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ABSTRACT Electrocardiography (ECG) is a widely used, non-invasive tool for assessing cardiac function,
but conventional disease-centric models do not fully capture overall cardiovascular health. Recent work
has introduced the concept of ECG age: a neural network—predicted age derived from ECG signals. Its
difference from chronological age, known as delta age (AAge), has emerged as a surrogate marker of
cardiovascular well-being. While deep learning approaches have shown promise for ECG age estimation,
their computational complexity and lack of interpretability limit deployment in compute-constrained
clinical environments. Kolmogorov—Arnold Networks (KANs) offer parameter efficiency and improved
interpretability, yet existing variants remain compute-heavy, underexplored for regression tasks, and unable
to disentangle contributions from individual ECG leads. To address these challenges, we propose LeadKAN,
a lightweight and explainable KAN architecture for ECG age estimation. LeadKAN is built on LORKAN
layers, a novel layer design that replaces fully connected layers with low-rank bilinear mixing followed
by an RBF-kernelized top, significantly reducing parameter count and computation. LeadKAN achieves
ECG age estimation performance (MSE ~ 112; MAE =~ 8.25 years) comparable to state-of-the-art models,
while requiring 16x fewer parameters and 45X fewer multiply—add operations. Additionally, lead-specific
encoders enable attribution analysis, thereby enhancing clinical interpretability. These results position
LeadKAN as an efficient and explainable framework for ECG age estimation, with strong potential for
deployment in real-world, compute-limited settings.

INDEX TERMS Cardiovascular Well-being, Explainable Neural Network, Lead Importance Analysis,
Lightweight Neural Networks, Low-rank Bilinear Mixing, Radial Basis Functions, Surrogate Metrics.

l. Introduction

Electrocardiography (ECG) is one of the most widely used
non-invasive tools for assessing cardiac function. By cap-
turing the heart’s electrical activity through multiple leads,
ECG enables the diagnosis of diverse conditions such as
arrhythmias, myocardial infarction, and conduction abnor-
malities [1]. Traditionally, interpretation has relied on ex-
pert inspection, but manual analysis is subjective and often
challenged by overlapping waveform patterns that can cor-
respond to different pathologies. Recent advances in deep
learning [2]-[4] have shown strong potential for automated
ECG analysis, achieving high performance across single- and

multi-disease classification tasks [5], [6]. While these ap-
proaches represent important progress, disease-centric mod-
els alone may not fully capture the broader state of cardio-
vascular health, particularly in patients with comorbidities or
multiple risk factors.

Beyond diagnosing specific diseases, ECG signals can also
capture subtle physiological changes associated with aging.
Deep learning models trained to predict chronological age
from ECG data have given rise to the concept electrocar-
diogram age (ECG age) [1], [7]. The difference between
this predicted age and the actual chronological age (often
referred to as AAge [7]) has emerged as a surrogate marker
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of biological aging and overall cardiovascular well-being [8].
A higher AAge indicates reduced cardiovascular well-being,
whereas a lower AAge suggests better overall cardiovascular
health [9]. Despite its clinical promise, current deep learn-
ing approaches to ECG age estimation are computationally
heavy [10], lack interpretability [11], and are poorly suited
for deployment in resource-constrained environments.

Kolmogorov—Arnold Networks (KANs) have recently
emerged as a promising alternative to traditional multi-
layer perceptrons (MLPs) for function approximation [12].
Unlike conventional MLPs, KANs learn univariate activa-
tion functions directly on the connections between neurons,
rather than relying on node-based nonlinearities and weight
optimization. This design enables the network to model
complex functional relationships with higher parameter effi-
ciency and improved interpretability. Despite these advances,
existing KAN variants remain computationally intensive
and parameter-heavy, particularly when scaling to high-
dimensional inputs. These limitations restrict their deploy-
ment on resource-constrained devices, such as point-of-care
medical equipment. This motivates the need for lightweight
and compute-efficient KAN architectures. Furthermore, ex-
isting KANSs do not disentangle the contributions of different
input channels towards the final prediction, thereby limiting
explainability. KANs have been applied to a variety of ECG-
based diagnostic and forecasting tasks [13].

To address the limitations of existing KAN variants, this
paper proposes LeadKAN, a lightweight, computationally ef-
ficient, and explainable architecture for ECG age estimation.
Briefly, the main contributions are as follows:

e We introduce LeadKAN, a lightweight architecture
built on Lowrank KAN (LoRKAN), a novel layer
design that combines low-rank bilinear mixing with an
RBF-kernelized top, providing an efficient alternative to
parameter- and compute-heavy fully connected layers.

e We enhance interpretability by designing thirteen ded-
icated encoders, twelve for individual ECG leads and
one for global features, enabling attribution analysis of
lead-level contributions.

e We provide qualitative and quantitative evaluations,
including principal component analysis of lead embed-
dings and a masking-based lead importance study, to
assess representational quality and model explainability.

e We demonstrate the clinical utility of the ECG age
metric (AAge) by comparing model performance on
healthy and diseased cohorts, showing its potential as
a surrogate measure of cardiovascular well-being.

The remainder of the paper is organized as follows.
Section II provides a formulation of KANs and a brief
overview of FASTKAN. Section III presents the methodol-
ogy, including an overview of the LeadKAN architecture, a
detailed description of the LORKAN layers, and its parameter
complexity. Section IV describes the experimental setup,
including the datasets, implementation details of LeadKAN,

and the evaluation metrics used to quantify performance in
the ECG age estimation task, as well as network compute
cost. Section V presents the results and discussion, com-
paring the ECG age estimation performance of LeadKAN
against baseline models, along with qualitative analyses and
assessment of the clinical utility of ECG age. Finally, Section
VI concludes the paper.

Il. Preliminaries & Related Work
This section provides the fundamental formulation of KANs
and links it to the development of FASTKAN architecture.
Additionally it provides brief literature overview of kANs
and its application for ECG data.

A. Overview of KAN
KANSs [12] are founded on the classical Kolmogorov—-Arnold
representation theorem, which establishes that any continu-
ous multivariate function can be expressed as a sum of com-
positions of univariate functions. Formally, for a multivariate
function f : R™ — R, the theorem states:
Kl X
= ¥q Toia(Tp) 6]
p=1

f(z1,20,...,2n)
q=1
where 7p;q(-) represents the inner univariate transforma-
tions, ¢q(-) denotes the outer composition functions, and
x1,%2,...,2n (i € R) are the input features.

The original KAN framework leverages this theorem by
approximating these univariate mappings using B-spline
basis functions, which offer both universal approximation
capability and localized updates for stable training. One
particular layer in a KAN can be compactly represented in
matrix form, where each entry corresponds to a learnable
univariate function 7j;j(-) and row corresponds to a single
composition of univariate functions:

m1(1)  T2(7) Tn(")
ETZ;l(') 72;:2(") TZ;n(')E
Xout = . . : Xin- 2
nea() me2() o men()

Unlike a fully connected layer in a perceptron, which rely
on fixed nonlinear activations applied after linear weighting,
KANSs directly learn the univariate transformations and ag-
gregate them to generate the output.

B. Reducing KANs to RBF Networks
A major limitation of the original KAN implementation lies
in its computational inefficiency on modern GPU architec-
tures. Forward and backward propagation are significantly
slower compared to the standard linear transformation fol-
lowed by nonlinear activation in MLPs. This inefficiency
arises primarily from the use of B-splines and updating their
basis/grid during training.

To address this issue, Li et al. [14] proposed FASTKAN
by replacing B-spline basis functions with radial basis func-
tions (RBFs) as the activation basis. The key motivation is
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that RBF kernels can approximate n-order B-splines WifRigorithm 1 LoRKAN Layer
high accuracy, while being computationally efcient on :

GPUs. Speci cally, if the input features are normalized to- 51298 1 RBF Eﬁpans'on (FASTKAN-style)
a bounded range, a set of RBF centers can be distribu'[éfd'"'t'a"Ze X2R

i=1
where x 2 R denotes a single input featurg, are the learn- 8: Stage 2: Kernel Projection (low-rank mixing across kernels)
able coef cients corresponding to RBF kernelsrepresent 9: Z XP fP 2R kR trainableg

the_ RBF centers, ar_1d his the kem_el width parameter. The Stage 3: Inter-feature Mixing (column-wise dot products)
activations are obtained by evaluating the response of eaghtor =1 to R do

RBF kernel, and the resulting values across all inputs in the. % z; W 2R "R trainableg

layer are nally combined through a linear transformatiorys. enq for

It should be noted that the K RBF kernels are shared acrogg y y ;:::;yq]> fy2R Rg

the input features. While FASTKAN improves the tralnlnqs_ Stage 4: Outout Head

and inference ef ciency of KANSs, it introduces a large linear> >'29¢ # Dubut Hea

. . 16: if linear top then
uwtransformation matrix at the top. 17 Av+bTAZR  OR b2 RO trainabl
: o Ay ; rainableg

fA is linear transformation and b is biasg
C. KANs for ECG 8 else

1
Liu et al. [12] modeled KANs by employing B-spline func-,o. ¢ '~ 1 1o M do
tions to represent these univariate transformations. Whilg. dn ky S mksfis mg R R trainable supportsg
effective, the approach was not optimized for GPU executionl,_ 2
and updating the B-splines on CPUs incurred signi canztzj 2h2
computational cost, which limited scalability for deeper ozrgj .....
wider architectures. EFFKAN [15] addressed this limitatiof™" [ ] _
. . . L : 0o U+cfU2R ©°M : ¢2RP trainableg
by expressing all functions as linear combinations of a xe o , .
. . . . . fU is linear transformation and c is biasg
set of B-spline basis functions. This reformulation allowed _
. . .. .. 26 endif
the computations to be performed as matrix multiplications
. . . . 26: return o
reducing memory usage and improving ef ciency. Subse
quently, Li et al. [14] proposed FastKAN for accelerated
inference by approximating B-splines with RBFs. KAN tailored for ECG data. In addition, LeadKAN is i
KANs have also been applied to a variety of ECG analysiexplicitly designed for regression tasks while maintaining 17
For instance, Zeleke et al. [13] employed a federated leaw-degree of explainability by capturing the dependence 17
ing setup with KANs to investigate the trade-off betweesf predictions on individual ECG leads. To this end, the s
algorithmic performance and data privacy in arrhythmia claarchitecture introduces a dedicated encoder for each of the e
si cation using the MIT-BIH dataset [16]. Similarly, Zhao 12 leads as well as one encoder for global ECG features, i
et al. [17] applied KANs to raw ECG signals, which wergesulting in a total of 13 parallel encoders. The input ECG s
rst processed using piecewise aggregate approximation data are partitioned accordingly, with each partition directed 17
reduce signal frequency before performing one-dimensionala speci ¢ encoder. Each encoder is built from a single low- 10
feature extraction. Beyond ECG analysis, KANs have beeank KAN layers (LORKAN) that produces 8-dimensional i
utilized for related biomedical applications. For instancgead-level embedding or global ECG feature embedding. i
Bataineh et al. [18] employed KANs to predict carotidfhese embeddings are concatenated to form an integrated s

across that range to smoothly localize the features. The RBE ! =‘1 ton do
. . 4: for *=1to k do
activations can be expressed as . . (xi ¢ )2
kX c _k2 . ' P 2hr2bf
f(x) = wiexp — 1% . o:hxed; (3 & endfor
() | €Xp 2h2 G 3) 7. end for
8

m exp
end for

intima-media thickness from tabular clinical data. representation, after which inter-lead interactions are mod- s
eled by another LORKAN layer with output dimension 64. 1
1. Methodology The resulting holistic embedding captures both local and 1

This section describes the LeadKAN architecture for EC@lobal patterns across leads and is ultimately passed through s
data. Speci cally, it provides an overview of the architeca nal LORKAN layer with a single scalar output for ECG  1ss
ture and the innovations made with the LoORKAN layer tage estimation. 189
minimize parameter count and compute of the network.

B. LoRKAN Layer 190
A. LeadKAN Overview The proposed LoRKAN layer (Figure 1 (B)) builds upon i«
The key motivation behind the proposed LeadKAN architettie FASTKAN (Figure 1 (A)) formulation introduced by Li 1
ture is to develop a lightweight, ef cient, and explainableet al. [14]. In FASTKAN, n input features of the layer are 19
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FIGURE 1. The architecture of the (A) FASTKAN and (B) LORKAN Layers. Here, X 1;X 250X o (X 2 R) are the input features.

expanded to n k through shared RBF kernels, where k i®utlined in the FASTKAN paper [14], where the range of 2
the number of kernels. This representation is then mappie feature values is normalized to the interval [-2, 2], with 2
to an output of dimension o using a fully connected (FGJ equally spaced kernel centers (k=8) to adequately cover 2»
layer, introducing nko parameters. Such a transformatidhis range. The rank parameter R was empirically determined 2
is parameter-intensive, computationally heavy, and scalia an ablation study (supplementary material), where R=8 2
poorly when either the number of input features or therovided the best balance between prediction accuracy and 2
number of kernels grows large. To overcome this limitatioparameter ef ciency, with larger values yielding diminishing 2
the LORKAN layer replaces the FC layer with a low-ranlperformance gains. The width of each kernel (h) is deter- 2
bilinear mixing strategy, followed by either an additionaimined by dividing the grid range (i.e., 4) by the number of 2
RBF kernel mapping or a linear top. Algorithm 1 show&BF centers minus one (i.e., 7), reducing overlap between 2
the high-level steps of the LORKAN layer. different kernels. 240
After the kernel projection, the matrix Z 2 R encodes 2

n input features represented with R channels. To aggregate 2
1) Low Rank Bilinear Mixing information across the n input features, a learnable feature s
A key assumption for the successful application of low-rankixing matrix W 2 R"R  of the same shape is introduced. 2
bilinear mixing is that the interaction between the n inpuEach column w; of W serves as a weight vector for com-  as
features can be captured in low-dim R-dimensional spadaning the corresponding column;zof Z. The inter-feature 2
Once the input is expanded into an n k representationmixing is then obtained by a column-wise dot product, 247
the vector can be viewed as a matrix with n rows and k Vi = W32za: j=1:0R; (5)
columns. To ef ciently capture interactions across the kernel J A o

dimension, a shared linear transformation, referred to as fifgulting in a low-rank vector y 2 R This operation can be 2
kernel projection, is applied across the k kernel values g}terpreted as a weighted averaging mechanism, where each 2

each input feature. Formally, the transformation is expresslél@ut feature contributes according to its learned weight, thus 20
enabling the model to emphasize the most relevant features 2

215 asS. .
Z = XP: @) when generating the vector y. 252
26 Where X 2 R"% is the expanded input representation, P 2
27 R¥R s the learnable kernel projection matrix, and Z 22) RBF Kernel/Linear Top 253
2sR"R is the transformed output. The nal stage of the LoRKAN layer involves mapping 2
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When R = k, the operation acts as a feature mixinghe low-rank representation y 2 Rinto an output vector s
step in the kernel space without changing dimensionality.2 R°. A straightforward approach is to apply a FC layer s
When R < k, the operation reduces the kernel dimensiofA 2 R°R ; b 2 R° trainable), which has been shown 2
serving as a form of dimensionality reduction that retairt® work effectively in architectures where several LORKAN 258
essential features for the task. After kernel dimensionalitstyers are stacked and the input to the network consists of 2
reduction, the embeddings no longer preserve the precaketabular features jointly. However, in LeadKAN, where 2o
localization of a feature within the kernel grid but insteathe design employs dedicated encoders for each ECG lead,
encode broader structural characteristics, such as whetherahsimple FC mapping often proves insuf cient. To better 2
feature lies toward the left or right of the grid or whether itapture nonlinear interactions, we employ an RBF-kernelized 2
takes positive or negative values. For selecting the parametergjection. that enriches the representation by mapping itinto  2e
for the RBF kernel of LeadKAN, we follow the approacha higher-dimensional feature [19]. 25
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266 Formally, let fs;;:::;su g denote a set of learnable supwhere X represents the unmasked input embeddings, su
27 port vectors in the R-dimensional space (i.e.; 8 RR). Mj(X) represents the embeddings with the j-th encoder s
xs  For each support,s, the Euclidean distance to the low-ranknasked, and MSE;] indicates the performance degradation
e VECtor y is computed as due to masking. Figure 5 presents the MSE values for s
_ . A ] the 12 ECG lead encoders and the global feature encoder, s
dn =ky s mky; m=1;:::;M: (6) . T S
capturing performance degradation in age estimation when s
a0 Each distance is then passed through an RBF kerneldoe encoder's output is masked (i.e., nullied). A higher a7

:ngenerate an activation, MSE indicates a greater degradation in performance, s
o2 highlighting the signi cance of that particular encoder to the a1
m(y) = exp ZTTZ ; (7) model's overall function. Conversely, lower MSE values =
suggest a smaller impact on the model's performance. 21
22 Where h is the kernel width parameter. The resulting ac-
a3 tivations 1(y);:::; wm(y) are concatenated to form an
2 M-dimensional kernelized representation of low-rank vectdy: Experimental Setup %22

25y 2 RR. This kernelized feature vector (2 'R) is then This section outlines the ECG dataset, LeadKAN implemen-
26 transformed by a FC layer (U 2®' ; ¢ 2 R° trainable) fation details, and evaluation metrics for ECG age estimation. s

a7 to produce the nal output vector 0 2 R

A. PTB-XL+ Dataset 325
2 C. Parameter Complexity The experiments in this work are conducted using the PTB- s
2e  The parameter count of the proposed LoRKAN formulaXL+ dataset [20], an extension of the PTB-XL corpus. PTB- =
20 tion can be decomposed into three parts. First, the kern@l [21] comprises 21,799 raw 12-lead ECG recordings s
21 projection (P) requires k R parameters, where k is thecollected from a German cohort, and PTB-XL+ augments s
22 number of kernels and R the reduced rank. Second, the intgtis resource by providing clinically validated features ex- s
s feature mixing introduces an additional n R parameterstracted from the raw signals using the GE 12SL system (782 s
2« through the learnable weight matrix W. Finally, the RBF{eatures). This conversion ensures that the dataset includes s
25 kernelized projection from the R-dimensional vector to thetandardized ECG descriptors commonly used in clinical s
26 output o 2 R® introduces M o parameters, where M is practice. In addition, PTB-XL+ includes metadata, such s
27 the number of support vectors. The total parameter countad age, gender, and folds for 10-fold cross-validation with s
=the low-rank design is therefore: strict patient-level separation, ensuring that all recordings s
O(KR + nR + Mo): from a single p_atient are assigned to the same fold and 337
thereby preventing data leakage during evaluation. During s
2o In contrast, the standard FASTKAN approach requirgsreprocessing, we identied that only 8 out of the 782 s
20 O(nko) parameters. Hence, low-rank bilinear mixingfeatures contained missing values; since this represented a
= achieves a substantial reduction in parameter complexifggligible fraction of the feature set and the affected features s
22 While retaining expressive capacity through kernelized no@ere not uniquely informative, these features were removed, =
linear projections. resulting in a nal data dimensionality of 774 features. a3

29

@

4 D. LeadKAN Explainability B. Implementation Details 344

25 10 assess the dependence of LeadKAN on individual ECﬁ"le LeadKAN framework was implemented in PyTorch, -
, 45

26 leads, we conducted a masking-based attribution analy%agdmg upon the publicly available FASTKAN codebase. s

27 Each encoder generates a vector embedding of size 8, : .
. . aining was performed using mean squared error (MSE) s

28 the output of one encoder was masked at a time by setting, its - . o .
I05s and the Adam optimizer with an initial learning rate as

200 embedding to zero. The model was re-evaluated on the full . o .
. ) . of 0:01 and an kL regularization coefcient of 10 . A o

a0 test set after masking each encoder's output. This process : .
Step-based learning rate scheduler was employed with a a0

s1  Was carried out sequentially for each of the 1.2 Ie_ad speci ¢ cay factor = 0:05 and a step size of 35 epochs. The
sz encoders and the global encoder. The contribution of eac : o
. model was trained under a 10-fold cross-validation strategy, s
s encoder was quantied by the MSE, calculated as the . : oL
. ) . ith each LeadKAN trained for 75 epochs within each ss
s« difference between the model's performance with compleje
old. All reported results represent the mean performance .

= unmasked embeddings and the performance after masking, 'y folds, with the standard deviation calculated over s
s the output of one specic encoder. Unlike the MSE los

. . ) - ese folds to provide a robust and reliable evaluation. We s

sor  function used for training the network, which optimizes th . )
ave employed a range of tuned machine learning models s
a8 overall model parameters, MSE measures the performance

: ; icufs @ baseline for the ECG feature-based age estimation. s
= degradation caused by masking the output of one partlcu,@(ﬁditionally we included AttiaNet [11] and ResNetlD [10] s
a0 encoder. MSE is de ned as '

architectures for age estimation to ensure a fair comparison e
MSEj = MSE(Mj(X)) MSE(X); (8) with raw ECG-based age estimation methods. 361
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C. Evaluation Metrics TABLE 3. Compute cost of deep learning models for ECG age estimation.
To evaluate the performance of LeadKAN for ECG age Deep Learming Parameter Disk Mult-

. . Model Variant Count Utilization (MB) Adds

ror

estimation, we employed MSE and ‘mean absolute OOk et 1] (100D — 593,505 3 035 106
(MAE). Let y; denote the C_hron0|0§l|cal age Of_ the -t resnen (10 @oorz)| = 6,940,065 27.76 143:97 10 °
samqye and the corresponding ECG age. MSE is de ned  ErFkan [15] Confl | 62,000 0.28 0:06 103
asNi i'il (vi ¥ i)? and was selected because it corresponds EFFKAN [15] Conf2 | 2,310,400 8.90 2:08 102
dirgctly to the training loss function. MAE is de ned as{— ="“ANE9 Confs | 496,000 L79 045 10~
1 NT . d d . t t b| L FASTKAN [14] Confl 57,389 0.22 0:06 10
Nz Wi 9 iJ and provides a more interpretable measure,  pagrcan 4 Conf2 | 2,082,085 7.90 2:08 10 3
since its units are expressed in years, indicating the average rastkan [14] Conf3 | 448,157 1.70 0:45 10 3
deviation of the ECG age from the chronological age. MLP Regressor Conf3 | 49,793 0.20 0:05 10 *

In addition to predictive accuracy, the ef ciency of the LeadkaN (ours) - 28,205 0.16 001 10°

network was assessed using parameter count, disk uti- : . . .
o L . material to ensure reproducibility. As shown in Table 1, sim- 90
lization, and the number of multiplications and addi-

tions required during inference. These metrics capture tR(Iee regressors such as_de_cisi_on trees and Kneighbo_rs regres- s
lightweight nature of the proposed architecture and facilitafs . exhibit high MSE, indicating poor ECG age estimation
fair comparison with existing models pérformance. In part_lcular, the deg_radafuon of Kn_e|ghbors a9

' regressor can be attributed to the high dimensionality of the s
ECG feature space ( 774 features), where the data points are  zss

V. Results & Discussion sparsely distributed and distance-based similarity measures s

This section pr_esents the performance of rr_lach_me Ieam'ﬁ'@come ineffective [22]. In contrast, ensemble and bagging-  zo
and deep learning models for ECG age estimation. AISO'H sed methods such as random forest and extra trees re-

provides a qualitatiye _analysis of the LeadKAN_ includin ressors achieve signi cantly better performance, with MSE s
its dependence on individual ECG leads, and discusses

- : _ - fues around 140 and MAE below 10 years. Elastic Net re- 0
utility of ECG age as a metric of cardiovascular We”bemggression performs comparably to these ensemble approaches, «
suggesting that combining regularization approaches is ef- 40
A. Age Estimation Performance fective for age estimation. The best-performing model is 0
the LightGBM regressor, which achieves the lowest MSE 4
and competitive MAE across all evaluated methods, demon- s
strating the effectiveness of gradient boosting with leaf-wise 06

39

TABLE 1. ECG Age estimation performance of different machine learning
regressors.

Machine Learning Model | Test MSE | SD MSE | Test MAE | SD MAE | tree growth for capturing complex nonlinear relationships in o7
Decision Tree Regressor | 190.57 7.93 1091 0.19 ECG-derived features. These results highlight the limitations 4o
Elastic Net 18713 | 611 9.21 0.16 of distance-based and shallow learners for high-dimensional e
KNeighbors Regressor | 16934 | 561 1035 019 ECG data, while underscoring the advantages of kernel- o
Extra Trees Regressor 143.98 4.89 9.55 0.14 . .
Random Forest Regressol ~ 140.37 4.79 9.39 0.14 based methods for _ECG age estimation. oo™
Support Vector Regressor|  118.15 550 8.48 018 Table 2 summarizes the performance of deep learning
LightGBM Regressor 117.08 2.10 8.48 0.12 architectures for ECG age estimation using raw ECG sig- a3
XGBoost Regressor 123.40 3.57 8.66 0.13 nals (100 Hz) or tabular feature representations, while the .
corresponding computational costs are reported in Table 3. s
TABLE 2. Performance of deep learning models for ECG age estimation. Among the raw ECG data models, AttiaNet achieves an s
Deep [Earming st T 5D T Test T SD MSE of 112 with an MAE of 8.23 years, whereas ResNet-  u
Model Variant | MSE | MSE | MAE | MAE 1D, despite being a larger architecture, performs poorly s
AttiaNet [11] (100HZ) - 112.02 | 505 | 8.23 | 0.17 with an MSE of 150 and MAE of 9.23 years due to s
ResNetlD [10] (100Hz)| - 150.15 | 20.83 | 9.42 | 0.69 over tting on low sampling rate raw ECG data. For KAN- a0
EFFKAN [15] Confl | 11837 | 3.80 | 851 | 0.09 based approaches, we evaluated three con gurations of Ef- 4z
EFFKAN [15] Conf2 | 116.78 | 4.01 | 842 | 0.12 cientKAN (EFFKAN) and FASTKAN. Con gurations are
EFFKAN [15] Conf3 | 116.22| 839 | 874 | 011 as follows: Cong-1 [774, 8, 1], Con g-2 [774, 256, 128, s
FASTKAN [14] Confl | 11455 | 557 | 835 | 0.15 1], and Cong-3 [774, 64, 1], where the rst and last 4
FASTKAN [14] Conf2 | 111.97| 825 | 874 | 0.11 | values correspond to the input and output dimensions of the 4
FASTKAN [14] Conf3 | 11212 ] 419 | 824 | 012 | KAN, respectively. In EFFKAN, the shallow con guration sz
MLP Regressor Conf3 | 126.20| 5.71 | 882 | 017 | with minimal hidden units (Cong 1) yields an MSE of .
LeadKAN (ours) - 112.44| 354 | 825 | 011 | 118.37, while deeper and wider networks (Con g 2) improve s

Table 1 summarizes the performance of several machiperformance slightly to 116.78. Notably, Cong 3, which
learning models for ECG age estimation task, offering @mains shallow but increases the intermediate dimension to 4z
baseline to understand the task's complexity. The corré4, attains the best EFFKAN result of 116.22, highlighting  4a
sponding hyperparameter search space and the best coritge advantage of wider but simpler architectures. FASTKAN 42
urations used for each model are provided in supplementagnsistently outperforms EFFKAN, with Con g 1 achieving s
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