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Abstract. Classification of electrocardiogram (ECG) signals poses sub-
stantial challenges due to their complexity and high dimensionality, ne-
cessitating sophisticated machine learning techniques for effective multi-
class and multi-label classification. Kolmogorov Arnold Networks (KANs),
renowned for their prowess in time-series analysis based on the Kolmogorov-
Arnold representation theorem, assure that any continuous function can
be expressed as a finite sum of functions of one variable. This capability
positions KANs as a promising approach for approximating the com-
plex functions characteristic of ECG data. In this paper, we introduce
ECG-KanFormer, a novel integration of KANs and transformers, mark-
ing the first aggregation of these technologies in existing literature. By
integrating KAN modules, which introduce non-linearity into the origi-
nal linear transformer architecture, we enhance the transformer’s ability
to manage non-linear dependencies typical in ECG signals. We outline
our proposed method where KAN modules replace the linear layers in
standard transformers, thereby improving the model’s learning capabil-
ity from intricate ECG signal patterns. Our comprehensive experiments
demonstrate that the ECG-KanFormer has achieved the state-of-the-art
performance among existing approaches via various metrics, proving its
effectiveness in the multi-class multi-label ECG classification task. This
study paves a new way for end-to-end methods in ECG signal analy-
sis and highlights the pioneering potential of KAN modules in medical
diagnostics.

Keywords: Electrocardiogram · Kolmogorov–Arnold Networks · Trans-
formers· Multi-label Classificatio· , PTB-XL.

1 Introduction

Heart-related ailments are the top cause of death worldwide, responsible for
nearly one-third of all fatalities [5]. Electrocardiograms (ECGs), non-invasive
tests that monitor the heart’s electrical activity, are essential for diagnosing var-
ious cardiac issues such as heart attacks, ischemia, and arrhythmias. Despite
their importance, manually reading ECG results is complicated, requires signif-
icant effort, and is error-prone. Thus, enhancing automatic ECG interpretation
methods has become a critical field of medical research.
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Deep learning has recently transformed how ECG analysis is conducted, en-
abling automated detection and classification of cardiovascular diseases. Tradi-
tionally, analysis has relied on single-lead ECGs [18, 23], which provide only a
basic glimpse of heart activity and are often inadequate for diagnosing complex
cardiac issues. In contrast, 12-lead ECGs [21, 4] offer a more detailed view of the
heart’s electrical activity from multiple angles, significantly improving the data
available for diagnostic evaluations.

Convolutional neural networks (CNNs) [12], recurrent neural networks (RNNs) [17],
and Transformers [25] are frequently used for multilabel classification of ECG
signals, effectively extracting relevant features directly from the data. The un-
certainty quantification for ECG classification has been evaluated in [7], showing
ensemble-based approaches offer more robust estimates, particularly under exter-
nal validation and out-of-distribution detection, and emphasizes the benefits of
incorporating uncertainty into active learning for improved model performance.
However, these models often face challenges in processing the lengthy sequences
and intricate patterns characteristic of 12-lead ECGs, and may struggle to syn-
thesize both local and global information across different leads effectively. Re-
cently, the emergence of Kolmogorov Arnold Networks (KANs) modules shows
promise in overcoming these issues. KANs improve performance in time-series
tasks by more accurately capturing temporal dynamics, thus providing a no-
table advantage for managing the complex data from multi-lead ECGs. In this
paper, we introduce the ECG-KanFormer, a novel model that combines KANs
with transformers for enhanced multiclass multilabel ECG classification. This
approach is validated using the PTB-XL dataset, a large-scale benchmark for
ECG analysis. Our key contributions are as follows:

– We thoroughly investigate and optimize the use of the Short-Time Fourier
Transform (STFT) to convert time-series ECG waveforms into the frequency
domain, thereby enhancing the representation of signal characteristics and
enabling more effective feature extraction for this task.

– We propose ECG-KanFormer, which, to the best of our knowledge, is the first
model to integrate KAN into a Transformer architecture specifically designed
for 12-lead ECG classification tasks. This model combines the strengths of
KANs in approximating complex functions with the architectural advantages
of transformers, tailored to address the unique challenges of ECG analysis.

– We conduct comprehensive experiments on the PTB-XL dataset using var-
ious metrics, demonstrating state-of-the-art performance in capturing both
local variations and global trends within ECG signals. The results highlight
the model’s potential for practical deployment in clinical environments.

2 Related Work

Recent studies show that end-to-end deep learning methods for ECG classifica-
tion significantly outperform traditional techniques using handcrafted features
and conventional machine learning [11]. Hannun et al. [2] developed a deep neural
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Fig. 1: ECG-KanFormer: The signal is initially processed using frequency domain
analysis, after which the coded signal is input into ECG-KanFormer to extract
relevant features. Subsequently, the features extracted by ECG-KanFormer are
classified using various classification heads. In ECG-KanFormer, we employ KAN
for deep integration with Vision Transformers (ViTs).

network (DNN) for classifying ECG rhythms from raw single-lead ECG data,
achieving performance comparable to expert cardiologists. Mousavi et al. [19]
introduced a sequence-to-sequence model for ECG heartbeat classification with
strong inter- and intra-patient performance. Murugesan et al. [3] combined CNN
and BLSTM to leverage ECG signals’ hierarchical structure, learning patterns
at beat, rhythm, and channel levels, and assessed model interpretability via at-
tention visualizations. Martin et al. [17] proposed an LSTM network achieving
state-of-the-art accuracy across various datasets and frequencies, suitable for
real-time processing on portable devices for timely MI detection. Jing et al. [12]
introduced a Beat-Level Fusion Network (BLF-Net) using an attention mecha-
nism to weigh heartbeat contributions, enhancing diagnostic accuracy. Zhou et
al. [25] adapted masked autoencoders for self-supervised representation learning
from ECG time series, utilizing a lightweight Transformer as the encoder and a
single-layer Transformer for the decoder.

In addition to developing neural network architectures, researchers are ex-
ploring additional techniques to enhance model effectiveness. Golany et al. [10]
integrated physical insights into ECG classification by learning ordinary differ-
ential equations describing ECG signal dynamics. Rawi et al. [20] used the Tree
of Parzen Estimator (TPE) [8] to optimize hyperparameters via a define-by-run
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approach. Qin et al. [6] employed a teacher-student model where the teacher,
trained on multi-lead ECG, guides a student model using single-lead ECG,
and introduced multi-label disease knowledge distillation (MKD) for multi-label
disease diagnosis. Liu et al. [15] developed ECG-Text Pre-training (ETP), a
framework leveraging cross-modal representations from ECG signals and tex-
tual reports for robust performance in linear evaluation and zero-shot classifica-
tion tasks. Li et al. [14] proposed a Multimodal ECG-Text Self-supervised pre-
training (METS) model that uses clinical reports to guide ECG self-supervised
learning, achieving zero-shot classification by embedding ECG and text repre-
sentations and calculating their similarity to classify ECG categories.

In summary, current approaches for ECG classification can be categorized
into three main types: 1. CNN-based methods. These approaches use convo-
lutional kernels to extract meaningful feature representations from the ECG
signals [12]. 2. RNN-based methods. These methods leverage RNNs to address
the sequential nature of ECG signals, effectively capturing temporal dependen-
cies [17]. 3. Transformer-based methods. Transformer-based has proved to be
effective in sequential data such as handwriting [13], speech [9], and ECG [25].
These models are advantageous due to their ability to capture long-range de-
pendencies and parallelize computations, leading to improved efficiency and ac-
curacy. Vision Transformer (ViT) [1] is a highly successful architecture for var-
ious tasks, as it processes images by dividing them into a sequence of patches.
For ECG data, waveforms can be transformed into visual-like features using
the STFT, making it possible to apply ViT to ECG classification tasks. Addi-
tionally, KAN [16] have recently been proposed as an alternative to multilayer
perceptrons (MLPs), demonstrating advantages in scalability and in avoiding
catastrophic forgetting. Therefore, integrating KAN with ViT for ECG tasks
represents a promising research direction with significant potential.

3 Methodology

As shown in Figure 1, the signal is first analyzed in the frequency domain, then
fed into ECG-KanFormer for feature extraction. These features are subsequently
classified using different classification heads. ECG-KanFormer integrates KAN
with ViT for enhanced performance.

3.1 Frequency Domain Transformation and Analysis

As shown in Figure 2, we first analyze the data in the frequency domain. Fre-
quency domain analysis examines a signal’s spectrum to identify key frequency
components, enhance data compression, and support pattern recognition and
diagnostics. In ECG analysis, it effectively assesses heart rate variability, detects
arrhythmias, identifies cardiac pathologies, removes noise and artifacts, and im-
proves signal processing, making it a crucial tool for monitoring heart health
and diagnosing diseases.
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Fig. 2: Frequency Domain Transformation and Analysis: After performing fre-
quency domain analysis, the signals from each lead are displayed in the figure.
In this representation, the signal from each lead is decomposed, making the fea-
tures easier to extract and analyze.

A wide range of signal waveforms can be generated through the modulation of
sinusoidal functions. This process is mathematically represented by the following
equation:

f(t) = Asin(ωt+ φ) + k (1)

The complete wave signal can be analyzed by examining its amplitude (A),
angular velocity (ω)—where angular velocity corresponds to the frequency (f),
thus frequency is also commonly used to describe it in signal processing—phase
(φ), and offset (k). The sinusoidal functions sine and cosine represent different
phases.

According to the Delicacy condition, within each cycle, the signal may con-
tain only consecutive or finitely many Type-I interruptions, including removable
discontinuities and jump discontinuities; the number of local maxima and min-
ima must be finite; and the signal must be absolutely integrable over one cycle.
Any periodic signal that satisfies the above conditions can be represented by
a series of sinusoidal functions in a harmonic relationship, as described by the
following equation:

f(t) = c0 +

∞∑
n=1

cncos(nωt+ φ) + k (2)

It is known that integrating a sine wave over the entire real line, from negative
infinity to positive infinity, results in zero. This is obtained by considering the
principal value and accounting for the periodic nature of the sine wave.

A trigonometric transformation of Equation 2 yields:

f(t) = c0 +

∞∑
n=1

[cncosφcos(nωt)− cnsinφsin(nωt)] (3)
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Let an = cncosφ and bn = −cnsinφ. Then Equation 3 can be expressed as:

f(t) = c0 +

∞∑
n=1

[ancos(nωt) + bnsin(nωt)] (4)

Assuming f(t) is detected using a sin(kωt) function, we derive:∫ T

0

f(t)sin(kωt)dt (5)

Assuming f(t) contains sine wave coefficients with nω corner frequencies as
bn, according to orthogonality and Equation 5, we have:∫ T

0

f(t)sin(kωt)dt = bn

∫
0

Tsin(nωt)2dt (6)

Furthermore, we can derive:∫ T

0

f(t)sin(nωt)dt = bn
T

2
(7)

bn =
2

T

∫ T

0

f(t)sin(nωt)dt (8)

Similarly, we can obtain an.
Therefore, using an and bn, we can determine the amplitude and phase of

this wave:
cn =

√
a2n + b2n (9)

φ = arctan(− bn
an

) (10)

According to Euler’s formula:

eiθ = cosθ + isinθ (11)

We can obtain:

F (f(t)) =

∫ ∞

−∞
f(t)e−iωtdt (12)

The ECG signal typically exhibits a smooth and continuous waveform, whose
Fourier representation is dominated by low-frequency components due to the
rapid decay of high-frequency terms. This spectral concentration prevents large
abrupt variations and supports the signal’s “delicacy.” Moreover, ECG signals
are effectively band-limited, with their spectra decaying beyond a certain fre-
quency threshold, thereby avoiding unpredictable high-frequency behavior and
ensuring stable and predictable signal characteristics. Since ECGs consist of pe-
riodic cardiac cycles, including P waves, QRS complexes, and T waves, they can
be decomposed into fundamental sine and cosine components, whose regularity
further reinforces structural consistency. In addition, Fourier analysis facilitates
the separation and filtering of high-frequency noise while preserving essential
signal components. Therefore, the ECG waveform satisfies the Delicacy condi-
tion and can be decomposed accordingly, enabling more effective extraction of
frequency-domain information and detailed ECG features.
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3.2 Kolmogorov–Arnold–Transformer Networks

We proceed with the above frequency domain analysis to deconstruct the ECG
signal into different waveforms, considering each waveform as a distinct token.

Different features are extracted by various feature extraction heads of the
Transformer, and the extracted features are fused accordingly, as shown in the
following equation:

Attention(Q,K, V ) = SoftMax(
QkT√

d
+B)V (13)

within each window during the Multi-Head Self-Attention (MSA) computation,
every pixel (or token/patch) undergoes the generation of the corresponding query
(Q), key (K), and value (V). Subsequently, the relative position bias is introduced
after matching Q and K, followed by division by

√
d as outlined in Equation 13.

At this stage, the process accomplishes both the extraction of global features
based on image location and the modeling of dependencies.

Based on the above feature calculations, the feature extraction head is re-
sponsible for capturing features across different regions within the ECG signal.
Different frequencies of the ECG signal contain critical information about the
heartbeat. The feature extraction head aims to simultaneously model global re-
lationships and inter-region features. The specific methodology is outlined as
follows:

Cout = 0.5T (G(X))(1 +
eT (G(X)) − e−T (G(X))

eT (G(X)) + e−G(X))
) (14)

T (X) =

√
2

π
(X + 0.044715X3) (15)

G(X) =
X − E(X)√
V ar(X) + ε

∗ γ + β (16)

where ε denotes a sufficiently small constant, while γ and β represent two train-
able hyperparameters. X denotes the input image, E(·) signifies the computed
expectation, and V ar(·) signifies the computed variance. This phase concludes
the more granular modeling of the ECG signal achieved through the use of to-
kens.

Meanwhile, we further improve the Transformer’s extraction and modeling
of global temporal features through the use of Kolmogorov–Arnold Networks
(KAN). To some extent, this approach fundamentally eliminates the reliance on
linear weight matrices by using learnable functions instead of fixed activation
functions.

KAN are based on the Kolmogorov-Arnold representation theorem and differ
from traditional Convolutional Neural Networks (CNNs) by using learnable acti-
vation functions at the edges of the network. This allows each weight parameter
in KAN to be replaced by a univariate function, which is typically parameterized
as a spline function. This approach provides a high degree of flexibility and the



8 X. Fu et al.

ability to simulate complex functions with fewer parameters, thereby enhancing
the interpretability of the model. This is represented in the following equation:

f(x) = f(x1, x2, ......, xn) =

2n∑
q=0

Φq(

n∑
p=1

ϕq,p(xp)) (17)

The above equation represents the concept of multivariate continuous functions
based on the theory that any multivariate continuous function f can be expressed
as a combination of a finite number of univariate continuous functions.

The learnable spline function used in KAN is illustrated below:

spline(x) =
∑
i

ciBi(x) (18)

which is dominated by the B-spline function. spline(x) denotes the spline func-
tion, ci are the coefficients optimized during training, and Bi(x) represents the
B-spline basis functions defined on the grid.

By defining intervals in which each basis function Bi(x) is active and signif-
icantly influences the shape and smoothness of the function, the network gains
more control. This allows the model to achieve higher accuracy.

The substitutions are represented as KAN layer and MLP layer:

KAN(x) = (ΦL−1 ◦ ΦL−2 ◦ ...... ◦ Φ1 ◦ Φ0) (19)

MLP (x) = (WL−1 ◦ σ ◦WL−2 ◦ σ...... ◦W1 ◦ σ ◦W0 ◦ σ) (20)

In this context, W in MLP represents the weights, and σ denotes the activation
function. The counterparts of KAN and MLP are described in the equation
above. We use KAN to replace MLP in the overall model.

In summary, we decompose the data, model and features into three distinct
stages. First, we analyze ECG signals in the frequency domain to extract wave-
form signal information at different frequencies, representing the decomposition
of the signals. Second, we extract various features from these waveform signals
using different feature extraction heads of the Transformer, focusing on specific
information for each frequency band; this represents the decomposition of fea-
tures. Lastly, we utilize KAN to replace the Multilayer Perceptron (MLP) in the
model. KAN facilitates the representation of high-dimensional complex functions
as combinations of simpler one-dimensional functions, concentrating on optimiz-
ing these individual functions rather than the entire multivariate space. This
approach reduces the complexity and the number of parameters required for the
Transformer, enhancing accuracy and interpretability.

Through triple decomposition, we obtain increasingly detailed information
about the model, which enhances the Transformer’s ability to capture global
features and focus on more precise information points.

3.3 Loss Function

The task addressed in this paper is a multi-categorization problem. We first
encode multiple categories using binary codes: for N categories, we use N binary
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Fig. 3: PTB-XL dataset:Signal data is recorded and stored in a proprietary com-
pressed format. For all signals, we offer 12 sets of standard leads (I, II, III, AVL,
AVR, AVF, V1, V2, V3, V4, V5, V6).

bits, where each bit represents a category. A bit value of 0 indicates that the
data does not belong to that category, while a bit value of 1 indicates that it
does. Each data point contains N subsets of these binary category codes.

For each binary bit, we use Binary Cross-Entropy Loss (BCELoss) to com-
pute the loss, as given by the following formula:

BitLoss = −ωn[yn · logxn + (1− yn) · log(1− xn)] (21)

The total loss is:

Loss =
1

D

D∑
i=0

N∑
n=0

BitLossn (22)

where D represents the number of data points, and N represents the number
of categories. For the data to be correctly classified, all categories contained
within each data point must be accurately categorized, making our classification
requirements more stringent.

4 Experimentation

4.1 Data Description

ECG is a crucial non-invasive diagnostic tool for cardiovascular diseases, increas-
ingly augmented by machine learning-based algorithms. The PTB-XL dataset(As
shown in figure 3) includes 21,837 clinical 12-lead ECG recordings from 18,885
patients, each with a duration of 10 seconds. The patient cohort consists of 52%
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Table 1: Statistics of PTB-XL dataset on five superclasses.
Number of Records Class Description

7185 NORM Normal ECG
3232 CD Myocardial Infarction
3064 STTC ST/T Change
2936 MI Conduction Disturbance
815 HYP Hypertrophy

Table 2: Performance comparison among the state-of-the-art approaches (best
results in bold).

Method Year Accuracy (%) Precision (%) Recall (%) AUC (%)

VGG16 [22] 2014 62.14 − − 90.93
Seq2Seq [19] 2019 84.19 − − 86.54

DMSFNet [24] 2020 62.51 − − 90.72
LSTM [17] 2021 84.17 78.54 78.37 90.3

MVKT-ECG [6] 2023 82.2 − − 84.3
METS [14] 2024 84.2 69.4 62.6 −
ETP [15] 2024 − − − 83.5

ECG-KanFormer − 87.32 78.86 64.07 90.47

male and 48% female, with an age range from 0 to 95 years (median age 62, in-
terquartile range 22). Up to two cardiologists annotated the ECG waveform data,
resulting in a multilabeled dataset where diagnostic labels were aggregated into
superordinate and subcategories. The dataset encompasses a broad spectrum
of diagnostic categories, including a significant proportion of healthy records.
Additionally, the dataset can be augmented with metadata on demographics,
other diagnostic statements, diagnostic likelihoods, manually annotated signal
attributes, and suggested methods for partitioning training and test sets.

As shown in Table 1, the dataset is organized into five broad disease cate-
gories, with each ECG recording potentially associated with multiple categories.
We use ECG-KanFormer to predict diagnoses for each ECG based on the ex-
tracted diagnostic labels. Performance is evaluated using accuracy, precision,
recall, and macro Area Under the ROC Curve (AUC).

4.2 Metrics

In this paper, we employ four metrics to assess the effectiveness of our method:
Accuracy, Precision, Recall and macro averaging AUC. The definition of Accu-
racy, Precision and Recall are given by the following equations:

Accuracy =
TP + TN

TP + FP + TN + FN
(23)

Precision =
TP

TP + FP
(24)
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Table 3: Performance across various hyperparametric configuration.
Layer N_FFT Parameter(hop, win, aug) Accuracy (%) Precision (%) Recall (%) AUC (%)

3 512 16 64 (0.0, 1.0) 86.50 78.67 59.71 89.39
3 512 16 64 (0.0, 0.8) 86.88 82.09 58.23 89.69

6 1024 16 64 (0.2, 0.2) 87.32 78.86 64.07 90.47
6 1024 16 64 (0.5, 0.5) 86.87 77.90 62.58 90.38

8 100 25 100 (0.0, 0.0) 86.15 77.07 60.27 89.08
8 512 25 64 (0.0, 0.8) 86.38 79.49 58.56 88.96
8 1024 25 64 (0.0, 0.8) 86.50 77.25 61.23 89.30

Recall =
TP

TP + FN
(25)

where TP (True Positives), FP (False Positives), TN (True Negatives), and
FN (False Negatives) represent the counts of each respective outcome in the
classification tasks. This metric quantifies the overall proportion of correct pre-
dictions (both true positives and true negatives) out of the total number of cases
examined. All the Accuracy, Precision, Recall and AUC are metrics where higher
values indicate better performance.

4.3 Implementation Details

In this work, we set the hop size Ph to 16, window size Pw to 64, number of layers
Pl to 6, and number of heads Ph to 8. Data augmentation uses probabilities of
0.2 for lead shuffling and 0.2 for masking one-tenth of the signals. We train
the model on an NVIDIA A40 using Adam with learning rate 2 × 10−4, betas
(0.9, 0.98), and ϵ = 10−9. The learning rate decays every 100 iterations with
γ = 0.8.

4.4 Experimental Analysis

As shown in Table 2, the proposed ECG-KanFormer outperforms many existing
methods, mainly owing to the deep integration of the Transformer architec-
ture with the distinctive modeling capability of KAN. Unlike RNN-based mod-
els such as LSTM and Seq2Seq, which process sequences step by step and are
therefore limited in efficiency, scalability, and long-range dependency modeling,
Transformers enable parallel sequence processing and use self-attention to cap-
ture global dependencies without suffering from severe vanishing-gradient issues.
Meanwhile, KAN differs from conventional MLPs by replacing fixed linear weight
matrices and fixed activation functions with learnable univariate functions, typ-
ically parameterized by splines. Incorporating KAN into the Transformer frame-
work therefore enhances the model’s flexibility in representing complex local and
global relationships in long ECG sequences.

Compared with LSTM and Seq2Seq, ECG-KanFormer achieves superior over-
all performance. Although LSTM can model temporal dependencies through for-
get, input, and output gates and obtains an accuracy of 84.17% with balanced
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precision and recall, its sequential computation limits training and inference effi-
ciency, especially for long signals. Seq2Seq achieves a similar accuracy of 84.19%,
but its RNN-based structure still restricts its ability to capture long-range depen-
dencies. In contrast, ECG-KanFormer benefits from multi-head self-attention,
which allows the model to attend to different parts of the ECG signal simulta-
neously, and from learnable spline functions, which further improve its ability
to model diverse dependencies. This is particularly important for ECG analysis,
where clinically meaningful components such as P waves, QRS complexes, and T
waves may contribute differently to diagnosis. By assigning adaptive importance
to these waveform segments, ECG-KanFormer can extract more discriminative
features, especially from long and noisy ECG sequences.

For medical diagnosis tasks such as ECG classification, balancing precision
and recall is crucial. High recall helps reduce missed diagnoses, while high pre-
cision reduces false positives, unnecessary examinations, and patient anxiety.
ECG-KanFormer maintains a relatively high precision, indicating fewer false-
positive predictions than previous methods. Although its recall is slightly lower
than that of LSTM, it still identifies a substantial proportion of true positives,
suggesting a more cautious and reliable prediction behavior. Furthermore, the
AUC of 90.47% demonstrates its strong class-discrimination ability, which is
particularly valuable for imbalanced medical datasets, as it indicates stable per-
formance across different decision thresholds.

As shown in Table 2, we have compared our experiments with popular back-
bone networks from recent years as well as the primary temporal signal anal-
ysis networks. The results in Table 2 demonstrate that ECG-KanFormer ranks
first in terms of both accuracy and precision. We outperform the second-place
METS [14] by 3.12% in accuracy and the second-place LSTM [17] by 0.32% in
precision.

Our AUC is 90.47%, ranking third. This is significantly higher than the 84.3%
achieved by the main ECG timing signal analysis algorithm MVKT-ECG [6] and
the 83.5% achieved by ETP [15] in the last two years, representing improvements
of 6.71% and 6.97%, respectively. Just 0.46% from the highest value.

Our model’s high accuracy and precision, combined with its low AUC, and
recall, may indicate a performance bias due to data imbalance. Specifically, the
model appears to perform well on the majority classes (those with higher fre-
quencies), resulting in high overall accuracy and precision, but struggles with
the minority classes (those with lower frequencies), leading to low recall. A low
AUC suggests that the model does not discriminate effectively across all classes,
while low recall implies that the model fails to correctly identify all samples from
the positive classes.

In the next step of the research to further improve our model, we can consider
resampling the data (e.g., oversampling a few classes or undersampling a major-
ity of classes), adjusting the decision threshold of the model, using a weighted
loss function to balance the importance of each class, or integrating methods to
better improve the overall performance and robustness of the model.



Title Suppressed Due to Excessive Length 13

Table 4: Ablation study comparing ViT performance w/ and w/o the KAN
module replacing the MLP.

KAN Acc. (%) Prec. (%) Rec. (%) AUC (%)

− 86.09 73.78 58.06 87.81
✓ 87.32 78.86 64.07 90.47

Improvement 1.23 5.08 6.01 2.66

As shown in Table 3, we have investigated and analyzed ECG-KanFormer
with various parameters and layer configurations. This research explores the
impact of different model layers, N_FFT (number of FFT points), hop size,
window size, and augmentation techniques on the network’s performance. The
aim is to understand how these parameters and network depths affect the model’s
effectiveness.

We find that varying network depths affect the fitting of categorized ECG
data, with deeper networks tending to overfit more quickly. The choice of N_FFT
influences the richness of the features extracted by the model, while the interplay
between hop size and window size affects the coding length of the initial input
to the network.

In our exploration of model depth and parameters, we discovered a dynamic
equilibrium between model depth, N_FFT, and other factors when analyzing
ECG signals. By homomorphic adjustment, we can balance the complexity be-
tween the model and the features. Reducing model complexity necessitates in-
creasing feature complexity, and vice versa.

4.5 Ablation Study

As shown in Table 4, we perform an ablation study comparing KAN-enhanced
ViT models at different depths with the original ViT. Our model consistently
outperforms ViT across accuracy, precision, recall, and AUC, improving precision
by 5.08%, AUC by 2.66%, accuracy by 1.23%, and recall by 6.01%.

The effectiveness of ECG-KanFormer for time-series data analysis, partic-
ularly for ECG data classification, is demonstrated. The deep integration of
KAN with ViT proves to be highly effective, highlighting that this approach is
a promising avenue with considerable potential for further exploration.

5 Conclusion

In this paper, we propose a novel ECG-KanFormer network architecture, which,
to our knowledge, is the first instance where KAN are deeply integrated with
ViT for ECG signal analysis. This approach utilizes frequency domain analysis
to transform waveforms into visual-like features, allowing the ViT structure to
extract long-range global features. Furthermore, the deep integration of KAN
with ViT demonstrates advantages in scalability and interpretability. We believe
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that ECG-KanFormer has significant potential for application across a wide
range of sequential data tasks. In the future, we plan to incorporate expert
cardiologists’ knowledge as rules within the model to enhance its performance
and interpretability in medical applications.
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