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KAN-TYPE NEURAL NETWORK MODEL FOR ECG SIGNAL
ANALYSIS AND CLASSIFICATION

/. Kowymina. Heiipomepe:xkeBa wmoxenb KAN-tumy pans anamizy Tta kiaacupikanii curmanie EKT.  [locuimxeHHs
CJIEKTPOKApIiorpaM Ma€ KPHTHYHE 3HAYCHHS JUIS JiarHOCTUKM CEpPLEBO-CYyAMHHUX IIATOJOTIH, OCKINBKM TOYHE BH/IICHHS JIOKAIBHHX
oco0nuBOCTel curHaiy 3abesnedye HagilHICTh Kiacudikauii apuTMiid. AKTYalIbHICTh poOOTH 00yYMOBJIEHa NOTPEOOIO MiABUILECHHS TOYHOCTI
ABTOMAaTH30BaHHUX CHUCTEM, 3JIaTHHX IIPALFOBATH i3 CErMEHTaMM CHIHAJIB Pi3HOT JOBXHHM Ta B yMOBAaX LIIyMOBOTO BILIMBY. MeTo0 po6oTH €
PpO3po0OKa Moieli Ha OCHOBI 0araTouiapoBOro MepUenTpoHa 3 JOAATKOBHM HIApOM, IO KOMOiHye paianbHi O0a3ucHi QyHKUIi Ta BeiiBieT-
TIEPETBOPEHHS Ul TOYHOTO BUSBICHHS JIOKAJIILHUX OCOOIMBOCTEH CHrHaNy. 3aBJaHHS BKIIFOYAH IMIATOTOBKY Ta HOPMAi3allil0 CETMEHTIB
CHT'HAJIB, EKCIIEPUMEHTAJIbHE MOPIBHIHHS Pi3HUX THIIB BEHBJIETIB 1 piBHIB 1X JekoMIo3uLii, BUOip Yncia GyHKLIH y J0JaTKOBOMY Liapi Ta
OLIIHKY BIUIMBY apXiTEKTypHHX IapaMeTpiB Ha TOYHICTh Kiacu(ikalii Ta MBUAKOLII Moneneid. MeToau AOCHTIDKEHHS mnependadanu
00poOKy curHamB i3 BiAKpUTOI 0a3M JaHMX, HOpPMANli3allif0 3HAYeHb CETMEHTIB Y BHM3HAUCHOMY Jiama3oHi, moOymoBy Mopeneit i3
3acTOCYBaHHAM OaraTokinacoBoi QyHKIIii BTpaT i METO/IB ONTHMI3allil IPagieHTHOTO CITyCKY, a TAKOX OLIHKY e(eKTHBHOCTI Yepe3 TOUHICTh
Kiacugikanii i MOKa3HUKU 30a1aHCOBAHOI TOYHOCTI AJISI CETMEHTIB 31 IIUTYHOYKOBUMH IMOPYIICHHSAMHU PUTMY. Pe3ynbTaTi mokaszanu, 1o
iHTerpatisi T0AaTKOBOTO LIapy 3 pajialbHUMU 0a3MCHUMH (DYHKIISIMU 1 BEHBJIET-IEPETBOPESHHSM ITiJBUIILY€ TOUHICTh KIacupikamii apuTMmii,
3a0e3nedye CTAOUIBHICTE MOJeNeH NpH 3MiHI IapaMeTpiB CerMEHTAlil Ta HasBHOCTI IIyMy, a TaKOX JO3BOJISIE €(EKTHBHO BHIIIATH
JIOKalbHI OCOOJMBOCTI CUTHally. 3acTOCYBaHHS PI3HMX THUIIB BEHBIICTIB 1 DIBHIB JEKOMIIO3MUIIi JO3BOJAE JOCATTH ONTUMAILHOTO
CHIBBIJHOILICHHS TOYHOCTI Ta MIBUAKONIT Mozeneil. HaykoBa HOBH3HA MONSrae y MO€IHaHHI pajiaibHUX 0a3ucHUX (YHKIIH i3 BeHBIeT-
MIEPETBOPEHHSM JUIsI OKPALIEHOTO BHALICHHS JIOKAIbHUX O3HAK CHUTHANIB €IEeKTPOKapAiorpaMH, HIo 3abe3redye IMiIBHINCHY CTIHKICTh 10
myMmy. [IpakTuyHe 3HaYeHHS POOOTH TOJISTAE y CTBOPEHHI €(EKTUBHOI METOAMKH Ul aBTOMAaTH30BAHOTO aHAJI3Y EJIEKTPOKapAiorpam i3
BHMCOKOIO TOYHICTIO Kilacudikauii apuTmii.

Kniouosi crosa: enekrpokapuiorpama, dararomaposuii nepuentpor, MLP-KAN, BeiiBnet-nepeTBopeHHs, pafiaibHi 6a3ucHi QyHKIT,
Kiacudikarisi, TOUHICTh

D. Koshutina. KAN-Type Neural Network Model for ECG Signal Analysis and Classification. Electrocardiogram analysis is
critically important for the diagnosis of cardiovascular pathologies, as precise identification of local signal features ensures reliable
arrhythmia classification. The relevance of this work is determined by the need to improve the accuracy of automated systems capable of
processing signal segments of varying length under noisy conditions. The objective of the study is the development of a model based on a
multilayer perceptron with an additional layer that combines radial basis functions and wavelet transformation for accurate detection of local
signal characteristics. The tasks included preparation and normalization of signal segments, experimental comparison of different types of
wavelets and their decomposition levels, selection of the number of functions in the additional layer, and assessment of the impact of
architectural parameters on classification accuracy and computational performance. The research methods involved processing signals from
an open database, normalizing segment values within a defined range, constructing models using a multiclass loss function and gradient
descent optimization, and evaluating performance through classification accuracy and balanced accuracy metrics for segments with
ventricular rhythm disturbances. The results demonstrated that integrating an additional layer with radial basis functions and wavelet
transformation increases arrhythmia classification accuracy, ensures model stability under variations in segmentation parameters and noise
presence, and allows effective extraction of local signal features. The use of different wavelet types and decomposition levels enables
achieving an optimal balance between accuracy and computational efficiency. The scientific novelty lies in combining radial basis functions
with wavelet transformation to enhance the detection of local electrocardiogram signal features, providing increased noise robustness. The
practical significance of the study is the creation of an effective methodology for automated electrocardiogram analysis with high arrhythmia
classification accuracy.

Keywords: electrocardiogram, multilayer perceptron, MLP-KAN, additional layer, wavelet transformation, radial basis functions,
classification, accuracy

1. Introduction

Electrocardiographic (ECG) signals are a primary diagnostic tool for monitoring cardiac activity
and detecting rhythm disturbances. Accurate analysis of ECG signals is crucial for early identification
of cardiovascular pathologies, as subtle variations in wave morphology can indicate serious conditions
[1]. Traditional signal processing techniques, such as digital filtering, morphological feature extrac-
tion, and R-peak detection algorithms — including the Pan-Tompkins approach and wavelet transforms
— have provided reliable tools for feature extraction; however, their performance heavily depends on
preprocessing quality and careful parameter tuning [1].

The rise of high-performance computing has enabled the adoption of machine learning methods,
such as support vector machines, decision trees, and ensemble models, which allow partial automation
of feature extraction. Yet, these models often struggle to capture the complex nonlinear dependencies
and inter-patient variability inherent in ECG signals [2]. Recent developments in deep learning, in-
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cluding convolutional, recurrent, and hybrid architectures, have demonstrated remarkable performance
in ECG classification tasks [3]. Despite these advances, classical multilayer perceptron (MLP) models
and their extensions remain relevant due to their structural simplicity, stability during training, and
precise control over architectural parameters.

An emerging approach involves Knowledge-Augmented Networks (KAN), which integrate MLP
architectures with radial basis functions (RBFs) to enhance the network’s ability to approximate local
signal features [4]. Such models generate localized responses to morphological variations, improving
detection of pathological contractions while preserving overall network stability.

The present study aims to investigate the effectiveness of a KAN-type neural network for ECG
classification, comparing it to conventional MLP models. The research focuses on analyzing the im-
pact of RBF components and wavelet-based preprocessing on model performance, robustness, and
sensitivity to rare pathological events. _

2. Literature Review and Problem Statement Quave ors

Electrocardiographic (ECG) signals are a central Swave == —
tool for diagnosing cardiac rhythm and conduction =
disorders. The diagnostic value of ECG relies not on-
ly on the morphology of individual waves but also on
subtle variations in their duration, amplitude, wave-
front slopes, and interval ratios, which are critical for e
detecting early stages of arrhythmias and ischemic —
changes [5, 6]. Preservation of these features depends s
on high-quality preprocessing, making filtering and /77 \ 1 A
normalization stages essential for maintaining diag- V

S

nostically relevant characteristics [7]. I (o)

Classical ECG processing methods, developed in
the foundational works of Pan and Tompkins (1985), g nterval
Tompkins (1993), and studies associated with the
MIT-BIH Arrhythmia Database (2001), established Fig. 1. QRS complex visualization
the basis for QRS complex detection, noise removal,
and standardization of analysis approaches [8, 9]. S6rnmo and Laguna further systematized filtering
strategies, artifact models, and baseline drift correction techniques [10]. Despite these advances, tradi-
tional filters — including low-pass, high-pass, band-pass, and adaptive types — remain limited when
applied to real clinical data containing motion artifacts, myogenic noise, sudden baseline shifts, and
uneven sampling frequency, particularly in long-term Holter recordings [5, 6].

Adaptive filtering methods, such as LMS- and RLS-based algorithms (Widrow, Haykin), enable
real-time spectral adaptation [6]. Kalman filtering and its nonlinear extensions (Extended and Un-
scented Kalman Filters) have been successfully applied to reconstruct P-waves and suppress biome-
chanical noise while preserving QRS complex and ST-segment morphology, as illustrated in Figure 1
[5]. Unlike static filters, these approaches reduce the loss of diagnostically critical features, which is
especially important for long-duration and noisy recordings [1].

Wavelet transforms have been widely adopted for ECG preprocessing due to their ability to rep-
resent signals at multiple scales [7, 11, 12]. Wavelets such as Db4, Db6, or Symlet enable multilevel
extraction of the QRS complex, while adaptive thresholding of coefficients suppresses high-frequency
noise [11, 12]. Multilevel decomposition with subsequent reconstruction preserves small P-wave com-
ponents often lost during classical filtering [7].

Statistical and clustering approaches, including Gaussian Mixture Models (GMM), Hidden Mar-
kov Models (HMM), DBSCAN, and Spectral Clustering, facilitate grouping of cardiac cycles and
identification of pathological rhythm patterns, such as atrial extrasystoles or fibrillation episodes [13,
14]. These methods reduce noise influence and structure large datasets, preparing segments for ma-
chine learning models like CNNs, LSTMs, and hybrid architectures [15, 2]. Adaptive clustering com-
bined with dimensionality reduction methods such as UMAP has demonstrated high effectiveness in
analyzing large clinical ECG streams [14, 1].

The introduction of deep learning has significantly advanced automated ECG analysis. Classical
classifiers (SVM, kNN, naive Bayes) were limited in capturing complex nonlinear dependencies in
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high-dimensional ECG time series [15, 16]. CNNs efficiently extract local QRS patterns, while LSTM
and CNN-LSTM hybrids preserve long-term dependencies [17, 18].

Knowledge-Augmented Networks (KAN) integrate MLP architectures with radial basis functions
(RBF), compensating for limitations in modeling local nonlinearities [17, 18, 19]. RBF components
allow the network to adapt to variations in individual complexes, reducing dependence on specific pa-
tients or recording devices. KAN models show improved arrhythmia recognition on noisy datasets
such as MIT-BIH Noise Stress Test Database and real-world clinical streams [17, 20]. Wavelet-based
preprocessing further enhances KAN models by providing a multilevel time—frequency representation
of ECG segments, preserving local morphology and improving robustness to noise while maintaining
computational efficiency [7].

Despite these advances, several challenges remain. Segmentation and normalization parameters
strongly influence QRS morphology, amplitude ratios, and temporal intervals, affecting classification
accuracy and model stability across different devices and patient populations. Real-world ECG signals
often contain electromagnetic interference, motion artifacts, and electrode-related distortions, yet the
robustness of modern neural network architectures — including MLP, RBF-KAN, and wavelet-KAN
models — under such conditions is insufficiently studied. Comparisons between architectures are nec-
essary to determine which approach best balances artifact resistance, training efficiency, and classifi-
cation accuracy.

Thus, the present study addresses the following objectives:

— Evaluate the impact of segmentation, normalization, and noise parameters on model performance;

— Compare the effectiveness of MLP, RBF-KAN, and wavelet-K AN models for ECG classification;

— Improve the reliability of automated cardiac diagnostics;

— Develop practical guidelines for model configuration and preprocessing across clinical scenari-
0s.

3. Aim and Objectives of the Study

The aim of this study is the development and systematic evaluation of a KAN-type neural
network for ECG signal classification, taking into account the influence of segmentation parameters,
normalization methods, and architectural configurations, including RBF and wavelet components. The
research focuses on identifying configurations that provide an optimal balance between classification
accuracy, the network’s ability to capture local time—frequency patterns of the signal, robustness to
noisy data, and training efficiency.

The objectives of the study include:

— preparation of the ECG dataset, including segmentation of signals of varying lengths
(100...250 samples), normalization, and class balancing to ensure a stable foundation for model train-
mng;

— development and tuning of the baseline MLP model, the MLP-KAN architecture with varying
numbers of radial basis functions (RBF: 4, 6, 8), and integration of wavelet preprocessing (MLP-
KAN-WT) for subsequent performance comparison;

— analysis of the impact of segmentation and normalization parameters on model accuracy and
stability;

— investigation of model effectiveness in detecting rare classes (extrasystoles, class V) through
data balancing and F1-score evaluation;

— visualization and assessment of classification results using confusion matrices to compare base-
line MLP, MLP-KAN, and MLP-KAN-WT;

— evaluation of model training time to determine the trade-off between computational efficiency
and processing speed.

4. Materials And Methods

The study utilized the MIT-BIH Arrhythmia Database [9], a standard dataset for ECG-based ar-
rhythmia classification tasks. This database contains recordings of various cardiac rhythms, allowing
modeling of both normal and pathological signals.

Signal segmentation was performed based on R-peaks, as the R-peak represents the most promi-
nent part of the QRS complex, serving as a reliable reference point for defining the start and end of
each cardiac cycle. Segmenting by R-peaks standardizes the length of input signal windows, reduces
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the impact of interbeat variability, and facilitates the extraction of local morphological ECG features.
Figure 1 illustrates an example ECG signal with highlighted R-peaks used for segmentation.

Class labels N (normal rhythm) and V (extrasystoles / premature ventricular contractions) were
converted into numeric format to ensure compatibility with machine learning algorithms. Normal
rhythm (&) includes QRS complexes without arrhythmic signs, characterized by regular heart rates
and stable amplitude-time characteristics. Extrasystoles (V) are premature ventricular beats differing in
shape, amplitude, or RR interval. Although rare, these events are clinically significant. This labeling
approach enables models to learn normal patterns while simultaneously evaluating their ability to de-
tect pathological signals, which is critical for automated diagnostic applications [21].

The dataset was split into training and testing sets while preserving class proportions to provide
representative evaluation of model performance and reduce overfitting risk. To ensure training stabil-
ity and comparability across different signal segments, data normalization was applied. This prepro-
cessing step scales input features to a uniform range, improving convergence during training and the
reliability of performance evaluation.

4.1. Data Preprocessing

Normalization is a critical step for the operation of multilayer perceptrons (MLPs) and KAN-type
neural networks, as these models are sensitive to the scale of input data. ECG signals vary in ampli-
tude due to patient-specific characteristics, sensor placement, and recording conditions. Without nor-
malization, larger amplitude signals could dominate the learning process, leading to biased or unstable
model behavior.

In this study, each ECG segment x =[x, x,, ..., x,] was rescaled to the range [0,1] using min-max

normalization:

X

max — Xmin
where: x is the original signal value, Xmin and xmax are the minimum and maximum values of the seg-
ment, respectively, and x’ is the normalized value [22].

Normalization ensures that models consistently capture both local and global features of ECG
signals. It also improves the comparability of results across experiments, reduces training time, and
enhances generalization to unseen data, which is particularly important for clinical applications.

In addition to amplitude normalization, the dataset was structured to maintain class balance. Ven-
tricular extrasystoles (class V) are less frequent than normal beats (class &), and an unbalanced dataset
can bias the model toward the majority class. The training set was constructed to provide sufficient
representation of rare pathological events, ensuring the model learns to detect clinically significant
anomalies.

4.2. Model Architectures

The multilayer perceptron (MLP) is a fundamental neural network architecture commonly used
for classification tasks due to its ability to model nonlinear relationships between input features and
target classes [23]. The network consists of fully connected layers, where each neuron receives input
from all neurons of the previous layer, applies learned weights, passes the result through an activation
function, and forwards the signal to subsequent layers.

ECG signals were divided into fixed-length windows of 200 samples, each corresponding to an
individual cardiac cycle centered on the R-peak. Such segmentation standardizes the input length, re-
duces interbeat variability, and enables the model to effectively capture both local morphological fea-
tures and temporal patterns of the QRS complex.

In this study, the MLP processes one-dimensional ECG segments of 200 samples, representing
individual cardiac cycles. Input normalization to the 0...1 range standardizes amplitudes across differ-
ent patients and segments, promoting stable training and consistent feature representation [22].

The network comprises two hidden Dense layers. The first layer contains 128 neurons with ReLU
activation, responsible for extracting local morphological features of the ECG, including wave peaks,
slopes, and the overall shape of the QRS complex. A Dropout layer with 0.2 probability follows to
reduce overfitting. The second hidden Dense layer has 64 neurons, also with ReLLU activation, and is
followed by a Dropout layer with 0.1 probability for additional regularization.

The output layer consists of two neurons corresponding to N (normal rhythm) and V (ventricular
extrasystoles) classes, with a Softmax activation function to generate class probabilities:
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where: z; represents the linear combination of
weighted inputs for the i-th output neuron.

Figure 2 presents the schematic of the MLP ar-
chitecture, showing the sequential processing of
ECG segments from input normalization through
hidden layers to class probability outputs. The de-
sign ensures comprehensive capture of local and
global morphological features for accurate classifi-
cation of normal and pathological cardiac events.

The MLP-KAN (Knowledge-Augmented Net-
work) model represents an extension of the classical Fig. 2. Schematic of basic MLP
multilayer perceptron through the integration of a
KAN layer [24]. This layer enhances the network’s ability to capture local variations and subtle mor-
phological patterns in ECG signals, which are often critical for detecting rare or irregular events. The
KAN layer incorporates radial basis functions (RBFs) to supplement the fully connected structure of
the MLP, enabling the modeling of complex nonlinear relationships that standard dense layers alone
may not adequately represent [25].

The input layer processes normalized ECG segments of 200 samples, consistent with the baseline
MLP [26]. Within the KAN layer, each neuron corresponds to a Gaussian RBF, and in this study, four
RBF units are used to capture localized morphological features. These functions generate selective
responses to specific ECG characteristics, such as sharp peaks or deviations in wave slopes, increasing
the network’s sensitivity to clinically significant variations [27]. The output of the i-th RBF neuron is
defined as:

(X —¢ )2

0,(x)= eXp[——j,

26’
where: xis the input segment value, c¢,is the center of the i-th RBF, and ois the width parameter con-

trolling the locality of the function’s influence [28, 29, 30]. Figure 3 illustrates the four Gaussian RBF
functions applied to a representative ECG segment, with each function labeled ¢,,,,¢,,0,.

The outputs of the RBF neurons are then fed

1.0 .
o Intoa fully connected Dense layer, where each out-
0.8 _ i put is combined with trainable weights optimized
g 0k @, @, @,  during t'raining [31]. This produces a condensed rep-
8 resentation of the local morphological features de-
504 tected by the RBFs. Subsequently, the representa-
. 02 tion is processed through two hidden Dense layers
with 128 and 64 neurons, applying ReLU activation
0 02 04 0.6 08 1o and Dropout regularization to enhance feature inte-

Normalized ECG Segment gration, nonlinearity, and generalization [32].

Finally, the output Dense layer contains two
neurons with a Softmax activation function, yielding
probabilities for classification into N (normal
rhythm) and V (extrasystoles). This layered organization allows the network to combine localized fea-
ture extraction via RBFs with global pattern integration, ensuring that subtle variations in ECG sig-
nals, including rare or irregular events, contribute effectively to the classification decision.

The overall MLP-KAN architecture, showing the RBF layer in parallel with the fully connected
hidden layers and the final output layer, is presented in Figure 4. This schematic highlights how local
signal characteristics are extracted and integrated to improve classification performance on both typi-
cal and atypical ECG patterns.

The MLP-KAN-WT (Multilayer Perceptron with Knowledge-Augmented and Wavelet Transform)
model extends the classical MLP-KAN architecture by replacing the radial basis functions in the KAN lay-

Fig. 3. Typical form of functions ¢; for m =4
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er with wavelet functions. This modification enhances the
network’s ability to capture local and time—frequency fea-
tures of ECG signals, enabling precise detection of short-
term anomalies, abrupt spikes, and transient events char-
acteristic of arrhythmogenic episodes. Wavelet functions
effectively highlight localized patterns of the QRS com-
plex, premature ventricular depolarizations, and other sub-
tle morphological variations, while providing robustness
to noise, amplitude fluctuations, and segmentation varia-
bility.

Within the KAN-Wavelet layer, multiple parame-
terized wavelet functions are applied to each ECG seg-
ment of 200 samples to generate a multidimensional

Fig. 4. Example of KAN layer vector of local time—frequency features. The selected
wavelet functions include Haar (level 1), Daubechies 4

(level 4), Symlet 4 (level 4), and Coiflet 5 (level 5), providing diverse basis functions capable of repre-
senting a range of ECG signal characteristics. Each wavelet function v (¢) transforms the input seg-

X0

)

X1 @1(x0)

Normalizer + RFB

Fiae127
X199

ment x(¢) into a feature representation:

9,00 =3x0) v, (1),

where: 7 is the number of samples in the segment. The trainable parameters of each wavelet allow the
network to adapt to variations in signal morphology and inter-patient differences.

The outputs of the wavelet functions are subsequently fed into two fully connected Dense layers for
feature integration. The first Dense layer contains 128 neurons with ReLU activation and a Dropout proba-
bility of 0.2, while the second layer has 64 neurons with ReLLU and Dropout 0.1. This structure aggregates
the extracted time-frequency features, introduces nonlinearity, and supports stable model training.

Figure 5 illustrates the typical forms of the five shifted Daubechies 4 wavelet functions applied to
a representative ECG segment. The graph demonstrates how these wavelets localize and detect subtle
signal variations. Figure 6 presents the complete schematic of the MLP-KAN-WT architecture, show-
ing the integration of the KAN-Wavelet layer with the subsequent Dense layers and output classifica-
tion layer. This architecture ensures effective extraction of local and time—frequency features, increas-
es robustness to noise and inter-patient variability, and improves arrhythmia classification accuracy
compared to the classical MLP-KAN model.
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Wavelet Function Am
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W
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Fig. 5. Typical form of wawelet functions Daubechies 4 ¢; for m =5

4.3. Experiments

The experimental part of the study focused on a comprehensive evaluation of three distinct architec-
tures: the baseline MLP, the MLP-KAN model incorporating a kernel layer for local nonlinear approxima-
tion, and the modified MLP-KAN-WT, which combines the KAN approach with multiscale features ob-
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tained through discrete wavelet transforms. For MLP-
KAN-WT, Haar wavelets with decomposition level 1,
Daubechies 4 with level 4, Symlet 4 with level 4, and
Coiflet 5 with level 5 were selected.

The choice of decomposition levels was guided by en-
ergy and entropy criteria as proposed in [7, 33]. Signal ener-
gy reflects the concentration of information at a particular
scale, while entropy measures the disorder of the coefficients.
Selecting levels that maximize energy and minimize entropy
allows automatic identification of scales that best capture
both local and frequency characteristics of ECG signals.

All models were trained under a unified optimiza-
tion scheme using the Adam optimizer with a learning

Fia6.127

Fig. 6. Examzple of KAN layer with WT rate of 0.001, fixed-size mini-batches, and categorical

cross-entropy as the loss function. Initial weights were
identical across runs to minimize variability and allow

reliable statistical comparison. Evaluation was performed on an independent test set, recording per-
formance metrics such as overall accuracy, class-specific F'1-score, precision, recall, and training time.
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Fig. 7. Learning curves: a — for MLP;

b —

for MLP-KAN; ¢ — for MLP-

KAN-WT, showing both training and
validation loss and accuracy over

A substantial portion of the experiments examined the im-
pact of input window size. ECG signals were divided into fixed-
length segments of 200 samples, corresponding to individual
cardiac cycles centered on the R-peak. This interval provides
sufficient morphological information to capture characteristic
QRS features while reducing interbeat variability. Additional
segment lengths of 100, 150, and 250 samples were tested to as-
sess sensitivity to available temporal context.

Class imbalance was explicitly addressed: the dataset con-
tained a majority of normal beats (class N) and a relative scarcity
of ventricular ectopic beats (class V). Oversampling of class V
was applied during training to ensure sufficient representation,
mitigating bias toward the dominant class and enabling accurate
evaluation of models’ ability to detect clinically relevant anoma-
lies.

For MLP-KAN, the capacity of the kernel layer was varied
by adjusting the number of radial basis functions (4, 6, or 8 RBF)
to evaluate the effect of increased nonlinear space complexity on
the detection of subtle morphological changes. In MLP-KAN-
WT, wavelet transforms represent ECG signals across multiple
levels, preserving local variations such as short impulses, abrupt
transitions, and fine-grained features that conventional dense
layers or RBFs may smooth out.

Learning curves illustrating loss and accuracy on training
and validation sets were generated for all architectures. These
curves provide insight into convergence speed, stability, and the
influence of the KAN layer and wavelet-based feature extraction
on regularization and generalization. Figure 7 presents the loss
curves, while Figure 8 shows accuracy progression.

Confusion matrices were analyzed in detail to reveal char-
acteristic misclassifications, such as ventricular ectopic beats
labeled as normal. These patterns highlight how the integration
of local nonlinear processing in the KAN layer and multiscale
wavelet features in MLP-KAN-WT improve recognition of com-
plex morphological structures.

Overall, these experiments provide a holistic understanding of
the functional advantages and limitations of each model, demon-
strating how architectural choices, input segmentation, and class
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balancing influence classification performance, robustness to noisy or variable signals, and computational
efficiency.

5. Research Results

The evaluation of the baseline MLP and its KAN-augmented variants was performed using three
primary metrics: overall classification accuracy, F1-score for class V (ventricular ectopic beats), and
training time. Given that class V" occurs far less frequently than class N (normal rhythm), the F1-score
serves as a critical measure of the model’s ability to correctly identify rare pathological segments.
Training time provides insight into computational efficiency and highlights the trade-off between
learning speed and classification performance, which is especially important in real-time clinical sce-
narios.

All models were trained on normalized ECG segments of 200 samples each, scaled to the [0,1]
range. Normalization ensures uniform signal amplitude across different patients and segments, pro-
moting stable training and consistent feature representation. To mitigate class imbalance, additional
class V segments from multiple records in the MIT-BIH dataset were included, ensuring a representa-
tive number of examples for both classes and reducing overfitting toward the dominant class N. Spe-
cifically, the training set contained approximately 90% class N and 10% class V' segments, reflecting
the natural prevalence of these rthythms while providing sufficient samples for robust learning of rare
events.

Test results, summarized in Table 1, show the performance of the baseline MLP, the MLP-KAN
models with RBF layers, and the MLP-KAN-WT variants using wavelet preprocessing. The data indicate
that the integration of a KAN layer and wavelet transforms improves both overall classification accuracy
and the F1-score for the underrepresented class J compared to the standard MLP. This confirms the ad-
vantages of combining local nonlinear modeling with multiscale time-frequency feature extraction.

The baseline MLP achieved an overall accuracy of 0.9993, but its ability to detect rare class V
segments was limited, as reflected by an Fl-score of 0.9951. The addition of the KAN layer with 8
RBF units (MLP-KAN-RBFS) increased the F'1-score to 0.9976, at the expense of higher training time
(61.07 s). The MLP-KAN-WT model with Haar wavelet preprocessing (level 1) achieved a compara-
ble Fl-score of 0.9976 while maintaining lower computational cost (41.46s), demonstrating that
wavelet preprocessing efficiently enhances detection of rare pathological events without compromis-
ing performance for the main class N:

Precision - Recall

Fl-score=2- — ,
Precision + Recall

Precision = l, Recall = L,
TP + FP TP + FN

where: TP, FP, and FN represent true positives, false positives, and false negatives for class V, respec-
tively.

Table 1
Comparative Results

Model Accuracy F1V Precision V' Recall V Time s

MLP 0.999324 0.995146 0.990338 1.000000 32.36
MLP-KAN-RBF4 0.999324 0.995146 0.990338 1.000000 46.12
MLP-KAN-RBF6 0.999324 0.995122 0.995122 0.995122 66.43
MLP-KAN-RBF8 0.999662 0.997555 1.000000 0.995122 61.07
MLP-KAN-WT-haar 1 0.999662 0.997555 1.000000 0.995122 41.46
MLP-KAN-WT-db4 4 0.998648 0.990243 0.990243 0.990243 43.24
MLP-KAN-WT-sym 4 0.998648 0.990243 0.990243 0.990243 52.01
MLP-KAN-WT-coif 5 0.998648 0.990148 0.990148 0.990148 51.64

Training dynamics were assessed through learning curves for each model, showing both accuracy
and loss over epochs (Figure 8). These curves confirm that the baseline MLP quickly reaches high ac-
curacy but exhibits fluctuations late in training, indicating some instability in detecting class V. In con-
trast, the modified architectures with KAN and wavelet preprocessing exhibit smoother, more stable
learning, maintaining peak accuracy around 0.9997:
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TP + TN
TP+ TN +FP + FN’

Confusion matrices further illustrate model performance. For the MLP-KAN-RBF8 model (Fig-
ure 9), class N achieved 2,743 correct predictions with 10 misclassified as class V, while class 7 had
189 correct predictions with 16 misclassified as class N. For the MLP-KAN-WT with Haar wavelet
preprocessing (Figure 10), class N had 2.754 correct predictions with zero misclassifications, and class
V had 204 correct predictions with only 7 misclassifications. These results highlight the improved sen-
sitivity and stability provided by wavelet preprocessing combined with the KAN layer.

Accuracy =

Confusion Matrix

Model: MLP-KAN, Segment Length: 250 Confusion Matrix: Wav-KAN-haar
2500 2500
= 10 2000 = 2754 0 2000
9 1500 g 1500
= =
1000 1000
N 16 189 ~ 1 204
500 500
| 0 1 0
N Predicted V N Predicted V
Fig. 8. Confusion Matrix: MLP-KAN- RBF§ Fig. 9. Confusion Matrix: MLP -KAN-WT-haar 1

6. Conclusions

The experiments demonstrated that integrating the KAN layer into the baseline MLP architecture
significantly improves ECG segment classification accuracy. The baseline MLP achieved an accuracy
of 0.9993, whereas the modified MLP-KAN-RBF8 reached 0.9997, with the F1-score for the rare
class V increasing from 0.9951 to 0.9976.

The model with Haar wavelet preprocessing— MLP-KAN-WT (Haar wavelet, level 1) — achieved
comparable results: accuracy of 0.9997 and F1-score for class V of 0.9976, with relatively lower com-
putational costs. This indicates that wavelet preprocessing maintains high model performance while
reducing training time.

MLP-KAN exhibited higher training stability and better robustness to segment variations. Valida-
tion accuracy for the modified models remained at 0.9997, whereas the baseline MLP showed larger
fluctuations in later epochs. Increasing the number of RBFs from 4 to 8 improved classification accu-
racy for class V' by approximately 0.2...0.3 %, although training time increased by 32...35 s. Wavelet
preprocessing ensures an optimal balance between high accuracy and computational efficiency.

Analysis of confusion matrices confirmed that MLP-KAN substantially reduces misclassifica-
tions of class V segments compared to the baseline MLP while maintaining high accuracy for class M.
Overall results indicate model stability and effective capture of local nonlinearities in the signal, en-
hancing generalization on test data.

These findings support the use of the KAN layer for automated ECG classification tasks, provid-
ing a balance between accuracy, F1-score, and computational cost, making this approach promising
for practical medical applications. Using wavelet preprocessing, as in the MLP-KAN-WT model with
Haar wavelet (level 1), achieves high performance at an optimal computational complexity.

Thus, combining wavelet preprocessing with the KAN layer offers the best compromise between
classification accuracy, sensitivity to rare segments, and computational efficiency, making this ap-
proach particularly suitable for practical automated ECG analysis.
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