reliance on pretraining
with external datasets, like icential 1k, can lead to performance degradation when applied to
ECG signals from new, diverse patient populations not represented in the pretraining data.
Several studies have advanced transformer-based ECG beat classification by integrat-
ing additional preprocessing techniques and multimodal data to enhance feature extraction
and address challenges like data imbalance and signal variability (refer to Table 2). Zhu et
al. (2024) employ ICMT-Net, focusing on both ECG and wrist pulse signals. The model
integrates an improved ConvNeXt with a multimodal transformer and MLP fusion layers,
enabling the extraction and fusion of features from both signal modalities. The standard
transformer architecture is modified with batch normalization layers and a convolutional
block attention module. However, ICMT-Net is dependent on a carefully tuned multimodal
fusion strategy, which may not generalize well to other types of physiological signals. Xia

Table 2. Summary of transform- Refer- Dataset Core Result Remarks
er-based models with specialized  epce  information  methodology
preprocessing of ECG signals (Year)

?gflirré“(l}tﬁf;fi}a‘izgég:fog;am’“ Zhu  MIT-BIH  ICMT-Net  Specific- Uses both ECG
et al. (Moody and ity: 98.29, and wrist
(2024) Mark 2001) Sensitiv-  pulse signal
ity: 96.30 (WPS) for a
multimodal
classifier

Xia MIT-BIH TCGAN Accuracy: Generates heart-

et al. (Moody and 94.69%  beat signals per

(2023) Mark 2001) disease type
which are then
added to the
original dataset
to
address the
data-imbalance
problem

Xia MIT-BIH Hybrid Specific-  Local features
et al. (Moody and Transformer ity:99.37, are extracted by
(2023) Mark 2001)  Model Sensitiv-  a denoising
(HTM) ity: 99.91 encoder before
being
passed to a
lightweight
transformer
Guan  MIT-BIH LDTF Speci- The low-dimen-
etal.  (Moody and ficity: sional denoising
(2021) Mark 2001) 98.39%,  embedding
Sensi- (LDE) captures
tivity: low
98.41% dimensional
representa-
tion of

The table compares models the signal in the
based on dataset usage, core tlme-f_requegcy
methodologies, performance domain, retain-
metrics, and innovations ing the signals
in preprocessing and data Femporal.
integration techniques information
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et al. (2023) presents a transformer and convolution-based generative adversarial network
(TCGAN) for addressing the class imbalance problem in abnormal beat classification. The
transformer encoder is modified by incorporating two-stage upsampling to enhance the res-
olution of generated ECG signals. The discriminator remains a conventional CNN, focusing
on local feature extraction to differentiate between real and synthetic data. These modifica-
tions allow the model to generate high-quality ECG signals that closely resemble real data.
However, the reliance on fixed-length input sequences may reduce the model’s generaliz-
ability to ECG signals of varying lengths. Xia et al. (2023) introduce a novel seq2seq model
that combines a lightweight transformer with CNN and denoising autoencoder (DAE)
embeddings to improve inter-patient ECG arrhythmia classification. The CNN and DAE
modules extract ECG wave features from individual heartbeats that are merged with manu-
ally extracted R-R features. Combined features with positional encoding are passed through
a transformer encoder for capturing global dependencies. This approach leads to improved
performance, particularly in minority classes. However, a limitation of the proposed model
is its reliance on the pre-training of the DAE using external datasets, which introduces a
dependency on data not inherent to the target domain. Lastly, Guan et al. (2021) implement
a low-dimensional denoising embedding transformer (LDTF) for abnormal beat classifi-
cation. The low-dimensional denoising embedding (LDE) stage combines features from
both time and frequency domains using discrete wavelet transform (DWT) and fast Fourier
transform (FFT). This LDE is integrated with a transformer architecture, which includes 8
standard transformer encoder layers. The blocks are strategically placed to maximize the
extraction of both time-domain and frequency-domain features, enhancing the model’s abil-
ity to classify arrhythmias. However, a shortcoming of this approach is its dependence on
hand-crafted feature extraction techniques like DWT and FFT.

A few works have introduced innovations in attention mechanisms within transformers,
developing modified or novel strategies to improve the accuracy of ECG beat classification
(refer to Table 3). Meng et al. (2022) present a lightweight fussing transformer model where
standard self-attention is replaced with a lightConv attention (LCA) mechanism to reduce
the model’s complexity while maintaining performance. The architecture incorporates a
CNN-based input embedding structure, which extracts intra-heartbeat features using local
attention mechanisms. The LCA reduces parameters by 72% compared to self-attention,
improving efficiency without hampering accuracy. However, a critical limitation of this
approach is its reliance on handcrafted convolutional structures. Tao et al. (2024) introduce
a refined transformer model arrhythmia beat detection. The model uses two specialized
attention mechanisms: refined diagonal attention and refined gated linear (GAL) attention.
These mechanisms reduce the computational burden by selectively focusing on critical cor-
relations between heartbeats, thus maintaining the essential temporal and morphological
information needed for arrhythmia detection. The attention blocks are placed within a col-
laborative framework that processes both rhythmic and beat arrhythmia. This placement also
accelerates model convergence by approximately 50% compared to other models. However,
the model’s reliance on predefined rhythm and heartbeat segmentation may restrict its abil-
ity to generalize to unsegmented ECG datasets. Wu et al. (2024) present the SRT model, a
CNN-Transformer with a dilated stem module, and the spatial and channel residual gated
attention (SC-RGA) modules for classifying 2D heartbeat images. The dilated stem module
is placed at the input stage to expand the receptive field without losing spatial resolution.
The SC-RGA module is placed after the MHSA layer to enhance the focus on critical spatial
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Table 3 Summary of transformer-based architectures employing novel attention mechanisms for ECG beat

classification
Refer-  Dataset information  Core Result Remarks
ence methodology
(Year)
Tao MIT-BIH (Moody  Refined-attention Specificity: Two transformer models share
etal. and Mark 2001) transformer 95.22%, rhythm information through a
(2024) model Sensitivity: "collaborative block" that facilitates
97.50% interaction between them
Wu MIT-BIH (Moody Hybrid Accuracy: Model’s performance was improved
etal. and Mark 2001) Transformer 95.7%, by expanding the transformer’s
(2024) Model Sensitivity: receptive field and extracting
(HTM) 0.881, features
F1 Score: 0.826 from multiple subspaces using the
SC-RGA attention mechanism
Wang  MIT-BIH (Moody ACA-MA Accuracy: A linear projection layer is used
etal. and Mark 2001) Transformer 96.61%, to capture the semantic features
(2023) Specificity: of ECG signals by aligning ECG
(2023) 99.31%, tags
Sensitivity: with their corresponding
93.27% segmented signals
Meng  Custom Dataset Lightweight Specificity: LightConv Attention (LCA) is
et al. (10 dynamic single  Fussing 0.9975, Sensi-  a replacement for traditional
(2022) lead Transformer tivity: 0.9984 self-attention
(2022) ECG recordings, in transformers, offering compa-
collected rable or superior performance while
using a unified utilizing
wearable fewer parameters
ECG device,
sampling frequency:
400Hz,

duration: 24 h)

The table compares various models in terms of dataset usage, core methodologies, performance metrics,
and unique innovations in attention mechanisms

and channel-wise features. However, a critical limitation of this approach is its reliance on
the spatial configuration of 2D ECG images. Lastly, Wang et al. (2023) propose a novel
MHSA, termed ACA-MA for transformer models for ECG beat classification. ACA-MA
utilizes a linear projection layer to extract semantic features from ECG signals. Moreover,
a position encoding-based spatiotemporal characterization method is used to integrate time
series information into a matrix format, and a MHSA to capture global contextual informa-
tion. However, a critical limitation of this model is its dependency on carefully engineered
position encoding, which may not adapt well to variations in ECG signals.

3.1.2 Rhythm classification

Transformer-based architectures have been popular in identifying irregular cardiac rhythms
from ECG signals (refer to Table 4). Wang et al. (2021) introduce a heartbeat-aware trans-
former (HAT) that incorporates heartbeat position attention within the transformer block.
The architecture features a convolutional backbone that processes ECG to extract ECG
features. Subsequently, the model employs heartbeat-aware transformer blocks to incor-
porate heartbeat positions into the standard self-attention process. However, the model is
limited to short ECG inputs (8 s), potentially missing long-term temporal patterns essential
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for accurate arrhythmia classification. Similarly, Yang et al. (2022) propose a component-
aware transformer (CAT) that first decomposes ECG waveforms into components like the
P-wave, QRS-complex, and T-wave using a 1D U-net-based segmentation model. These
components are then converted into tokens that include information about their length and
type, allowing the model to capture detailed characteristics of each waveform segment.
This approach enhances the model’s ability to analyze both single-lead and multi-lead ECG
signals. However, the model heavily depends on the accuracy of the ECG segmentation,
which was trained on a small dataset (LUDB(Kalyakulina et al. 2020) with only 200 cases),
potentially limiting its generalizability.

Several works attempt to enhance traditional transformer architectures with residual and
convolutional techniques. Pratiher et al. (2022) present an enhanced vision transformer
(ViT) by introducing dilated convolutional and residual connections. The ECG signals are
transformed into time-frequency representations (TFRs) using continuous wavelet trans-
form (CWT), short-time fourier transform (STFT), and chirplet transform (CT). These TFRs
are then stacked and used as input to the ViT for AF detection. The dilated convolutional
stem expands the receptive field for multi-scale feature extraction without loss of resolution.
Subsequently, eight transformer layers, with an MHSA mechanism are employed. Residual
connections are integrated throughout to improve training stability and aid convergence.
However, the model’s reliance on time-frequency representations (TFRs) may limit its
adaptability to raw ECG data, and its performance across different arrhythmia types remains
underexplored. Che et al. (2021) propose a transformer architecture that is embedded within
a CNN framework. Specifically, the architecture includes 8 standard transformer blocks
with MHSA. Performance is enhanced by using a novel link constraint loss function that
clusters embedding vectors of the same class closer together, improving the model’s abil-
ity to differentiate between classes and mitigating the effects of data imbalance. This link
constraint improves feature consistency and classification accuracy, but it adds significant
computational costs due to the complexity, making it impractical for resource-constrained
environments like portable ECG devices.

Lastly, some studies have focused on leveraging self-supervised learning and multi-scale
attention mechanisms. Zou et al. (2023) employ a CNN-Transformer architecture for AF
detection, with a core novelty centered around a self-supervised learning approach. The
architecture employs a standard transformer consisting of three blocks with MHSA, follow-
ing a four-block CNN backbone for initial feature extraction. The self-supervised learning
approach involves a "next clip" prediction task, where the model is pre-trained to predict the
next segment of an ECG signal based on the previous interval, enabling it to learn temporal
features critical for AF detection. However, like Wang et al. (2021), the model is limited to
short ECG inputs (10 s) potentially missing long-term temporal patterns. In another work, Ji
et al. (2024) present a transformer architecture that combines multi-scale grid attention with
self-attention mechanisms to effectively capture both spatial and temporal features of ECG
signals. The model first divides the 12-lead ECG into limb and chest leads, subsequently
using self-attention to fuse features from these lead subsets. Next, the multi-scale grid atten-
tion mechanism dynamically adjust grid sizes to extract temporal features at various scales,
enabling the model to capture both local and global patterns in the ECG data. However,
this integration of multi-scale grid and self-attention mechanisms introduces significant
computational complexity, which may reduce the model’s practicality for computationally-
constrained environments.
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Table 4 Overview of recent advancements for rhythm classification using ECG signals

Refer- Dataset Core Result Remarks
ence methodology
(Year)
Jietal. CPSC2018 Multi-Scale Grid F1 Score: 0.86, Spatial features captured from
(2024) (Alday et al. Transformer Sensitivity: 97.13%, limb and chest leads are used
2020) (MSGformer) Specificity: 97.87%, by a multi-scale grid attention
+ Accuracy: 99.28% mechanismto capture temporal
MIT-BIH features
(Moody and
Mark 2001)
(Zou CPSC 2018 Self supervised ~ Sensitivity: 0.84 + 0.01, The model only accepted
et al. (Alday et al. learning Specificity: 0.84 + 0.01 10-second
2023)  2020) witha ECG recordings and showed
CNNTransformer lowered
architecture classification upon pre-training
Prati- PCC 2017 Dilated Residual Sensitivity: 98.05%, The standard patchify stem
her (Clifford etal.  ViT Specificity: 98.16% of the ViT is replaced with
et al. 2017) (DiResViT) dilated
(2022) + convolutional stem with
PCC 2021 residual
(Reyna et al. connections for improved
2021) detection
Yang  Shaoxing Component- F1 Score: 81.53—85.13%, The ECG waveform is
et al. Hospital Aware AUC: 0.9767—0.9823 decomposed
(2022) ZhejiangUni- Transformer into components, which are
versity (CAT) vectorized
School of into a single vector with length
Medicine and
database type information, and used
(Zheng et al. as the
2022) transformer’s input
Wang  Custom Dataset Heartbeat-Aware F1 Score: 0.9628 Introduces Heartbeat Position
et al. (multi-lead Transformer Attention
(2021) ECGrecords (HAT) which heartbeat positions into
of over encoder-decoder attention
200,000
patients
from200+
hospitals.
(sampling freq
250 Hz,
leads = 4)
Che CPSC 2018 Transformer F1 Score: 0.786 The quality of feature
etal. (Alday et al. merged embeddings
(2021) 2020) CNN was enhanced using link
architecture constraints

that enforced similar data items
to have closely aligned features
(Must-link) and different items
to have

distinctly separate features
(No-link)
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3.2 Sleep apnea

Several studies have focused on employing transformers to improve the detection of
obstructive sleep apnea (OSA) from ECG signals (refer to Table 5). Hu et al. (2022) pres-
ent a hybrid transformer model (HTM) for OSA detection using single-lead ECG signals.
The model introduces a multiperspective channel attention (MPCA) block to automatically
derive and fuse features from raw ECG sequences, R-peak amplitude, interbeat (RR) inter-
val, and RR interval first-order difference. The MPCA block employs three parallel two-
layer convolutional networks with varying kernel sizes to capture multiperspective features.
Additionally, a squeeze-and-excitation (SE) block is integrated to adaptively focus on the
most relevant features. These features along with positional encodings are fed into trans-
former blocks to capture long-range dependency in features. While this architecture reduces
complexity by using automatically derived features, the selected features might oversim-
plify the ECG’s complex, nonlinear characteristics, potentially limiting the model’s ability
to capture subtle OSA-related patterns. Similarily, Wei et al. (2024) introduce the MSAF-
Transformer, a multi-scale attentive feature network for OSA prediction using single-lead
ECG signals. First, the network extracts features from raw ECG signals with CNNs of vary-
ing kernel sizes. Next, the extracted features pass through an attention channel compression
module that performs point-to-point convolution to reduce the number of feature channels.
This decreases the overall network parameters and computational complexity. Additionally,
SE blocks are employed to mitigate the impact of compression and enhance feature expres-
sion, while the transformer’s self-attention mechanism captures long-distance dependen-
cies to improve OSA detection. However, the model’s reliance on pre-defined multi-scale
convolutional kernels may not fully adapt to the varying temporal dynamics and feature
scales present in ECG signals. Liu et al. (2023) propose a CNN-Transformer architecture
for OSA detection using single-lead ECG signals. The architecture uses 10 CNN-BN-ReLU
blocks for dimensional transformation, followed by 2 transformer encoder blocks designed
to capture temporal dependencies through self-attention. The encoder blocks employ
MHSA, focusing on global feature extraction. This hybrid approach allows for robust fea-
ture learning and classification, yet the reliance on a fixed 3-minute input window may limit
adaptability to varying apnea event durations, potentially reducing detection accuracy for
events longer than this window. Hu et al. (2023) present a HTM-based personalized transfer
learning approach for OSA detection. The HTM architecture captures multiscale features
with four parallel convolution branches and utilizes channel attention through SE modules.
These features are then processed by two standard transformer blocks to capture temporal
dependencies and enhance sleep apnea detection. The model also introduces a label map-
ping length (LML) selection strategy, which involves experimenting with different time
windows for mapping signal segments to enhance the model’s focus on relevant features
during training. Additionally, the fine-tuning strategy is employed to adjust the model’s
parameters to individual patient data, ensuring better personalization of the model’s predic-
tions. However, the reliance on SE modules may lead to overemphasizing certain signal fea-
tures, potentially missing subtle indicators critical for accurate apnea detection. Lastly, Li
et al. (2023) propose a time-frequency information fusion-based CNN-Transformer model
(TFFormer) for OSA detection using single-lead ECG signals. Unlike standard transformer
architectures, the TFFormer introduces a series of specialized modules, including a deep
residual shrinkage network (DRSN) for noise reduction, a multiscale convolutional atten-
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Table 5 Overview of recent advancements in Sleep Apnea (SA) detection using ECG signals

Refer- Dataset Core methodology Result Remarks
ence
(Year)
Wang  Apnea- ResT-ECGAN Sensitivity: 0.957,  Addresses the lack of data,
et al. ECG(Penzel et Specificity: 0.917  and low data quality by
(2024) al. 2000) augmenting
+ the data with a GAN network
Private Database
(PSG record-
ings of
49 males and 13
femailes,
sampling freq:
256 Hz)
Wei Apnea- MSAF-Transformer  Accuracy: 88.9%,  Proposes a mutil-scale attentive
et al. ECG(Penzel et Sensitivity: 0.844,  feature network to extract rich
(2024) al. 2000) Specificity: 0.917  local and temporal features from
single-lead ECG signals
Hu Apnea-ECG Hybrid Transformer ~ Accuracy: 85.4%, Model performance improved
et al. (Penzel et al. Model AUC: 0915 when the dataset was balanced
(2023) 2000) (HTM) using a random cropping
+ strategy
UCDDB
(Heneghan
2011)
Lietal. Apnea-ECG TFFormer Accuracy: 91.68%, Propose a gated self-attention
(2023) (Penzel et al. Sensitivity: mechanism for time-frequency
2000) 89.15%, information and ECG data
+ Specificity: fusion
XJ Dataset (Shi 93.25%,
et al. 2023) F1 Score: 89.11%
Fayyaz NHC Sleep Custom F1 Score: 83.9, The model demonstrated the
et al. Data Bank (Lee  Transformer ROC-AUC: 90.6 highest
(2023) etal.2022) apnea classification performance
+ when using the combination of
CHAT (Redline ECG and SpO2 signals,
etal. 2011) outperforming
all other combinations of the
six available PSG signals
Liu Apnea-ECG CNNTransformer Accuracy: 88.2%,  Provides a promising and
et al. (Penzel et al. Sensitivity: 78.5%, reliable
(2023) 2000) specificity: 94.1 %, solution for home portable
F1 Score: 89.0, detection
AUC: 0.947 of OSA
Hu Apnea-ECG Hybrid Transformer  Accuracy: 91%, The model inputs are four typi-
et al. (Penzel et al. Model ROC-AUC: 0.96, cal feature
(2022)  2000) (HTM) Specificity: sequences are directly derived
93.34%, from
Sensitivity: the raw ECG data without rely-
86.46%, ing on
F1 Score: 87.47, manual expert feature extraction
MAE: 2.71,
MCC: 79.86

@ Springer



A survey of transformers and large language models for ECG diagnosis:... Page 19 of 42 261

tion (MSCA) module for rich feature extraction, and an adaptive pruning time-frequency
fusion attention (APTFFA) module. The time-frequency information fusion is achieved
by separately extracting time-domain and frequency-domain features using self-attention
mechanisms and then merging these through a gated mechanism that balances the contribu-
tion of each domain. These modifications enhance the model’s ability to remove redundant
tokens, effectively combining time- and frequency-domain information for more accurate
OSA detection. However, a critical limitation of this approach is its dependency on the fixed
scaling of time- and frequency-domain features, which may restrict the model’s adaptability
to variations in signal characteristics across different patient populations.

Some studies have focused on data augmentation techniques and data-fusion based
architectures to improve model performance. Fayyaz et al. (2023) present a customized
transformer-based architecture for detecting OSA, utilizing a novel data representation tech-
nique to effectively handle polysomnography (PSG) modalities. The model segments sleep
signals and electronic health records (EHRs) into equal-length segments, which are then
synchronized and tokenized. The tokenizer re-samples evenly spaced time series (like ECG
and Sp02) and applies interpolation to irregular time series (like R-R intervals from ECG).
This processed data is converted into tokens that are fed into a standard transformer encoder
block for further analysis. The architecture utilizes five standard transformer encoder blocks
for the detection of OSA. However, the model’s reliance on PSG-derived signals may reduce
its effectiveness in at-home testing scenarios where signal quality is typically lower. Wang
et al. (2024) propose a ResT-ECGAN framework for OSA detection, introducing a novel
combination of a transformer and ResNet, along with a GAN-based data augmentation tech-
nique (ECGAN). ECGAN is trained on combined architectures of DCGAN and LSTMs and
it filters the generated ECG signals by incorporating the concept of fuzziness, effectively
increasing the amount of high-quality data. The core architecture, ResT-Net (Li et al. 2018),
uses a modified ResNet backbone, where standard 3x3 convolutions are replaced with 1D
convolutions to reduce computational complexity, followed by a transformer encoder layer
to capture dependencies between local and global features. The integration of the ECGAN
for data augmentation boosts the model’s performance by generating high-quality synthetic
ECG segments, addressing the data scarcity issue. However, the reliance on synthetic data
may introduce subtle artifacts that could impact the generalization of the model to real-
world data.

3.3 Myocardial infarction

Transformer-based models have emerged as powerful tools in the detection of myocar-
dial infarction (MI) using ECG signals (refer to Table 6). Shan et al. (2022) presents a
hybrid network designed for MI localization using 12-lead ECG signals, combining the
strengths of convolutional and transformer architectures. The core innovation lies in inte-
grating lightweight depthwise separable convolutions, which reduce computational load,
with an enhanced transformer that uses relative position representations. This enhancement
overcomes the traditional transformer’s limitation of losing accuracy when dealing with
shifted ECG waveforms, thereby making the self-attention mechanism more robust for ECG
analysis. The transformer block, positioned after the CNN module, fine-tunes the extracted
features by focusing on the most critical regions, while the branch attention mechanism
prioritizes the most informative ECG leads, improving the overall localization accuracy.
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However, the model’s separate processing of each ECG lead may miss crucial inter-lead
relationships and dependencies, limiting its adaptability and accuracy in real-world sce-
narios with varied lead placements or signal abnormalities. Wahid et al. (2024) implements
a hybrid model combining ResNet and ViT architectures to improve MI detection by lever-
aging both global and local features. The core novelty is found in the modification of the
standard ViT, where a slim model incorporates multibranch networks and a channel atten-
tion mechanism. This modification involved replacing the conventional 16x 16 convolution
for patch embedding with a series of smaller convolutions, enhancing the richness of the
extracted features. The hybrid architecture strategically places these blocks to optimize the
integration of ResNet’s local features with ViT’s global features, leading to a more compre-
hensive feature representation. However, the reliance on standard dense layers for feature
alignment between ResNet and ViT can potentially lead to suboptimal feature integration
due to the inherent differences in the feature extraction processes of the two models.

ResNet-based architectures continue to play a crucial role in ECG classification, par-
ticularly in enhancing model performance and convergence. Zhang et al. (2023) introduce
MSFNet, a model that leverages a multi-stage architecture, combining ResNet-18 and trans-
former Encoder blocks to improve MI classification from ECG signals. The architecture
improves upon standard ResNet by introducing weight sharing, accelerating convergence,
and boosting performance. A streamlined 6-layer transformer block refines feature extrac-
tion while minimizing parameters and training time. The Position Attention Module (PAM)
highlights and localizes key ECG segments by aggregating spatial features and assigning
higher attention weights to abnormal areas, thereby improving classification accuracy.
However, the potential loss of subtle inter-lead relationships in ECG signals due to the
architecture’s reliance on separate processing branches, may lead to less accurate MI local-
ization in complex cases.

Table 6 Overview of recent advancements in myocardial infarction (MI) detection using ECG signals

Refer- Dataset Core Result Remarks

ence information methodology

(Year)

Liuetal. PTB (Bousseljot =~ SRTNet Sensitivity: 99.15%, ECG diagnosis by integrating
(2024)  etal. 1995) Specificity: 98.58%  scanning,

reading, and thinking modules
to mimic a doctor’s analysis

Wahid  Custom Dataset Hybrid Specificity: 0.96, Fuses ResNet and ViT
et al. (1500 cases, Transformer Sensitivity: 0.94 feature vectors to create a
(2024)  of different Model robust representative
types ofMI) (HTM) feature vector
Zhang  PTB-XL (Wagner MSFNet Sensitivity: 52.14%, Uses a modified ResNet
etal. et al. 2020) Specificity: 77.52%, architecture
(2023) F1 Score: 53.89% with weights sharing to speed
up model convergence
Shan PTB (Bousseljot ~ Mobi-Trans Specificity: 99.91%, Designed a 12-lead ECG signal
etal. et al. 1995) Sensitivity: 99.91%  acquisitiondevice with Wi-Fi
(2022) Transmission for remote
monitoring
Liuetal. MITNSR (Gold- ECVT-Net Specificity: 99.96%, Inter-patient and intra-patient
(2022)  berger et al. 2000) Sensitivity: 99.96%  evaluations were conducted,
+ along with anti-noise testing
BIDMC (Pimentel using ECGs of varying quality
etal. 2016) to assess model robustness
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Custom network architectures offer specialized solutions for MI detection, enhancing the
diagnostic capabilities of ECG-based systems. Liu et al. (2024) presents a novel architec-
ture named SRTNet, designed for MI detection and localization using 12-lead ECG signals.
The core novelty lies in the integration of three specialized modules-Scanning, Reading,
and Thinking-each addressing different aspects of ECG analysis. The architecture signifi-
cantly modifies standard transformer elements by incorporating large-kernel convolutions
in the Scanning module and grouped convolutions in the Reading module, enhancing fea-
ture extraction and reducing parameter count. The Thinking module uses a simplified trans-
former to extract temporal features, strategically positioned after spatial feature extraction
to capture comprehensive ECG information. However, a limitation of this approach is the
underperformance in MI localization tasks, likely due to the insufficient and imbalanced
data used for training, which hinders the model’s ability to generalize effectively across dif-
ferent MI types. Liu et al. (2022) introduces ECVT-Net, a novel architecture that integrates
CNNs with ViTs for detecting congestive heart failure (CHF) using ECG signals. The core
novelty of this work is the combination of the local feature extraction capabilities of CNNs
with the global dependency modeling of ViTs. Unlike standard ViT models, the model has
a transition block that splits the CNN-derived feature maps into fixed-size sequences and
applies a linear transformation before feeding them into the ViT. This modification enhances
the model’s ability to capture both short-term and long-term dependencies in the ECG sig-
nals. Standard transformer blocks are strategically placed after the convolutional layers to
optimize the integration of local and global features. However, the paper lacks investigation
into the interpretability of the model, particularly in understanding how the transformer lay-
ers contribute to decision-making, which is essential for clinical applications.

3.4 Miscellaneous diagnosis and analysis

Several studies have addressed the task of leveraging transformers for comprehensive CVD
diagnosis (refer to Table 7). Vaid et al. (2023) introduce HeartBEiT, a ViT-based designed
to enhance the diagnostic performance of ECGs, with the application being the detection of
cardiac conditions such as hypertrophic cardiomyopathy (HCM), low left ventricular ejec-
tion fraction (EF), and ST-elevation MI. The core novelty lies in its use of masked image
modeling (MIM) for pre-training on ECG data, which allows the model to learn from vast
amounts of unlabeled ECGs by treating ECG waveforms as 2D images. The standard ViT
architecture is modified by converting ECG signals into 14x14 patches, tokenized using the
Dall-E model. These modifications significantly improve diagnostic accuracy, particularly
in limited-data scenarios. However, the model relies on accurate patch tokenization; any
inaccuracies in this process could impair the model’s ability to detect subtle diagnostic fea-
tures. Similarly, Fu et al. (2024) propose CardioGPT, a novel approach for ECG interpreta-
tion that integrates a wavelet scattering network having a transformer-based architecture,
designed to generate natural language interpretations of ECGs. The core novelty lies in
adapting the GPT architecture, traditionally used for text, to interpret 12-lead ECG signals
by treating them as a sequence of vectors. The architecture uses standard transformer blocks
specifically adapted to handle the 3D input variables generated by the wavelet scattering
transformation. A limitation of the model is its dependency on the accuracy of wavelet scat-
tering for feature extraction, which may affect its performance in cases of noise or signal
distortion.
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Table 7 Overview of recent transformer-based methodologies for detection of various cardiovascular condi-

tions using ECG signals

Refer- Application Dataset Core Result Remarks
ence methodology
(Year)
Fu Natural Private Dataset CardioGPT BLEU: 0.68,  The model builds on the
etal.  language (1,128,553 ECG ROUGE: 0.78 ContrastiveLanguage
(2024) interpreta- readings -Image Pretraining
tions of from 754,920 (CLIP) model developed
ECG patients, by OpenAl
10 sec, 12 channel,
sampling rate: 500
Hz)
Vaid Cardiac MSHS HeartBEiT MI Detection ~ The model was
etal. condition ECG AUROC:0.94, pre-trained
(2023) diagnosis  dataset HCM on over 8.5 million
(private) (Vaid et al. AUROC: 0.92, ECGs showing
2023) EF: 0.93 capablities to detect
various
cardiac diseases
Wang Coronary  PTB (Bousseljotet MF-CADNet Sensitivity: The mode incorporates
et al. Artery al. 1995) 97.74%, information from ECG,
(2023) Disease + Specificity: Spectrogram,
Detection ~ PKUSZ Diagnostic 95.83% Vectrocardiogram (VCG)
(CAD) CAD Database and
(private) (Wang et electronic medical
al. 2023) records
(EMR) to make accurate
detection of CAD
Ryu Left Private Dataset CoAt-Mixer Mean Constructed a learning
etal.  Ventricular (34,302 subjects sensitivity environment wherein the
(2023) Hypertro-  [19,044 male 78.37%, gender differences
phy 15,258 female Mean were leveraged to better
(LVH) subjects], Specificity classify LVH
over 31 days, 74.04%
12-lead,
10sec long ECG,
sampling rate:500
Hz)
Behi-  Stress WESAD (Schmidt  Hybrid Accuracy: The model is an
naein  Detection  etal. 2018) Transformer 91.1%, end-to-end
etal. + Model F1 Score: 83.3 network comprising three
(2021) SWELL-KW (HTM) subnetworks, a
(Koldijk et al. convolutional
2014) subnetwork, a transformer

encoder, and a fully
connected (FC)
subnetwork

Recent advancements in transformer-based models have shown significant promise in the
detection of CVDs by effectively leveraging multi-modal medical data. Wang et al. (2023)
present MF-CADNet, a transformer-based multi-feature fusion network designed for the
detection of coronary artery disease (CAD) using a combination of ECG, vectrocardiogram
(VCG), spectrograms, and electronic medical records (EMR). The core novelty of the work
lies in its integration of multiple data modalities with SeResNet modules handling initial
feature extraction and a transformer encoder performing inter-module information fusion.
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The transformer architecture in MF-CADNet uses standard MHSA, but these are strate-
gically placed to combine and extract high-dimensional features from the various input
modalities, enhancing the model’s diagnostic accuracy. However, the model is dependent
on the accuracy of the VCG generation from ECG; as any inaccuracies in this conversion
process could negatively impact the overall diagnostic performance. Similarily, Ryu et al.
(2023) presents CoAt-Mixer, a self-attention-based framework designed for the detection
of left ventricle hypertrophy (LVH) using ECG. The core novelty of the work lies in uti-
lizing a hybrid model that integrates MBConv blocks with a CBAM attention module for
feature extraction, followed by transformer blocks for capturing long-range dependencies.
The modifications, such as replacing the SE module with the CBAM module, help improve
the attention mechanism within the convolutional process, enhancing the model’s ability
to focus on relevant ECG features. A limitation of this approach is the potential oversim-
plification in handling complex ECG variations, as the model heavily relies on predefined
convolutional operations, which might not fully capture subtle yet clinically significant vari-
ations in ECG signals. Behinaein et al. (2021) employs a transformer-based architecture for
stress detection using ECG signals. The convolutional blocks are specifically tasked with
extracting spatio-temporal features, which are then enhanced by positional encoding before
being fed into the transformer. The architecture uses standard transformer blocks, includ-
ing MHSA. However, the model’s dependency on fine-tuning with subject-specific data to
achieve competitive performance may limit its scalability in real-world applications where
individual calibration is not feasible.

3.5 LLMs for ECG analysis

LLMs have been gaining traction for ECG analysis and diagnosis due to their sophisti-
cated understanding of natural language, enabling them to merge knowledge from multiple
sources and expertly interpret ECGs (refer to Table 8). Yu et al. (2023) proposed a zero-shot
retrieval-augmented diagnosis technique for diagnosing arrhythmia and sleep apnea. The
first stage involves the construction of a vector database of ECG diagnosis books, which
is used to retrieve relevant diagnostic information based on extracted ECG features (i.e.,
diagnostic guidance). The diagnostic information is combined with feature prompts and
fed into LLMs (i.e., LLaMA2 and GPT—3.5) to generate a structured diagnostic output and
explanations. One key limitation of this work is that the diagnostic capability of the LLMs
is constrained by the information derived from ECG textbooks and the handcrafted ECG
features available in open-source databases. Oh et al. (2024) present ECG-QA for training
and fine-tuning LLMs for ECG analysis. The dataset includes 70 distinct question-answer-
ing templates that can be categorized into two main types: 1) query a single ECG and 2)
comparative analysis between two different ECGs. The single ECG questions encompass a
wide range of attributes, including SCP codes (e.g., identifying first-degree AV block), noise
types (e.g., baseline drift or static noise), stages of infarction, detection of extrasystoles,
heart axis deviations, and numeric features such as RR interval deviations. The comparative
questions, on the other hand, focus on differences between two ECGs, such as resolving
symptoms, comparing RR intervals, and other diagnostic changes, facilitating a deeper and
more comprehensive ECG analysis. Xu et al. (2024) explore the idea of LLMs interacting
with IoT sensors and actuators, termed "Penetrative AI". The acquired ECG data is down-
sampled and quantized before being fed to LLM (i.e., ChatGPT), which is guided by a fixed
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Table 8 Overview of LLM-based methodologies for ECG-based diagnosis and report generation

Refer- Application Dataset Core Result Remarks
ence methodology
(Year)
Oh ECG question ~ ECG-QA (Ohet Diverse Test exact match ECG-QA includes
etal.  answering al. 2023) collection accuracy: questions
(2024) dataset of questions single-verity: 76% for comparative
for LLMs relevant single-choose: analysis
for ECG 58.2% of two different
analysis single-query: 40.0 ECGs
Xu Explore LLMs  MIT- Utilize LLMs MAE (beats/min): LLMs are capable
etal.  ability to BIH (Moody for analyzing ChatGPT-4 with of analyzing ECG
(2024) interact and Mark 2001) down sampled  expert knowledge: waveform changes
with IoT sensor & 1.92 (e.g., heartbeat)
data from
raw downsampled
ECG signals
Yu Arrhythmia and CSN (Zheng Fuse clinically ~ Arrhythmia AUC: Clinically enhanced
etal.  ECG-based et al. 2020) enhanced ECG  93.9 description
(2024) subject MIMIC-IV- description with User-based of ECG signal im-
detection ECG (Gow et ECG waveform identification prove understanding
al. 2023) feature for ECG  AUC: 0.97 of deep learning
PTB-XL (Wag- analysis (PTB-XL) models enabling
ner et al. 2020)  and diagnosis better diagnosis than
standard self-
supervised
methodologies
Wan ECG report MIMIC-IV- Multimodal BLEU-1 Instruction tuning
etal.  generation ECG (Gowet  ECG Instruction performance: significantly
(2024) with LLMs and al. 2023) Tuning (MEIT) Mistral-Instruc: improves perfor-
multimodal PTB-XL (Wag- framework 0.714 mance across
instructions ner et al. 2020) (MIMIC-IV-ECG) all LLMs and
LLaMA-2: 0.515  metrics
(PTB-XL)
Liu ECG MIMIC- Multi- Linear Probing Enhancing prompts
etal.  Self-supervised ECG (Gow et modal ECG (100%) results: with clinical
(2024) Learning al. 2023) Representation  PTB-XL Super: knowledge is crucial
(eSSL) PTB-XL (Wag- Learning 88.67 for MERL
ner et al. 2020) (MERL) PTB-XL Sub: outperforming other
CPSC2018 (Liu framework 84.72 eSSL approaches
et al. 2018) with Clinical PTB-XL Form:
CSN (Zheng Knowledge 79.65
et al. 2020) Enhanced PTB-XL Rhythm:
Prompt 88.34
Engineering CPSC2018: 90.57
(CKEPE) CSN: 87.95
Chen  Heart failure UK-HYP (Sud- ECG dual C-index scores: LLM-informed pre-
etal.  risk low et al. 2015)  attention UKB-HYP: training is curcial
(2024) prediction UK-MI (Sudlow network 0.6349, for risk prediction
etal. 2015) (ECG-DAN) UKB-MI: 0.5805
Yu Zero-shot PTB- LLM-based Accuracy: 75.7 Proposed zero-shot
etal.  arrhythmia XL(Strodthoff ~ ECG diagnosis Macro Sensitivity: approach
(2023) and sleep apnea et al. 2023) supported by 79.1 outperforms few-
diagnosis + ECG Macro Specificity:  shot approches
Apnea-ECG- retrieval-aug- 61.6 and achieves com-
Penzel et al. mented QA Macro F1: 66.9 petitive performance
(2000) to supervised learn-

ing methods
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prompt to identify R-peaks. The prompt encodes expert knowledge and directs ChatGPT
to evaluate the ECG sequence, tasking it to identify significant upward trends in ECG and
select the highest points as R-peaks. This method illustrates the potential of LLMs to handle
real-time ECG signal processing tasks, such as ECG feature detection and segmentation,
within IoT frameworks. One key shortcoming of this work is that it is confined to detect-
ing basic ECG features and does not extend to identifying more complex patterns, such
as arrhythmias. Yu et al. (2024) learn enhanced ECG representations using a multimodal
contrastive pertaining framework. Two core components of this framework include cardio
query assistant (CQA) and ECG semantic intergator (ESI). First, CQA constructs a vector
database of ECG-specific knowledge. When CQA is queried with specific ECG conditions is
utilizes LLMs to retrieve relevant information, mapping ECG conditions to enriched wave-
form patterns. Next, the ESI component integrates enhanced ECG explanation (i.e., textual
prompts) with corresponding ECG signals using a dual-encoder architecture that separately
processes text and ECG signals. subsequently, a cross-modality decoder is employed cap-
tioning and contrastive losses to align and unify the textual and waveform representations,
enabling the model to capture nuanced clinical insights essential for arrhythmia diagnosis
and ECG-based user identification tasks. One shortcoming of this approach is that it solely
relies on 10-second ECG signals without accounting for temporal duration variability in the
real world. Wan et al. (2024) propose a multimodal ECG instruction tuning (MEIT) frame-
work for generating ECG reports using LLMs. Instruction tuning is performed on LLMs
with autoregressive objectives, leading to report ECG-based report generation. The MEIT
architecture includes an ECG encoder that processes multi-lead ECG data and integrates it
with a text-based report generation model, optimized using LoRA (Low-Rank Adaptation).
Experiments with nine different LLM backbones underscore MEIT’s superior performance,
robustness in zero-shot scenarios, and resilience to signal perturbations.

Liuetal. (2024) introduce a multimodal ECG representation learning (MERL) framework
utilizing ECG waveform as well as the report. MERL framework employs Cross-Modal
Alignment (CMA) to align representations between the ECG signals and corresponding
clinical reports (generated using different encoders), utilizing cross-modal contrastive
losses. The framework also incorporates Uni-Modal Alignment (UMA), which applies latent
augmentation through independent dropout operations on ECG embeddings to prevent pat-
tern corruption. The authors also propose clinical knowledge-enhanced prompt engineering
(CKEPE) that generates enhanced prompts by linking LLMs with expert-verified clinical
knowledge databases. Results show that MERL outperforms other ECG self-supervised
learning approaches in zero-shot classification and linear probing tasks. The main limitation
of this approach is that the use of LLMs for extracting ECG expert knowledge is not a fully
controlled and transparent process. Chen et al. (2024) propose the use of an LLM-informed
neural network for enhanced heart failure prediction. The proposed ECG-DAN (ECG Dual
Attention Network) simultaneously captures cross-lead relationships and temporal dynam-
ics within each lead, thereby enhancing feature aggregation. During pretraining, LLM is
employed to generate text embeddings for structured reports (i.e., SCP code-based reports),
which are aggregated based on their confidence scores. These aggregated embeddings are
aligned with ECG embeddings using an alignment loss to ensure that the textual and ECG
representations are closely related. During fine-tuning, encoder pre-trained weights are uti-
lized to generate ECG embeddings, which are passed through a fully connected network for
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risk prediction. One shortcoming of this work is that it discounts the use of metadata (e.g.,
age, sex, noise presence) for generating textual embeddings.

3.6 Overarching commonalities and limitations

This subsection synthesizes the commonalities and limitations of transformer-based and
LLM-based methodologies for ECG-driven diagnosis, focusing on their architectural
designs and roles within the diagnostic workflow. Transformer-based approaches are pri-
marily dictated by the type and preprocessing of ECG data, leading to four principal catego-
ries: (1) representation learning from raw ECG signals using convolutional layers followed
by MHSA blocks (Hu et al. 2022; Wei et al. 2024). (2) segmentation of raw ECG signals into
sub-waveforms, also processed through MHSA blocks (Hu et al. 2021; Yang et al. 2022).
(3) transformation of raw ECG signals into time-frequency representations, such as CWT,
STFT, or CT, followed by ViTs (Pratiher et al. 2022). (4) conversion of raw ECG signals into
images, subsequently processed by ViTs (Wu et al. 2024). In parallel, LLM-based frame-
works for ECG diagnosis are distinguished by the function LLMs serve in the diagnostic
pipeline. These methods can be categorized as: (1) constructing expert knowledge databases
from CVD books and articles and linking them with LLMs, enabling zero-shot diagnoses by
integrating ECG features with textual knowledge (Yu et al. 2023). (2) exploiting extensive
contextual understanding and long-range dependency capabilities of LLMs to directly ana-
lyze downsampled raw ECG data for feature extraction (Xu et al. 2024). (3) facilitating mul-
timodal learning by aligning textual explanations of ECGs generated by LLMs with ECG
features derived from CNNs or transformers (Yu et al. 2024). Figure 4 provides a visual rep-
resentation of these methodologies, highlighting the distinct yet interconnected approaches
of transformer and LLM-based techniques in advancing ECG-driven diagnostics.

A common trend in the literature is to innovate within the network stem or transformer
encoder to address the unique challenges in ECG data. Several studies enhance the feature
representation before passing them to standard transformer blocks by integrating core mod-
ules from other architectures in the network stem, such as GRUs (Liu et al. 2024), LSTM
networks (Din et al. 2024), and ResNet (Wahid et al. 2024), to refine the feature represen-
tation of ECG signals processed by the transformer encoder. Additionally, some studies
introduce novel loss functions, such as link constraint loss (Che et al. 2021), to enhance the
differentiation between disease classes. On the other hand, some studies have modified the
self-attention mechanism and the transformer encoder block to enhance the ECG diagnosis
performance. To elaborate, Li et al. (2023) have proposed the TFFormer, which performs
time and frequency information fusion by independently extracting the time and frequency
domain features using MHSA, combining them using a gated mechanism accounting for
contribution from each domain. Wang et al. (2021) have introduced a heartbeat-aware trans-
former which incorporated the heartbeat positions using r-peaks to improve the efficacy of
the standard self-attention mechanism. Zhang et al. (2023) have developed MSFNet which
incorporates the position attention module responsible for localizing key ECG segments and
assigning higher attention weight to abnormal areas.

A prominent trend in recent literature is the employment of GANs to address class
imbalance and to develop lightweight, efficient architectures for ECG analysis. Specifically,
convolution-based GANs have been proposed for generating ECG abnormal beats in under-
represented classes, demonstrating their efficacy in augmenting minority class data (Xia
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Fig.4 Overview of ECG-driven diagnosis methods using transformer-based and LLM-based approaches

et al. 2023). Moreover, the integration of fuzzy logic with one-dimensional GANSs has been
explored to produce high-quality ECG data for OSA detection (Wang et al. 2024). Concur-
rently, researchers have focused on optimizing transformer-based methodologies to reduce
computational overhead in ECG-driven diagnostics. For instance, Meng et al. (2022) have
proposed the use of efficient local attention for ECG embedding generation and global light-
conv attention. Busia et al. (2024) have tuned the number of MHSA blocks, ECG embed-
ding size, and number of heads in their architecture to make it compatible with low-power
devices with power consumption as low as 0.09 mJ per inference. Shan et al. (2022) have
focused on minimizing the parameters in the network stem used for generating ECG embed-
ding by using depthwise separable convolutions with SE blocks inspired by MobileNet-V3.
Collectively, these advancements in network stem design, along with the refinement of ECG
embedding sizes and MHSA blocks, have significantly advanced transformer-based ECG
methods, facilitating their deployment on wearable and IoT devices.

Despite the advancements in transformer-based methods for ECG diagnosis, several lim-
itations persist, specifically in the areas of ECG embeddings, positional encodings, and the
design of the MHSA block. Several methodologies rely on representation learning through
convolutional layers to generate ECG embeddings. However, whether these embeddings
effectively distinguish between different ECG classes within the embedding space remains
unclear. This ambiguity may cause a performance bottleneck as a poorly defined embedding
space can severely limit the ability of MHSA blocks to optimize performance across diag-
nostic classes. Furthermore, most current approaches employ standard sinusoidal positional
encodings originally designed for the NLP tasks. While the standard encoding is effective in
capturing the sequence of positions in linear data, it may not be well-suited for the specific
requirements of ECG signals. ECG signals are characterized by repetitive structures, such
as the P-wave, QRS complex, and T-wave, across successive heartbeats. A more tailored
positional encoding can help the model to link similar structures across different beats (e.g.,
P-waves) while still recognizing the temporal order of beats. Without such an encoding,
the model may struggle to effectively leverage the recurring patterns in ECG waveforms,
potentially impairing its ability to accurately capture the temporal and morphological details
essential for diagnosis. Additionally, many existing methodologies often utilize standard
MHSA blocks, developed primarily for NLP applications. This approach may not fully align
with the unique properties of ECG signals, such as the slight variations in repetitive beat
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waveforms, potentially leading to overfitting and limiting the model’s ability to accurately
interpret waveform duration and morphology. Moreover, ECG diagnosis benefits from a
multi-perspective analysis, where information from multiple leads is integrated to form a
comprehensive understanding of cardiac electrical activity. However, the standard MHSA
lacks a structured, dedicated approach to handle these specific requirements, further limiting
its effectiveness in ECG signal processing.

LLM-based methodologies for ECG analysis face significant limitations related to gener-
alizability, reliance on predefined data sources, and adaptability to real-world clinical vari-
ability. One key issue is the over-reliance on existing ECG literature (e.g., textbooks and
academic articles) for crafting expert databases without accounting for bias and errors, rais-
ing concerns over the correctness of the final predicted diagnosis/outcome. Another essen-
tial concern of LLM-based methods is the lack of transparency and fact-checking while
extracting expert knowledge from ECG vector databases, raising doubts about the reliabil-
ity and interpretability of the clinical insights generated. Furthermore, many LLM-based
approaches ignore critical metadata, such as patient demographics and noise presence, dur-
ing the construction of textual embeddings. Given the genetic underpinning of ECG sig-
nals and their variation with age and gender, this could lead to significant oversights in the
model’s predictions across different demographics and populations. Collectively, these limi-
tations underscore the need for more adaptive, transparent, and context-aware approaches
that can effectively accommodate the inherent complexity and variability of ECG data in
clinical settings.

4 Discussion

This section discusses data and architectural enhancements needed to improve the state-
of-the-art transformer and LLM techniques in ECG diagnosis and analysis. Furthermore, it
provides potential directions to overcome existing shortcomings of LLMs.

4.1 Data enhancements and architectural innovations
4.1.1 Self-supervised and unsupervised ECG representation learning

Recently, novel approaches have been proposed in various domains for enhancing the qual-
ity of data embeddings that are subsequently fed to the MHSA blocks within the transformer
encoder. Zerveas et al. (2021) propose an unsupervised pretraining setup for enhancing
embedding for multi-variate time series representation learning. To elaborate, a proportion
of each variable sequence within the input is independently masked. The model’s objective
during this pretraining phase is to predict the complete input vectors from the masked input
sequences. The predictions on the masked values are then evaluated using a mean squared
error (MSE) loss, which guides the optimization of the model’s parameters to enhance the
fidelity of the learned representations. This pretraining strategy is crucial for developing
robust embeddings, as it forces the model to capture essential temporal dependencies and
feature interactions within the data, despite the presence of noise and missing information.
Another work by Li et al. (2021) also capitalizes on the pertaining for enhancing the embed-
ding quality for ViTs. Specifically, the authors first demonstrate that sparse self-attention
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hampers the ability of the model to capture fine-grained dependencies among the image
patches. To compensate for this shortcoming, the authors propose a region-matching pre-
training task that forces the model to accommodate the fine-grained dependencies of the
patches within the embeddings, thereby improving the quality of learned representations.
This approach can be adopted for transformer-based methods working with images of ECG
beats to learn dependencies between the different sub-waveforms (e.g., p-wave and QRS
complex). Wu et al. (2024) propose the use of self-supervised learning using a set of sig-
nal transformations as the pretext task to learn robust, modality-invariant representation of
signals. Specifically, permutation, time-warping, noise addition, magnitude-warping, and
cropping transformations are used to enhance the signal representations/embeddings. In the
context of ECG signals, signal transformation pertaining tasks can be used as an effective
alternative to other data augmentation techniques (e.g., GANSs) to learn distinctive ECG
embeddings corresponding to minority classes. Eldele et al. (2021) introduce temporal con-
textual contrastive learning for enhanced representation of time series signals. Specifically,
in temporal contrastive learning, a strongly augmented version of the data is used to predict
future timesteps of a weakly augmented version, and vice versa. Subsequently, in contextual
contrastive learning, the model maximizes the similarity between matching contexts from
the two different augmented views and minimizes the similarity with contexts derived from
other samples in the batch. Consequently, this framework can be employed to generate ECG
embeddings as an alternative to the CNN-based network stem. Zhang et al. (2023) propose a
representation learning framework using a cross-reconstruction transformer. First, the time
series data is transformed into the frequency domain to calculate magnitude and phase com-
ponents. These data components are then segmented into patches and some patches are
randomly dropped. The generated embeddings from time, magnitude, and phase modalities
are passed to a cross-domain transformer encoder, which integrates information across the
domains. During pretraining, the cross-domain representations are passed to a transformer
decoder for reconstructing the original time series, magnitude, and phase data, facilitat-
ing robust representation learning. For downstream tasks, the model condenses the cross-
domain embeddings into compact representations, optimizing them for further applications
such as classification.

Altogether, these unsupervised and self-supervised pretraining strategies ranging from
masked input reconstruction, region matching, signal transformations, temporal and con-
textual contrastive learning, and cross-domain reconstruction can provide sophisticated and
enriched ECG embeddings suitable for MHSA blocks.

4.1.2 Enhanced positional encoding

ECG signals exhibit recurring morphology across successive heartbeats. Implementing a
specialized positional encoding can enhance the model’s ability to associate/link analo-
gous structures (e.g., P-waves) across different heartbeats while preserving the temporal
sequence of beats. The conventional sinusoidal positional encoding lacks flexibility, as it is
manually parameterized and lacks learnable parameters. Furthermore, this positional encod-
ing strategy limits the maximum length of the input sequence. Liu et al. (2020) propose
FLOATER, which encodes positional information via a continuous dynamical model in a
data-driven and parameter-efficient manner. Consequently, the continuous dynamic model
allows the transformer to handle variable length inputs. This approach can allow ECG-
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based transformers to work with varying sampling rate signals, enhancing their applicabil-
ity in healthcare settings. Ke et al. (2020) demonstrate that absolute positional encoding
(e.g., sinusoidal encoding) when added to data embeddings brings mixed correlations due to
two different heterogeneous sources. Consequently, the authors propose a transformer with
untied positional encoding (TUPE) that separately computes word contextual correlation
and positional correlation with different parameterizations and then adds them together.
Furthermore, TUPE makes the ’CLS’ token positionless in the relative positional encoding
matrix, enabling the capture of global information. Subsequently, the modifications made in
TUPE can be employed for ECG positional encoding to capture relative positions of ECG
sub-waveforms (e.g., p-wave) across beats and minimize mixed correlation between posi-
tional and ECG information. recently Su et al. (2024) proposed a rotary position embedding
(RoPE), which encodes the relative position of tokens by multiplying the context repre-
sentations with a rotation matrix. RoPE enables the decay of inter-token dependency with
increasing relative distances and enables relative positional encoding for linear self-atten-
tion. Given these properties of RoPE, it can be employed for ECG-based transformers to
better capture the context within ECG sub-waveforms, such as the QRS complex. However,
the nature of decay in RoPE may need to be adjusted depending on the CVD diagnosis
task. For instance, rhythm-based abnormalities span over multiple cardiac beats and may
require a slow decay to effectively capture information about the underlying arrhythmia. In
contrast, beat-based abnormalities can adopt a modified RoPE with a faster decay of inter-
token dependency.

Overall, these innovations in positional encodings, involving learnable encodings (Ken-
ton et al. 2019; Lan et al. 2019; Clark et al. 2020), separate position parametrization (Ke
et al. 2020), relative position encoding (Dai et al. 2019; Huang et al. 2020; Raffel et al.
2020), and rotary transformations (Su et al. 2024) could play a significant role in enhancing
transformer-based ECG diagnosis methodologies.

4.1.3 Custom self-attention mechanisms

Standard self-attention computes the weights of each sequence element with every other
element. This calculation can be computationally expensive for long sequences (e.g., high
sampling rate ECG or long duration ECG) and may also lead to overfitting due to repetitive
structure ECG waveform. Consequently, custom sparse self-attention (Child et al. 2019) can
be employed to minimize computations and resolve overfitting. Guo et al. (2019) introduce
the Starformer, a model inspired by star-shaped weight computation among sequence ele-
ments. Specifically, Starformer emphasizes weights between adjacent elements while dis-
counting relationships between distant elements, a mechanism known as band attention.
Additionally, it computes attention weights between a central, influential element within the
sequence (the star node) and all other elements, referred to as global attention. This self-
attention topology is particularly relevant for beat abnormality analysis in ECG data, with
potential for further refinement. For instance, the neighborhood defined by band attention
could be adapted to focus on specific waveform segments, such as the p-wave. Furthermore,
the R-peak could be designated as the star node, enabling the model to capture relation-
ships between ECG sub-waveforms and the central R-peak. This approach could potentially
enhance beat abnormality detection while reducing computational complexity. Beltagy et al.
(2020) present the Longformer, an extension of the Starformer that generalizes its approach
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by incorporating band attention for capturing local dependencies and allowing for mul-
tiple global attention elements within a sequence. This architecture holds potential for the
efficient analysis of multi-beat ECG signals, where the R-peak of each beat could serve
as a global attention element, facilitating the detection of rhythmic abnormalities, such as
arrhythmias. Moreover, the Longformer can be further enhanced by replacing band atten-
tion with block attention, which computes the weights between elements within a defined
patch or block (e.g., an ECG beat). Subsequently, the relationships between these blocks
can be captured using global attention, with each beat potentially having multiple global
attention nodes (e.g., the P-wave peak, R-peak, or T-wave peak). Another crucial modifica-
tion of self-attention that could improve the performance of transformers for ECG analysis
is self-attention priors. Guo et al. (2019) demonstrate that dependencies in text can be more
effectively captured when the importance of neighboring tokens is emphasized while the
influence of distant tokens is diminished. To achieve this, they propose the Gaussian trans-
former, which realigns self-attention scores using a modified Gaussian prior. This approach
can be similarly applied to ECG waveforms, where Gaussian priors can focus on specific
waveforms, such as the P-wave, to compute wave-focused features. Subsequent encoder
layers can then integrate these wave-specific features, enhancing the accuracy of ECG diag-
nosis. A mathematical formulation of integration of priors is as follows:

KT

Vi,

Scores = softmax (a .

+(1—a)-P)V 5)

Here, P represents the prior matrix and « is the weight controlling the contribution of the
prior.

To enhance the computational efficiency of transformer-based models for real-time
ECG monitoring, optimizations can be introduced within the self-attention mechanism
and in the overall architectural design. Within the self-attention block, computational cost
can be significantly reduced by employing sparse attention (Child et al. 2019), approxi-
mate attention (Wang et al. 2020), or attention-free (Poli et al. 2023) mechanisms. Sparse
attention (Child et al. 2019) selectively attends to a subset of tokens rather than all tokens,
reducing the computational complexity. Approximate attention (Wang et al. 2020) further
reduces the computational burden by using low-rank factorization or kernel-based methods
to approximate the attention matrix, maintaining performance while improving efficiency.
Attention-free (Poli et al. 2023) mechanisms, such as gated convolutions or linearized
attention, eliminate the quadratic complexity of traditional self-attention, making real-time
inference more feasible. Beyond self-attention, the overall transformer architecture can be
optimized by replacing the standard feed-forward network (FFN) with a mixture-of-experts
(MoE) approach (Fedus et al. 2022), where a learned router directs inputs to specialized
smaller FFNs, activating only a subset of parameters per inference step. In addition, early
exit mechanisms can be introduced at multiple depths (Xin et al. 2020), allowing confident
predictions to bypass deeper layers, reducing inference latency while maintaining accuracy.
Together, these modifications improve the real-time applicability of transformer-based ECG
analysis in clinical settings.
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4.2 Overcoming shortcomings of LLMs in ECG Diagnosis

Two critical challenges hindering the widespread adoption of LLMs in healthcare settings
are the issue of hallucination and the absence of reliable metrics to assess the confidence
of LLM-generated responses. Hallucination in the context of LLMs refers to the genera-
tion of outputs that are factually inaccurate, fabricated, or not grounded in the input data or
real-world context. This phenomenon can significantly hinder diagnostic accuracy, as hal-
Iucinated information can mislead medical professionals, especially when integrated into
clinical decision support systems. Particularly, hallucinations are concerning in high-stakes
environments pertaining to diagnosis, treatment planning, and patient outcomes. These erro-
neous generations can also introduce biases into downstream tasks, potentially amplifying
risks in automated healthcare workflows. Dziri et al. (2022) demonstrate that lack of rel-
evant factual data and repeated data are the main causes of LLM hallucination. Hernandez
et al. (2022) show that the performance of large LLMs decreases to their counterparts with
nearly half the parameters by introducing 10% redundant data in the training set. Recently,
Zhou et al. (2024) compare the relative importance of unsupervised pretraining versus
instruction tuning and reinforcement learning. Their findings indicate that the majority of
knowledge in LLMs is acquired during the pretraining phase, with only minimal instruction
tuning data required to guide models in generating high-quality outputs. Given the findings
of Dziri et al. (2022) and Hernandez et al. (2022) on hallucination, as well as the importance
of pretraining highlighted by Zhou et al. (2024), it can be concluded that a large-scale ECG
corpus should be developed from scratch. Specifically, this corpus should comprehensively
cover the underlying physics of ECG signals, the interpretation of ECG waveforms and
leads, clinically relevant ECG features and their thresholds for age groups, and the ECG
diagnosis knowledge base of expert electrophysiologists, while minimizing data redundan-
cies to reduce the risk of hallucinations.

LLMs tend to be overconfident in their responses and can be influenced to reflect the
demands of users through repeated prompting. This can be a significant drawback in clinical
systems as medical practitioners do not have established techniques to quantify the confi-
dence of LLM’s response. Uncertainty quantification (UQ) is an emerging research area
that aims to understand the reliability and limitations of LLMs (Zhao et al. 2024). Xiong
et al. (2024) propose a consistency-based uncertainty estimation approach, which involves
inducing randomness during the answer generation phase or introducing misleading hints
in the prompt to assess whether the LLM’s response varies. If the model’s response remains
consistent despite these variations, it can be inferred that the model is more confident in
its output. Alternatively, Duan et al. (2024) combine the token level uncertainties in the
predicted response to quantify the overall uncertainty in the LLMs. Specifically, the authors
propose shifting attention to relevant (SAR) that focuses on the most meaningful tokens and
sentence components, rather than treating all tokens as equally important, thereby provid-
ing more accurate uncertainty assessments. These UQ approaches have to be integrated
into LLM methodologies for ECG analysis and diagnosis to enhance transparency. Subse-
quently, UQ could lay the foundation for integrating LLM-driven ECG systems in clinics
and hospitals.
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4.3 Federated learning for resource-constrained environments, scalability, and
patient privacy

Federated learning (FL) is a decentralized learning framework that enables collaborative
model training across multiple devices without requiring raw data exchange, making it
particularly well-suited for resource-constrained healthcare settings. Conventionally, neu-
ral networks and LLMs require centralized data aggregation, which is often infeasible in
clinical environments due to strict patient privacy regulations and limited infrastructure
in under-resourced hospitals. In the context of ECG-based disease diagnosis, FL facili-
tates the development of robust, generalizable models by leveraging heterogeneous data
distributions across diverse patient populations while ensuring that sensitive ECG signals
remain confined to local hospital systems. Consequently, FL can be a key learning paradigm
for deploying LLMs for ECG-based diagnosis in resource-constrained environments. Xu
et al. (2023) propose an FL-based framework that integrates differential privacy (DP) to
ensure formal privacy guarantees. A fundamental challenge in applying DP to FL is that the
required noise magnitude increases with model size, often leading to degraded convergence.
To mitigate this issue, the authors introduce Partial Embedding Updates (PEU), a strategy
that selectively updates only a subset of model embeddings, thereby reducing the payload
size and limiting the impact of DP noise on training stability. Furthermore, to address the
computational constraints, the methodology incorporates Low-Rank Adaptation (LoRA) to
optimize parameter efficiency and Noise Contrast Estimation (NCE) to minimize memory
overhead. While federated learning ensures privacy-preserving training, it does not inher-
ently reduce model size, leading to high inference latency, excessive memory demands,
and communication overhead. To address these limitations, Yao et al. (2025) propose Fed-
Spine, a framework that integrates PEFT with a structured pruning approach to enable the
deployment of LLMs in resource-constrained environments. FedSpine employs an iterative
process of pruning and fine-tuning, progressively reducing model complexity while main-
taining task performance. Additionally, to account for the heterogeneous computing and
communication capacities of different edge devices, the framework leverages a multi-armed
bandit (MAB) algorithm to adaptively determine optimal pruning ratios and low-rank adap-
tation (LoRA) ranks for each device.

FL supports scalability in ECG-based diagnosis by enabling hospitals, as decentralized
nodes, to incrementally contribute to model improvements without requiring a centralized
data repository. As participating hospitals increase, the system scales efficiently by lever-
aging parallel updates from multiple institutions. Beyond just node scalability, federated
learning also supports data scalability, allowing models to generalize across hospitals with
diverse patient populations and ECG acquisition conditions. Computational scalability is
maintained by optimizing model pruning and adaptation per node, ensuring that even low-
resource hospitals and edge devices can participate without excessive computational over-
head. Additionally, communication scalability is preserved through asynchronous updates
and hierarchical aggregation, minimizing network congestion as the system expands. These
scalability mechanisms collectively enable federated learning to support large-scale, real-
world deployment of LLM-based ECG diagnosis across diverse healthcare infrastructures.

In summary, FL offers a viable solution for deploying LLMs in ECG-based disease diag-
nosis in resource-constrained environments by preserving patient privacy across hospitals
through differential privacy mechanisms and mitigating computational and memory over-
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head via structured pruning, iterative fine-tuning, and parameter-efficient adaptation tech-
niques such as PEFT.

4.4 Dataset considerations for large language models in ECG analysis and
diagnosis

With the advent of LLMs, new tasks related to ECG have emerged, such as ECG caption-
ing, ECG report generation, and multimodal ECG diagnosis, which were not previously
explored with standard convolutional networks or transformer-based architectures. Prior
reviews have comprehensively studied existing datasets for ECG disease diagnosis using
CNNs (Ansari et al. 2023). However, key challenges remain regarding dataset bias, quality,
and diversity, particularly for LLM-based ECG analysis.

Current approaches in multimodal ECG learning generally fall into two categories: (1)
leveraging existing metadata, such as SCP codes or machine-generated diagnostic reports,
for contrastive learning to enhance ECG-text representations, and (2) retrieval-augmented
generation (RAG) methods, where LLMs are supplemented with external knowledge bases.
Most publicly available datasets for these tasks, including PTB-XL (predominantly repre-
senting the German population), MIMIC-IV, and Chapman-Shaoxing (primarily covering
Chinese populations), lack diversity in Middle Eastern, South Asian, and African popula-
tions. This raises concerns about model generalizability, as ECG morphology is influenced
by genetic and demographic factors. Additionally, while RAG-based methods enhance zero-
shot ECG diagnosis by integrating external databases, the clinical reliability of these data-
bases remains uncertain. Although they may be sourced from reputable repositories, their
population coverage can introduce biases, potentially limiting the model’s performance.

Another challenge pertains to preprocessing and encoding strategies for ECG metadata.
Different studies have adopted varied encoders to transform textual ECG metadata into
feature representations for contrastive learning. However, there is no consensus on the most
effective encoding framework, leading to inconsistencies in how textual information is
incorporated into multimodal models. Establishing standardized methodologies for encod-
ing ECG metadata is critical for ensuring reproducibility and improving model robustness.

5 Conclusion

The manuscript provides a comprehensive survey of transformer-based methodologies
and their evolution into LLMs for ECG analysis and diagnosis. The reviewed studies are
systematically categorized according to the complexity of disease diagnosis, spanning sin-
gle-beat to multi-beat scenarios. A key contribution is the detailed analysis of overarch-
ing patterns and limitations, which reveals that CNNs are predominantly utilized for ECG
representation learning, GANs for data augmentation, and standard MHSA blocks as the
preferred choice for capturing temporal dependencies. Notable limitations include a lack
of novel ECG representation techniques, insufficient positional encoding formulations,
and the absence of task-specific self-attention structures. For LLMs, limitations include
limited generalizability, dependency on unverified pre-existing databases, and insufficient
mechanisms for transparency and fact-checking. Based on these findings, the discussion
introduces promising future directions focusing on enhanced ECG representation, refined
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positional encodings, custom self-attention structures, and strategies to mitigate hallucina-
tions and improve confidence estimation in LLMs. Additionally, future work will require
close collaboration between machine learning experts and clinical practitioners to ensure
that LLM-derived ECG diagnosis aligns with real-world clinical workflows and decision-
making processes. Effective deployment will depend on integrating domain knowledge into
model training and validating LLM-driven insights with expert feedback. Furthermore, the
regulatory approval process for LLM-based medical diagnosis remains a critical challenge.
Establishing standardized evaluation frameworks, demonstrating model robustness across
diverse populations, and addressing ethical concerns related to LLM-driven healthcare deci-
sions will be essential for widespread adoption.
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