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Abstract

In response to the challenge of balancing accuracy and generalization in medical image
classification using convolutional neural networks (CNNs), this paper proposes ResKAN18,
a hybrid structure that embeds the learnable spline function of the Kolmogorov–Arnold
network (KAN) into the ResNet18 classification head for intelligent diagnosis of COVID-19
in chest X-ray images. ResKAN18 includes three variants: ResKAN18—Large (four lay-
ers of KAN, hidden-layer dimensions [256, 128, 64]), ResKAN18—Standard (four lay-
ers of KAN, hidden-layer dimensions [128, 64, 32]), and ResKAN18—Simple (three lay-
ers of KAN, hidden-layer dimensions [64, 32]), which can achieve a flexible balance be-
tween accuracy and efficiency with different depths of KAN. A systematic comparison
has been conducted between four classic CNN baselines including ResNet18, VGG16,
DenseNet121, ShuffleNetV2, and three ResKAN18 variants on a benchmark dataset contain-
ing 3880 chest X-rays (COVID-19, normal, viral pneumonia). The results have shown that
ResKAN18—Large can achieve an accuracy of 98.80% on the independent test set, which
is 1.21% higher than ResNet18 and 0.69% higher than DenseNet121—its parameter count
is 13.97M, inference delay is 8.25 ms/image, and training–validation accuracy difference
is only 1.50%. The accuracy and performance stability of the dataset under random parti-
tioning conditions are superior to the other two variants and all classic CNN baselines. All
ResKAN18 variants have achieved zero missed diagnoses for COVID-19, while ResNet18
has shown missed diagnoses (0.9944). Taking into account the trade-off between accu-
racy, generalization, and inference efficiency, ResKAN1—Large is recommended as the
default configuration, while for edge deployment scenarios with severely limited resources,
ResKAN18—Simple can provide a cost-effective alternative with an extremely low latency
of 2.50 ms/image and only 3.1% parameter increment compared to ResNet18.

Keywords: COVID-19; chest X-ray image; Kolmogorov–Arnold network (KAN); ResNet18;
medical image classification; deep learning

1. Introduction
Since the outbreak of the coronavirus disease (COVID-19) at the end of 2019, chest

X-ray photography has become an important auxiliary diagnostic tool due to its conve-
nient operation and fast imaging advantages [1–3]. Nucleic acid amplification testing
(such as RT-PCR) is considered as the “gold standard” for pathogen diagnosis; how-
ever, its detection cycle is relatively long and there are limitations such as false negative
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rates [4,5]. In this context, medical imaging examinations have become an important
means of epidemic screening and auxiliary diagnosis. However, manual medical image
reading relies on physician experience and faced significant efficiency bottlenecks during
the peak of the pandemic [6,7].

Deep learning (DL) has made significant progress in the field of medical image analy-
sis [8,9]. In COVID-19 diagnosis, the CNN structure based on ImageNet pre-training has
been widely adopted [10,11], with reported classification accuracy exceeding 95% [12,13].
Among them, AlexNet pioneered CNN by introducing local connections and parameter
sharing [14]; GoogLeNet has improved computational efficiency through the Inception
module [15]; ResNet series effectively alleviates the gradient vanishing problem through
residual connections and has become one of the most widely used backbone networks
in medical image classification [16]; DenseNet achieves feature reuse through dense con-
nections and performs outstandingly in parameter efficiency [17]; visual geometry group
(VGG) series is known for its simple serial structure and large receptive field [18]; and
ShuffleNet achieves lightweight deployment of the model through channel shuffling opera-
tions [19]. However, these methods still face several core challenges [13,20,21]:

(1) A lack of interpretability:Most high-performance CNN models act as “black boxes”
with difficult-to-trace internal decision logic, seriously hindering clinical doctors’ trust
and adoption of model diagnostic results [22,23]. Although post-attribution techniques
such as gradient-weighted class activation mapping (Grad-CAM) [24,25] and local inter-
pretable model-agnostic explanation (LIME) [26] are widely used to generate visualized
heat maps, they are additional explanations to the trained model rather than inherent and
understandable decision mechanisms of the model.

(2) Insufficient generalization stability: Many models perform well on specific datasets,
but their performance may significantly degrade when faced with external data from differ-
ent medical institutions or equipment models, and fluctuations in performance between
validation and test sets often indicate overfitting risks [27,28].

(3) Imbalanced classes: In multi-class scenarios such as distinguishing COVID-19,
other types of pneumonia, and normal images, the sensitivity and specificity of models in
recognizing different classes are often uneven, and their ability to distinguish classes with
similar manifestations is weak [21,29].

(4) High calculation cost:Many high-performance models have huge parameter quanti-
ties and slow inference speeds, and are difficult to be integrated into lightweight diagnostic
systems in primary healthcare institutions or mobile devices [13,20,21].

To address the above challenges, researchers have explored various technological ap-
proaches. In response to the scarcity of annotated data, researchers have adopted methods
such as data augmentation [1] and generative adversarial network (GAN) synthesis data
to expand the training samples [30,31]; in response to the imbalanced data, researchers
have designed targeted loss functions [29] and ensemble learning frameworks [32,33];
and in response to privacy protection and distributed training requirements, cutting-edge
paradigms such as federated learning [12] and self-supervised learning [34–36] have also
been introduced. However, most of these methods start from the data level or training
strategy level and fail to fundamentally change the structure design of the model.

The recently proposed Kolmogorov–Arnold network (KAN) provides a new architec-
tural solution to the aforementioned challenges. Its theoretical basis is derived from the
Kolmogorov–Arnold representation theorem, which states that any multivariate continuous
function can be expressed as the superposition of a finite number of univariate continuous
functions and addition operations [37]. Unlike traditional multilayer perceptrons (MLPs)
that use pre-set activation functions on fixed nodes, KAN places learnable spline functions
at the network edge, which has stronger function approximation ability, higher parameter
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efficiency, and inherent interpretability [38–42]. These characteristics demonstrate unique
potential in scientific computing [43,44] and preliminary exploration of medical image
analysis [45,46], providing new possibilities for constructing medical image classification
models that combine high performance and interpretability. However, the original KAN
was mainly designed to handle structured vector inputs, and it remains an open and chal-
lenging research direction of combining its excellent function learning and representation
capabilities with CNN’s powerful hierarchical visual feature extraction capabilities so as to
tackle high-dimensional and spatially complex medical image classification tasks [47].

In response to the above issues, this paper proposes a ResKAN18 hybrid structure,
which usesResNet18 as the feature extraction backbone to extract multi-level spatial features
of chest X-ray images, and replaces traditional fully connected classification heads with
multilayer KAN modules to nonlinearly map 512 dimensional feature vectors to disease
class probabilities. Three variants of the proposed ResKAN18structure can achieve a flexible
balance between accuracy and efficiency by adjusting the KAN depth (ResKAN18—Simple
is three layers, ResKAN18—Standard is four layers, and ResKAN18—Large is also four
layers but with wider hidden-layer dimensions).

Compared to the widely used CNN models, the main innovation of ResKAN18
proposed in this paper is reflected in three aspects:

(1) Structure level:For the first time, the learnable spline function of KAN is embedded
into the CNN classification head, breaking through the linear expression limitations of
fully connected layers and forming a collaborative paradigm of CNN feature abstraction
combined with KAN nonlinear mapping.

(2) Regularization level: The local support of B-splines and L1 regularization form a
structured sparse prior, resulting in training–validation accuracy gaps for all variants that
are superior to the four classic CNN baselines in experiments.

(3) Deployment level: Through three deep configurations, covering the full spectrum
of requirements from edge lightweight to high-precision diagnosis, users can flexibly
choose according to hardware conditions.

This paperconducts a systematic comparative experiment of seven models (four classic
CNN baselines and three ResKAN18 variants) to evaluate the comprehensive performance
of ResKAN18 from classification accuracy, performance stability under intra dataset par-
titioning, COVID-19 specific recognition, and computational efficiency, providing data
support for model selection in different clinical scenarios.

2. Research Methodologies
2.1. ResNet18 Feature Extraction Backbone

The performance of deep CNNs typically improves as their layers deepen. However,
when the depth of the network exceeds a specific threshold, the model optimization
process will face significant challenges, mainly manifested as gradient vanishing or gradient
explosion, as well as network degradation. In other words, increasing depth leads to
an increase in both training and testing errors. ResNet18 is a lightweight version of
adeep residual network, which effectively solves the problems mentioned above that are
commonly found indeepCNNs by introducing the residual learning mechanism. As the
fundamental implementation of this paradigm, ResNet18 effectively stabilizes the training
of deep networks by introducing structured shortcut connections and residual mapping,
and achieves performance breakthroughs in multiple visual tasks.

2.1.1. Residual Learning Principles

The core innovation of ResNet18 lies in the reconstruction of traditional direct-
mapping learning into learning of residual signals. The basic assumption is that, compared
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to directly fitting a potential complex target mapping with stacked nonlinear layers, it is
more feasible to optimize the residual between the target mapping and the input. This will
transform the learning objective into the modeling process of incrementally correcting the
input signal.

The idea of residual learning is implemented through standardized “residual blocks”.
Each residual block contains two parallel paths. One is the residual path, which is com-
posed of several convolutional layers, batch normalization layers, and activation functions
connected in series, responsible for learning and outputting the incremental correction of
input features, namely the residual;the other is the identity shortcut path: passing the input
features as they are without any transformation. The outputs of the two paths are fused by
element wise addition, and the resulting activation value serves as the final output of the
block. This addition operation is the core of residual learning, which ensures that even if
the output value of the residual path approaches zero, the network can still transmit and
maintain the input signal without loss, so that theoretically, at least no performance loss
will be introduced as the network depth increases.

The mathematic definition of residual block is as follows. If the input is x and the
mapping learned by the residual path is F(x, {Wi}), which is usually a composite function of
2–3 layers of convolution, batch normalization, and rectified linear unit (ReLU) activation
function, then the output of the residual block is:

y = F(x, {Wi}) + x (1)

where x is directly passed through an identity shortcut. This addition operation is the core
of residual learning.

From the optimization perspective, the gradient backpropagation of Equation (1) has
special advantages. If the loss function is L, then the gradient of the input with respect to
the loss is:

∂L
∂x

=
∂L
∂y
· ∂F

∂x
+

∂L
∂y

(2)

The second term ∂L/∂y in Equation (2), which is the gradient of identity mapping,
ensures that the gradient signal can be directly and almost without attenuation transmitted
back to the shallow network. Even if the gradient ∂F/∂x of the residual path in deep
networks approaches zero, the identity mapping term can still maintain gradient flow,
fundamentally alleviating the problem of gradient vanishing. This is also the fundamental
reason why ResNet can train hundreds of deep networks.

2.1.2. Network Structure of ResNet18

ResNet18 contains a total of 18network levels with learnable parameters. Its structure
adopts a staged design, gradually reducing the spatial resolution of the feature map in
different stages while increasing its channel dimension. The first layer of the network
uses 7 × 7 convolution combined with max pooling for fast downsampling, followed
by stacking two residual blocks in each of the four stages. The first residual block in
the second to fourth stages performs spatial downsampling through convolution with a
step length of 2 and expands the number of channels to 128, 256, and 512 in sequence.
When there is a dimension mismatch between the two ends of the shortcut connection,
a 1 × 1 convolution is introduced for linear projection to align the feature dimensions.
Finally, a 512-dimensional feature vector is generated through global average pooling and
input into a fully connected layer to complete the classification task.

The core advantage of ResNet18 lies in the systematic optimization brought by its
residual structure. To name a few, identity quick connections provide low impedance feed-
back paths for gradients, effectively alleviating the problem of gradient vanishing in deep
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networks and enabling the trainability of extremely deep networks; the residual learning
mechanism transforms the optimization objective from fitting complex mappings to learn-
ing relatively simple residual functions, fundamentally eliminating network degradation
and significantly reducing training and testing errors; by stacking small-sized convolu-
tion kernels and replacing traditional fully connected layers with global average pooling,
the model achieves effective control of parameter quantity and improved computational
efficiency while maintaining high representation ability, and has a certain regularization
effect to reduce the risk of overfitting; in addition, the design of standardized residual
blocks endows the network with good modularity and scalability, making it easy to scale
systematically by adjusting the number of channels and stacking depth; at the same time,
the introduction of quick connections smooths the loss function landscape, reduces sharp
minima, and enhances the stability and convergence of the optimization process.

2.1.3. Disadvantages of Fully Connected Layer Classification Heads

Although ResNet18 has achieved significant success in feature extraction through
residual learning, there are still structural limitations in the design of its end global average
pooling fully connected layer. This design compresses rich spatial topological information
into a single channel direction statistic before classification, resulting in the loss of spatial
structural information; the subsequent fully connected layer only performs global linear
projection, and its parameterized form solidifies the feature interaction mode, lacking
the ability to adaptively model the complex, nonlinear, and sparse associations between
different semantic features. This limits the parameter efficiency of the model under limited
data and may constrain its ability to approximate upper bounds of more complex decision
functions. Therefore, this module is considereda relatively rigid component in the structure,
with weaker representation and flexibility than the convolution and residual modules with
strong inductive bias in the frontend.

2.2. Kolmogorov–Arnold Network: Learnable Nonlinear Mapping Mechanism

The Kolmogorov–Arnold network (KAN) is an emerging neural network (NN)
paradigm, whose structure design is directly rooted in the Kolmogorov–Arnold repre-
sentation theorem. This theorem theoretically guarantees that any continuous multivariate
function can be accurately represented by the superposition of a finite number of univariate
functions. The KAN has engineered this mathematical principle by replacing fixed acti-
vation functions and linear weights in traditional multilayer perceptrons with learnable
univariate functions, achieving significant breakthroughs in parameter efficiency, model
interpretability, and scientific computational adaptability.

2.2.1. Kolmogorov–Arnold Representation Theorem and Network Structure Innovation

The principle of the KAN can be decomposed into two interrelated levels: mathemati-
cal foundation and architectural innovation.

(1) Mathematical Foundation
The Kolmogorov–Arnold representation theorem constitutes the theoretical core of

KAN. It points out that any continuous multivariate function defined on a bounded domain
can be precisely decomposed into a sum of a finite number of univariate continuous func-
tions. This conclusion transforms the approximation problem of high-dimensional complex
functions into a series of one-dimensional function construction problems, theoretically
establishing the possibility of achieving universal function approximation through single
variable nonlinear transformations alone, providing a strict theoretical guarantee for the
sparse and modular design of KAN.

(2) Architectural Innovation
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KAN has achieved a paradigm shift from “nonlinear nodes” to “nonlinear edges”
and fundamentally reconstructed the basic computing units of traditional feedforward
NNs. The comparison of basic computing units between traditional MLP and KAN is
detailed in Table 1.

Table 1. Comparison of basic computing units between MLP and KAN.

Component MLP KAN

Edges
Perform only scalar
multiplication (weights), which
is a linear operation.

The core computing unit carries a
learnable univariate nonlinear
function (such as a spline function).

Nodes

The core computing units apply
fixed, non-learning nonlinear
activation function to the input
weighted sum.

Perform simple summation
operations to add the output values
of the functions from all input edges.

Nonlinear
source

Fixed activation
functionsconfigured at the
nodes.

Functionsthat can adaptively learn
configured on the edges.

Parameter
storage

Weight matrices stored in the
connections between nodes.

Parameters are stored in the
adjustable coefficients of the
univariate functions on the edges.

This paradigm shift allows each layer of KAN to be viewed as a “univariate
function matrix”, and the depth of the network is achieved by stacking such func-
tion layers, effectively avoiding the pathological function forms that may occur in the
original two-layer representation theorem, and improving engineering feasibility and
generalization performance.

2.2.2. Implementation of B-Spline Parameterization

To achieve learnable univariate functions on the edges, the KAN uses B-spline as its
core function parameterization tool. B-spline constructs the objective function through a
linear combination of a set of local polynomial basis functions, which ensures theoretical
rigor and engineering practicality. Let the input of the l-th layer KAN be xl∈Rdl , and the
output be xl+1∈Rdl+1 . The calculation of the KAN layer can be defined as:

x(j)
l+1 =

dl

∑
i=1

ϕl,i,j(x
(i)
l ), j = 1, 2, . . . , dl+1 (3)

where ϕl,i,j is a learnable univariate function that connects input neuron i to output neuron
j. Unlike traditional MLP where each neuron uses a unified activation function such
as ReLU, KAN learns a function independently on each edge, which gives it stronger
representational power.

In specific implementation, each ϕl,i,j is parameterized using B-splines:

ϕl,i,j(x) =
G+k−1

∑
m=0

cl,i,j,mBm,k(x) (4)

where G is the number of grid intervals (in this paper G = 5), k is the spline order (in this
paper k = 3, i.e., cubic B-spline), Bm,k(x) is the m-th k-order B-spline basis function, and
cl,i,j,m are the coefficients to be trained. The B-spline basis function is defined by the Cox-de
Boor recursive formula:
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Bm,0(x) =

{
1, tm ≤ x < tm+1

0, otherwise
(5)

Bm,k(x) =
x− tm

tm+k − tm
Bm,k−1(x) +

tm+k−1 − x
tm+k−1 − tm+1

Bm+1,k−1(x) (6)

where {tm} is the knot sequence, which defines the support interval of the spline basis
function. The knot position is dynamically adjusted during the training process through a
grid update strategy.

Substitute Equation (4) into Equation (3) andthe complete input–output mapping of
the KAN layer can be obtained as:

x(j)
l+1 =

dl

∑
i=1

G+k−1

∑
m=0

cl,i,j,m · Bm,k(x(i)l ) (7)

Equation (7) indicates that the output of the KAN layer is a linear combination of
B-spline transformations of the input dimensions. The core advantages of B-spline parame-
terization are reflected in three aspects: firstly, the B-spline function itself has high-order
smoothness and differentiability everywhere, which ensures that the entire network can
be stably and efficiently optimized end-to-end through a gradient-based backpropagation
algorithm; secondly, B-spline has excellent local adaptability—by adjusting the grid density
of their domain and the order of the polynomial used, it can flexibly control the function
fitting behavior, thus achieving a balance between capturing local fine features of the data
and maintaining a global smooth trend; finally, this parameterization approach has inherent
efficiency, as the complexity of the function is determined only by a relatively small set of
basis function coefficients—this fundamentally avoids the parameter explosion problem
caused by the use of large and dense weight matrices in traditional multilayer perceptrons.

2.2.3. Core Advantages of the KAN Compared to MLP

Compared with traditional multilayer perceptrons, the architectural innovation of the
KAN has endowed it with significant advantages in multiple aspects. Table 2 systematically
compares and elaborates on the specific manifestations and underlying mechanisms of
these core advantages.

Table 2. Core advantages of the KAN compared to MLP.

Advantage Description Explanation

Parameter efficiency and
scaling characteristics

Using locally adaptive and learnable univariate functions
can express function relationships in a sparser and more
fundamental way. At the same level of accuracy, the
number of parameters is much lower than that of MLP,
and follows a better scaling law, resulting in faster
performance growth with scale.

The inherent sparsity and structural
priors enable the KAN to achieve
high-precision approximation in a
minimalist parameterized form,
providing the possibility for training
larger-scale models or deploying them in
resource-constrained environments.

Model interpretability
and transparency

Having inherent interpretability:
1. Function visualization: The univariate functions on
each edge can be directly plotted, clearly showing how
each input variable is transformed.
2. Structure pruning: A refined subnet can be obtained
through sparse training, revealing key feature-interaction
paths.
3. Symbolic potential: The learned smooth functions are
easily approximated by symbols and transformed into
mathematical expressions that are readable by humans.

The transformation from a “black box” to
a “white box” or“gray box” has been
achieved, supporting interactive scientific
discovery and decision-making-process
auditing, especially suitable for science
and engineering fields that require strict
interpretability.
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Table 2. Cont.

Advantage Description Explanation

Adaptability to scientific
computing and low-data

mechanism

Suitable for structured problems:
1. Scientific modeling: capable of efficiently and accurately
solving partial differential equations, and directly
discovering potential physical laws and mathematical
forms from data.
2. Low-sample learning: High parameter efficiency
effectively suppresses overfitting and performs robustly
under few sample conditions.
3. Symbolic reasoning: Proficient in learning and
combining basic mathematical operations to achieve
precise and interpretable function mappings.

The data-driven capabilities of NNs has
been integrated with structured priors for
scientific problems.

Theoretical rigor and
structure guarantee

Instantiating the Kolmogorov–Arnold representation
theorem directly in its structure, the width, depth, and
function of each layer of the KAN have clear mathematical
explanations, making it a model of “theory guided
design”.

A rigorous mathematical foundation for
model generalization ability has been
established, reducing the blindness of
structure search, and providing a more
solid theoretical framework for
understanding and analyzing network
behavior.

It can be seen that the KAN achieves collaborative breakthroughs in parameter ef-
ficiency, model interpretability, scientific problem adaptation, and theoretical rigor by
transforming profound mathematical theorems into innovative NNstructures. It is not
intended to completely replace traditional DL models, but rather to provide a powerful new
paradigm for solving key bottleneck problems that have long existed, especially in the fields
of scientific computing and engineering that require high accuracy, strong interpretability,
and the ability to learn from limited data.

2.3. ResKAN18 Hybrid Structure

The ResKAN18 model proposed in this paper deeply integrates ResNet18 which
has powerful hierarchical feature extraction capability, and the KAN which hasa flexible,
efficient, and interpretable-function learning mechanism, aiming to construct a new diag-
nostic structure that not only has high classification accuracy, but also has advantages in
performance stability and decision-process transparency.

2.3.1. Design Motivation and Theoretical Principle

In the research on chest X-ray recognition of COVID-19, ResNet18 shows important
academic and application value because of its excellent balance between performance,
efficiency and practicality [16]. With its lightweight structure and residual learning mecha-
nism, it not only exhibits high classification accuracy and stability on small-sample medical
data, but also effectively alleviates the risk of overfitting during training. Its small number
of parameters and fast inference speed enable efficient real-time screening in clinical envi-
ronments, especially suitable for scenarios with limited hardware resources. Meanwhile,
the enhanced interpretability through visualization technology can help establish clinical
trust and assist in locating lesion areas. In addition, the robustness demonstrated by the
model on small-scale and imbalanced datasets further supports its rapid deployment in the
early stages of the epidemic or primary healthcare.

However, despite its outstanding performance in feature extraction, the standard
classification head of ResNet18 consisting of a global average pooling layer and a fully con-
nected layer at the end has inherent limitations. In the process of converting spatial feature
maps into class probability vectors, ResNet18 essentially performs a fixed pattern of global
linear projection and weighted summation. This structure not only leads to a high degree of
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compression and loss of rich spatial topological information, but its rigid parameterization
form also limits the ability to finely model complex, nonlinear, and potentially sparse inter-
actions between high-dimensional features, which may become a bottleneck that restricts
the final representation and generalization performance of the model. To overcome this
bottleneck and explore more expressive and interpretable classification paradigms, the
ResKAN18 model is proposed in this paper. The core innovation of ResKAN18 lies in
inputting the deep visual features extracted by the ResNet18 backbone network into a
specially designed KAN module to replace the traditional fully connected classification
module. The importance of this structure integration strategy is mainly reflected in the
following three aspects:

Firstly, ResKAN18 achieves a paradigm shift from fixed linear mapping to adaptive
nonlinear function learning. The KAN module can dynamically and accurately model
the complex mapping relationship between 512-dimensional feature vectors and the final
disease class probability through its learnable spline functions on the edges. Compared
to the limited linear combination ability of fully connected layers, the KAN, with its
theoretically guaranteed universal function approximation ability, can more flexibly capture
subtle and nonlinear dependencies between features and diagnostic results, thus potentially
uncovering deeper discriminative patterns.

Secondly, ResKAN18 significantly enhances potential interpretability. The learning
process of the KAN module is directly reflected in the optimization of a series of univariate
functions. This endogenous, function-level explanation mechanism is in stark contrast
to traditional CNNs that typically rely on post-attribution methods, providing a new
architectural foundation for building more transparent and trustworthy medical AI systems.

Finally, ResKAN18 is expected to improve performance stability while remaining-
lightweight. The KAN is known for its high parameter efficiency, which enables powerful
function-fitting capabilities with relatively fewer parameters. This helps to reduce the
risk of overfitting of the model on small-scale medical datasets. Meanwhile, its smooth
optimization feature based on spline functions may make the learned decision boundaries
more robust, thereby improving the performance consistency of the model on independent
test sets, which is crucial for the reliability of clinical deployment.

2.3.2. Network Structure and Three Variants

To investigate the impact of KAN depth on performance and lay the foundation
for subsequent comparative experiments, this paperhas designed three different-depth
KAN classification modules while keeping the ResNet18 feature extraction backbone
unchanged, forming three ResKAN18 variants: ResKAN18—Large(four layers of KAN,
hidden-layer dimensions [256, 128, 64]), ResKAN18—Standard(four layers of KAN, hidden-
layer dimensions [128, 64, 32]), and ResKAN18—Simple (three layers of KAN, hidden-layer
dimensions [64, 32]). These three variants will form a seven-model systematic comparison
framework with four classic CNN baselines including ResNet18, VGG16, DenseNet121,
and ShuffleNetV2 in subsequent experiments.

ResKAN18 is an innovative hybrid structure that combines the feature extraction
capabilities of deep residual networks with the interpretable function approximation prop-
erties of KAN. The network adopts a dual-mode block design: the front-end uses the
convolutional backbone network of ResNet18for hierarchical feature extraction, while the
back-end replaces the traditional fully connected layer with a multilayer KAN classifier
to achieve nonlinear mapping from high-dimensional feature space to target classes. The
front-end part of ResKAN18 strictly follows the standard ResNet18 and consists of four
feature-learning stages, each stage consisting of multiple residual blocks stacked together.
These residual blocks are fused with convolutional transformations through identity short-
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cut connections, effectively alleviating the problem of gradient vanishing and gradually
extracting multi-scale features from low-level textures to high-level semantics. At the
backend of the network, spatial feature maps are aggregated into channel descriptors
through global average pooling operations, generating a 512-dimensional feature vector.
The back-end part of the structure completely reconstructed the classification head design,
using amultilayerKAN network to form the classifier(the specific number of layers varies
depending on the variant). Each layer of the KAN performs nonlinear transformations
on input features through learnable univariate functions, while nodes only perform sim-
ple summation and aggregation. This design transforms the classification process from
traditional black box matrix multiplication to transparent function combinations, where
functions on each edge can be independently visualized and interpreted. The entire struc-
ture enhances the interpretability and parameter efficiency through the KAN module while
maintaining strong feature extraction capabilities.

The network structure of ResKAN18—Large is shown in Table 3.The KAN module
configuration for ResKAN18—Simple is 512→ 64→32→3 (threelayers of KAN), while
the KAN module configuration for ResKAN18—Standard is 512 → 128 → 64 →32→3
(four layers of KAN). The ResNet18 feature extraction backbone of the three variants is com-
pletely identical. The parameter counts of ResKAN18—Simple, ResKAN18—Standard and
ResKAN—Large are 11.53M,13.01M and 13.97M.These three values are much smaller than
VGG16 whose parameter count is 134.27M and are on the same level as ResNet18 whose
parameter count is 11.18M. This parameter quantity distribution enables the three variants
to cover a complete spectrum ranging from “almost no increase in computational cost”
(ResKAN18—Simple only increases parameter quantity by 3.1% compared to ResNet18) to
“moderately increasing cost for accuracy improvement” (ResKAN18—Large increases pa-
rameter quantity by 24.9% compared to ResNet18), providing flexible choices for different
deployment scenarios such as resource constraints and accuracy sensitivity.

Table 3. Network structure of ResKAN18—Large.

Network
Module Submodule Output

Dimension
Configuration Description and Core

Functions

Feature-
extraction
module

Initial convolutional layer 112 × 112 × 64
7 × 7 convolution, step size 2, output
64 channels for preliminary feature extraction
and downsampling

Initial pooling layer 56 × 56 × 64 3 × 3 max pooling with a stepsize of 2

Stage 1 residual block 56 × 56 × 64 2 standard residual blocks, each containing
23 × 3 convolutional layers (64 channels)

Stage 2 residual block 28 × 28 × 128 2 residual blocks, the first block downsamples
and outputs 128 channels

Stage 3 residual block 14 × 14 × 256 2 residual blocks, the first block downsamples
and outputs 256 channels

Stage 4 residual block 7 × 7 × 512 2 residual blocks, the first block downsamples
and outputs 512 channels

Global average pooling 512

Aggregate the 7 × 7 × 512 feature maps into a
512-dimensional feature vector, which directly
serves as the input dimension for the KAN
classifier
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Table 3. Cont.

Network
Module Submodule Output

Dimension
Configuration Description and Core

Functions

KAN
classification

module

KAN layer 1 256 Input 512 dimensions, output 256 dimensions

KAN layer 2 128 Input 256 dimensions, output 128 dimensions

KAN layer 3 64 Input 128 dimensions, output 64 dimensions

KAN layer 4 3 Input 64 dimensions, output 3 dimensions

2.3.3. Model-Operation Principles and Key Optimization Factors

Based on the above structure design, the operation of ResKAN18 can be summarized
as a two-stage process:

(1) Hierarchical feature extraction (ResNet18 backbone).The input chest X-ray im-
age (224 × 224 × 3) is sequentially processed through the initial convolutional layer
(7 × 7, step length = 2), max pooling layer (3 × 3, step length = 2), and four residual
stages (each containing 2 residual blocks, with channel numbers of 64, 128, 256, and 512) of
ResNet18, gradually reducing the spatial resolution from 224 × 224 to 7 × 7 and increasing
the channel number from 3 to 512. The end global average pooling layer aggregates the
7× 7 feature maps of each channel into a single scalar, generating a 512-dimensional feature
vector f CNN. This feature vector condenses the global semantic information of the input
image and serves as the input for subsequent KAN classifiers.

(2) Fine nonlinear mapping (KAN classification module).The 512-dimensional feature
vector f CNN is sequentially passed through multiple layers of KAN. The configuration
of the three variants is as follows: ResKAN18—Large is 512 → 256 → 128 → 64 → 3
(four layers of KAN), ResKAN18—Standard is 512→ 128→ 64→ 32→ 3 (fourlayers of
KAN), and ResKAN18—Simple is 512→ 64→ 32→ 3 (three layers of KAN). Each layer of
KAN independently performs B-spline transformation on the input dimensions according
to Equation (7), and then sums and aggregates them at the nodes. The final output is a 3D
logits vector, which is normalized by Softmax to three probability distributions: COVID-19,
normal, and viral pneumonia.

The three key factors for achieving optimization results are as follows:
(1) Dynamic grid update.Every 5 training epochs, the KAN module recalculates the

node sequence of B-splines based on the feature distribution of the current batch of data.
This mechanism ensures that the support interval of the spline basis function closely follows
the data manifold, which is equivalent to continuously optimizing the “coordinate scale” of
the feature space during the training process, making subsequent nonlinear transformations
more accurate.

(2) Gradient Protection for residual connections.The identity mapping of ResNet18
shown in Equation (1) ensures that the gradient signal can be directly transmitted back
to the shallow layer, as shown in Equation (2), effectively avoiding the risk of gradient
vanishing caused by the additional depth of the KAN module. This allows ResKAN18 to
be trained end-to-end with the same learning rate (0.0001) and optimizer (Adam) as all
seven models, without the need to adjust the training strategy.

(3) Structured regularization of B-splines:The local support of B-splines naturally
limits the complexity of each univariate function. Combined with the explicit addition of
spline coefficient L1 regularization in the loss function, this mechanism helps to suppress
overfitting and improve the generalization performance of the model.

To ensure the reproducibility of the study, Algorithm 1 fully describes the forward
propagation, loss calculation, gradient backpropagation, and dynamic grid update process
of ResKAN18.
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Algorithm 1 ResKAN18 algorithm applied to chest X-ray image classification

Input:
chest X-ray image X={x_1, . . ., x_N},
corresponding label Y={y_1, . . ., y_N},
training rounds E=30,
batch size B=256,
grid update frequency f=5

Output:
The model parameters Θ={θ_ResNet, {c_{l,i,j,m}}} after training

1: Initialize ResNet18 backbone using ImageNet pre-trained weights
(weights = ResNet18_Weights.IMAGENET1K_V1)

2: Randomly initialize the spline coefficients cl,i,j,mof each layer in KAN
3: Note: The configuration of theKAN layer in three variants is as follows

(L is the total number of layers):
ResKAN18–-Large: L = 4,dimension 512→256→128→64→3
ResKAN18–-Standard: L = 4,dimension 512→128→64→32→3
ResKAN18–-Simple: L = 3,dimension 512→64→32→3

4: for epoch = 1 to E do
5: for each mini-batch (x, y) in X, Y do
6: f_cnn ← ResNet18_backbone(x)
7: x_1 ←f_cnn
8: x_list ← [x_1]
9: u_list ← []
10: for l = 1 to L do
11: for j = 1 to d_{l+1} do
12: u_{l,j}←∑_{i=1}ˆ{d_l}∑_{m=0}ˆ{G+k-1}c_{l,i,j,m}·B_{m,k}(x_lˆ{(i)})
13: x_{l+1}ˆ{(j)} ← u_{l,j}
14: end for
15: x_list.append(x_{l+1})
16: u_list.append(u_l)
17: end for
18: p ← Softmax(x_{L+1})
19: L ← CrossEntropy(p,y) + λ·∑_{l=1}ˆ{L}∑_{i,j,m}|c_{l,i,j,m}|
20: L.backward()
21: optimizer.step()
22: end for
23: if epoch mod f = 0 then
24: Update the grid using the input x_l and unreduced output u_1 of each layer

(i.e., data stored in x_list and u-list)saved in the current mini-batch
25: for l = 1 to L do
26: grid_l ← update_grid(x_l)
27: c_l ← curve2coeff(x_l, u_l)
28: end for
29: end if
30: Evaluate the accuracy and loss of the current model on the validation set
31: end for
32: return Θ

3. Experiment Results and Analysis
3.1. Data Acquisition and Experiment Environment Setup

The dataset used in this paper is a publicly available chest X-ray imaging database,
aimed at promoting the development and validation of AI-based automatic detection
models for COVID-19 and viral pneumonia. This dataset has been systematically orga-

https://doi.org/10.3390/a19090715

https://doi.org/10.3390/a19090715


Algorithms 2026, 19, 715 13 of 35

nized and contains a total of 3880 chest X-ray images, covering the following threeclasses:
COVID-19-positive cases (1198 images), viral pneumonia cases (1343 images), and nor-
mal images (1339 images), as shown in Figure 1. By providing annotated data of com-
parable scale and balanced classes, this dataset helps support robust and scalable AI-
driven diagnostic research. The data is sourced from the shared dataset disclosed in refer-
ence [48], which provides an important benchmark resource for intelligent analysis of chest
X-ray images.

Figure 1. Chest X-ray image examples of: (a) COVID-19; (b) normal; (c) viral pneumonia.

It should be noted that the current clinical research has gradually turned to the
common image of coronavirus and the systemic characterization of COVID-19 sequelae.
However, the COVID-19 chest X-ray dataset used in this paper is not intended to mine
the specific image lesions of COVID-19, but is used as a recognized standardized bench-
mark datasetin the field of multi-classification of respiratory images. The datasetcontains
three types of balanced samples, namely, COVID-19, normal, and ordinary viral pneu-
monia samples. The imagingdistinguishing characteristics of each type are clear, which
can fully test the discrimination accuracy, performance stability under intra dataset par-
titioning and class-balanced recognition ability of the proposed hybrid NN structure. At
the same time, this dataset is a commonly used public benchmark in the field, which
can achieve quantitative horizontal comparison with existing mainstream CNN models.
The core innovation of this paper is the ResKAN18 general classification structure for
medical images. The structure is only validated on the chest X-ray dataset related to
COVID-19; expanding it for intelligent diagnosis of other chest diseases such as tuber-
culosis and lung tumors is a potential research direction that needs to be experimentally
validated in the future.

In order to ensure the reliability of the model evaluation, a standard three-dataset
partitioning strategy has been used to preprocess all 3880 images: 70% of the samples are
randomly selected as the training set for learning model parameters; 15% of the samples are
used as validation sets to monitor performance and perform hyperparameter tuning during
the training process; andthe remaining 15% of the samples are used as an independent test
set for unbiased evaluation of the final generalization ability of the models to be evaluated,
completing 30 complete training epochs. This partitioning strategy is carried out at the
overall level, and attention is paid to maintaining the independence of samples between
the training set, validation set, and test set to avoid data leakage and ensure scientific and
rigorous evaluation results.To ensure complete reproducibility of the experiment, fixed
random seeds were used for all random operations.
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The experimental hardware system in this paper adopts a high-performance comput-
ing platform, equipped with Intel’s 13th-generation i9-13900KF processor (with a main
frequency of 3.00 GHz), 64 GB DDR4 memory, and NVIDIA GeForce RTX 4080 SUPER
graphics card (16 GB GDDR6X video memory), combined with a 3.68 TB NVMe solid-
state storage system, providing sufficient parallel computing power and data throughput
bandwidth for DNN training and inference.

To comprehensively evaluate the superiority of the ResKAN18 structure and systemat-
ically explore the impact of KAN depth on performance, as mentioned before, this paper
has designed seven model systematic comparative experiments. The comparative models
are divided into two groups:(1) Four classic CNN baselines: VGG16 [18] (classic deep
serial structure whose parameter count is 134.27M,), DenseNet121 [17] (dense connectivity
structure whose parameter count is 6.96M), ShuffleNetV2 [19] (lightweight network whose
parameter count is 1.26M), and ResNet18 [16] (direct baseline in this paper whose parameter
count is 11.18M). (2)Three ResKAN18 variants: ResKAN18—Simple, ResKAN18—Standard,
and ResKAN18—Large which is recommended as the default configuration in this paper.

All models are trained and evaluated under identical data partitioning (train-
ing:validation:testing = 70%:15%:15%), data preprocessing flow (size adjustment, data
augmentation strategy, normalization parameters), optimizer configuration (Adam), and
basic training hyperparameters (30 rounds, learning rate 0.0001, batch size 256) to en-
sure fairness in comparison. It should be noted that VGG16, DenseNet121, and Shuf-
fleNetV2 all use ImageNet pretrained weights provided officially by PyTorch 2.7.1+cu118
for initialization, while ResNet18 and ResKAN18 variants also use ImageNet pre-trained
weights. The hyperparameter settings for ResNet18 and ResKAN18 series networks are
detailed in Table 4.

Table 4. Hyperparameter settings of ResNet18 and ResKAN18 series.

Model Parameter
Category Parameter Name 1 Value Set Explanation

ResNet18

Model
structure

Number of output
classes 3

Corresponding to 3 classes:
COVID-19, normal and viral
pneumonia

Training
parameters

Learning rate 0.0001 Initial learning rate of Adam
optimizer

Batch size 256 The number of samples in each
training batch

Optimizer Adam The 2 optimized weight coefficients
are 0.9 and 0.999 respectively

Loss function CrossEntropyLoss Multi-class cross-entropy loss

Training epochs 30 Complete number of training epochs

Data
preprocess-

ing

Random horizontal
flipping probability 0.5

Data augmentation, with a
50% probability of flipping the image
horizontally

Random vertical
flipping probability 0.2

Data augmentation, with a
20% probability of flipping the image
vertically

Normalized mean [0.5063, 0.5063, 0.5063] Channel mean calculated based on
the training set

Normalized
standard deviation [0.2390, 0.2390, 0.2390] Channel standard deviation

calculated based on the training set
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Table 4. Cont.

Model Parameter
Category Parameter Name 1 Value Set Explanation

ResKAN18
series

Structure
parameters

Hidden-layer
dimension of the

KAN

ResKAN18—Large:
[256, 128, 64]

The feature dimension of the
intermediate layer in the network

Grid size 5 The number of grid points for
B-spline function

Spline order 3 Using a 3rd-order B-spline function

Basic activation
function SiLU Sigmoid linear unit

Grid range [−1, 1] The domain of spline functions

Training
parameters

Grid update
frequency Every 5 epochs Dynamically adjust the spacing of

spline grids

Grid adjustment
coefficient 0.02 Control the magnitude of grid

updates

Activate
regularization

coefficient
1.0 Control the sparsity of spline

coefficients

Entropy
regularization

coefficient
1.0 Control the uniformity of activation

weight distribution

Basic scaling factor 1.0 Scaling factor during initialization of
basic weights

Spline scaling
factor 1.0 Scaling factor during spline weight

initialization
1 All models share training parameters (learning rate, batch size, optimizer, loss function, number of
training epochs, data augmentation strategy, normalization parameters) in the same data partitioning
(training:validation:testing table) among all seven models. The three ResKAN18 variants share the
same structure parameters (grid size, spline order, base activation function, grid range, grid update
frequency, etc.), with differencesonly in the KAN hidden-layer dimension.

3.2. Evaluation Indicators

This paper systematically monitors and compares the convergence speed, stability,
and performance under intra dataset partitioning of ResNet18 and ResKAN18 during
the learning process by training a series of indicators, including training accuracy, vali-
dation accuracy, training loss, validation loss, training F1 macro average, validation F1
macro average, training area under curve (AUC)—one-vs-rest (OvR), and validation AUC-
OvR. Moreover, this paper also provides a multi-dimensional quantitative evaluation
and comparative analysis of the final classification ability of ResNet18 and ResKAN18
by using a comprehensive performance indicator system, including accuracy, macro pre-
cision, macro recall, macro F1, weighted precision, weighted recall, weighted F1, AUC-
OvR, AUC—One-vs-One (OvO), Cohen’s Kappa, Matthews Correlation, Log Loss, and
a normalized confusion matrix. The specific indicators are shown in Tables 5 and 6, the
former is used to analyze training dynamics, while the latter is used to determine the
overall performance.
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Table 5. Key performance indicators of training dynamics.

Indicator Name Explanation Function in Model Evaluation

Training accuracy
The proportion of samples correctly
predicted by the model on the
current training set.

It reflects the fitting degree of the model to known
data. During the training process, its value usually
gradually increases. If the value remains too high and
the validation accuracy is low, it is a typical signal of
overfitting.

Validation accuracy
The proportion of samples correctly
predicted by the model on an
independent validation set.

It is the core indicator for evaluating the
generalization ability of a model, used to monitor the
performance of the model on unseen data. Its value is
the direct basis for selecting the best model and
adjusting hyperparameters, and its trend with the
number of training epochs is crucial.

Training loss The loss function value calculated by
the model on the training set.

It is a direct measure of the fitting degree of a model
to training data. In an ideal scenario, it should steadily
decline and flatten out with training, indicating that
the model is effectively learning from the data.

Validation loss The loss function value calculated by
the model on the validation set.

It is a key indicator for determining whether a model
is overfitting or underfitting. Its value usually
decreases and then increases with training, and the
lowest point usually corresponds to the model state
with the best generalization performance, which is the
main basis for determining the timing of “early
stopping”.

Training F1 macro
average

The macro average F1 score
calculated by the model on the
training set.

It comprehensively evaluates the balance performance
of the model on the training data for each class.
Combining observation with training accuracy can
more comprehensively reflect the learning quality of
the model when processing various classes.

Validation F1 macro
average

The macro average F1 score
calculated by the model on the
validation set.

It is an important indicator for evaluating the
comprehensive classification robustness of a model on
unseen data. In datasets with imbalanced classes, it
better reflects the actual generalization ability of the
model than validation accuracy and is one of the key
references for model selection.

Training AUC-OvR

The average area under the receiver
operating characteristic (ROC) curve
calculated by the “one-vs-rest (OvR)”
strategy for the model on the training
set.

It measures the ability of a model to rank the classes
of training data, focusing on the probability mass
assigned to each sample by the model. A high value
indicates that the model has learned good class
discrimination features on the training set.

Validation
AUC-OvR

The average area under the ROC
curve calculated by the “OvR”
strategy for the model on the
validation set.

It is an indicator for evaluating the generalization
ability of a model. Due to the relative insensitivity of
AUC to class imbalance, it can effectively measure
theability of the model to correctly sort unknown
samples, and is often used together with validation F1
for final model performance evaluation.
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Table 6. Overall key performance indicators.

Indicator Name Explanation Function in Model Evaluation

Accuracy (%)
The proportion of samples whose model
prediction results are completely consistent with
the true labels in all samples.

It provides an intuitive summary of the overall
classification performance of the model, reflecting its
overall ability to make correct judgments.

Macro precision

The arithmetic mean of the accuracy of each class
(the proportion of samples predicted to belong to
that class that truly belong to that class), treating
each class as equally important.

It evaluates the predictive accuracy of the model on
various independent classes, emphasizing fair
evaluation of each class, regardless of the sample size.

Macro recall

The arithmetic mean of the recall rate of each class
(the proportion of samples belong to that class that
predicted to belong to that class), treating each
class as equally important.

It evaluates the ability of the model to identify or
capture samples from various classes, with equal
attention to the risk of omission for each class.

Macro F1 The harmonic mean of macro precision and macro
recall.

It provides a single, balanced score to
comprehensively evaluate the balanced performance
of the accuracy and recall of the model in each class.

Weighted precision
The average value obtained by weighting the
accuracy based on the proportion of samples in
each class.

It evaluates the overall prediction accuracy of the
model in datasets with imbalanced sample sizes,
where classes with larger sample sizes have a greater
impact on the indicators.

Weighted recall
The average value obtained by weighting the recall
rate based on the proportion of samples in each
class.

It evaluates the overall recognition ability of the model
in datasets with imbalanced sample sizes, focusing
more on the recall of classes with larger sample sizes.

Weighted F1 The harmonic mean of weighted precision and
weighted recall.

It evaluates the comprehensive performance more in
line with the reality of data distribution and balanced
in a dataset with imbalanced classes.

AUC-OvR

The average value of multiple area under ROC
curves, adopting the“OvR” strategy, treating each
class as a positive class and treating the remaining
classes as negative classes.

It measures the overall ability of the model to
distinguish each specific class from all other classes,
and it is insensitive to the selection of classification
thresholds.

AUC—one-vs-one
(OvO)

The average value of area under binary ROC
curves for every combination of 2 classes, adopting
the“OvO” strategy.

It finely measures the discriminative power of the
model in distinguishing between any two classes,
suitable for scenarios with subtle differences between
classes.

Cohen’s Kappa

A statistical measure used to measure the
consistency between the predicted results of the
model and the true labels, on the basis of excluding
consistency caused by random coincidences.

It evaluates the actual classification consistency of the
model beyond the level of random guessing, and it is
particularly beneficial for datasets with imbalanced
class distributions.

Matthews
correlation

A comprehensive indicator that takes into account
true positives (TPs), true negatives (TNs), false
positives (FPs), and false negatives (FNs),
essentially acting as a correlation coefficient
between the predicted results and the true labels.

It fairly evaluates the classification consistency within
the range [–1, 1] even if the sample size of each class
varies greatly, and it is considered one of the most
reliable single indicators for class imbalance problems.

Log loss

A indicator that measures the quality of the
predicted probability output by a model;for each
sample, the closer the predicted probability given
by the model is to its true label, the lower the log
loss value.

It directly evaluates the calibration level and
confidence of the model probability estimation, its
lower value means that the model not only predicts
the right class, but also has a high degree of confidence
in its own predictions.

Normalized
confusion matrix

A matrix that converts the numbers of each row
(representing a true class) of the standard
confusion matrix into a percentage of the total
sample size of that row, and the sum of the values
in each row is 100%.

It visually and fairly compares the classification of
different classes. It eliminates the influence of sample
size differences and clearly shows the proportion of
samples from a true class that are incorrectly assigned
to other classes by the model, thus quickly identifying
the main sources of confusion.

https://doi.org/10.3390/a19090715

https://doi.org/10.3390/a19090715


Algorithms 2026, 19, 715 18 of 35

3.3. Comparative Analysis of Convergence During the Training Process

To gain a deeper understanding of the impact of the KAN module on training dy-
namics, this section selects the baseline model ResNet18 and the recommended default
configuration ResKAN18—Large for in-depth comparative analysis of the training pro-
cess. The selection criteria are as follows: ResNet18 represents the typical behavior of
traditional CNN classification heads, while ResKAN18—Large represents the deepest
configuration in the proposed KAN enhancement structure (four layers of KAN, hidden-
layer dimensions [256, 128, 64]). The comparison between the two can most clearly reveal
the impact mechanism of the KAN module on convergence speed, training stability, and
performance under intra dataset partitioning. The complete performance comparison
of the remaining five models (VGG16, DenseNet121, ShuffleNetV2, ResKAN18—Simple,
ResKAN18—Standard) will be presented in Section 3.5.

Tables 7–9 and Figures 2–5 show a deep comparison of the training process between
ResNet18 and ResKAN18—Large. The results show that the validation accuracy of the two
models after multiple iterations can approach or exceed 98%, and both have the ability to
recognize COVID-19 images, but there are significant differences in convergence speed,
training stability and performance under intra dataset partitioning between the two models.

Table 7. Comparison of overall key performance indicators of training dynamics.

Training
Epoch Model

Training
Accuracy

(%)

Validation
Accuracy

(%)

Training
Loss

Validation
Loss

Training F1
Macro

Average

Validation
F1 Macro
Average

Training
AUC-OvR

Validation
AUC-OvR

1
ResNet18 87.56 95.02 0.3448 0.1646 0.8763 0.9511 0.9734 0.9965

ResKAN18—
Large 86.45 92.96 0.9994 0.7584 0.8636 0.9319 0.9676 0.9837

2

ResNet18 97.24 87.80 0.0714 0.2732 0.9732 0.8777 0.9975 0.9949

ResKAN18—
Large 94.33 95.02 0.6800 0.3356 0.9447 0.9517 0.9861 0.9893

5

ResNet18 99.30 98.28 0.0239 0.0613 0.9932 0.9830 0.9999 0.9988

ResKAN18—
Large 98.16 98.63 0.0715 0.0505 0.9821 0.9866 0.9991 0.9976

10

ResNet18 99.78 97.77 0.0082 0.0576 0.9979 0.9780 1.0000 0.9988

ResKAN18—
Large 99.45 99.14 0.0184 0.0329 0.9946 0.9914 0.9996 0.9985

15
ResNet18 99.89 98.63 0.0032 0.0340 0.9989 0.9865 1.0000 0.9990

ResKAN18—
Large 99.96 98.97 0.0047 0.0517 0.9996 0.9899 1.0000 0.9988

20
ResNet18 99.89 98.45 0.0021 0.0401 0.9989 0.9848 1.0000 0.9990

ResKAN18—
Large 99.78 98.97 0.0052 0.0526 0.9979 0.9898 1.0000 0.9995

25
ResNet18 99.85 98.28 0.0074 0.0352 0.9986 0.9831 1.0000 0.9987

ResKAN18—
Large 99.93 98.11 0.0029 0.1034 0.9993 0.9815 1.0000 0.9996

30
ResNet18 99.96 97.77 0.0027 0.0571 0.9996 0.9780 1.0000 0.9991

ResKAN18—
Large 99.78 98.28 0.0058 0.0549 0.9978 0.9831 1.0000 0.9996
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Table 8. Statistics comparison of overall training performance.

Statistics
Indicator Model

Training
Accuracy

(%)

Validation
Accuracy

(%)

Training
Loss

Validation
Loss

Training F1
Macro

Average

Validation
F1 Macro
Average

Training
AUC-OvR

Validation
AUC-OvR

Average
ResNet18 99.56 97.98 0.0096 0.0660 0.9957 0.9804 0.9995 0.9992

ResKAN18—
Large 99.71 98.45 0.0253 0.0881 0.9972 0.9848 0.9997 0.9995

Standard
deviation

ResNet18 3.34 1.87 0.0612 0.0472 0.0334 0.0187 0.0056 0.0021

ResKAN18—
Large 3.05 1.31 0.1855 0.1604 0.0304 0.0135 0.0085 0.0044

Median
ResNet18 99.93 98.80 0.0033 0.0429 0.9993 0.9880 1.0000 0.9990

ResKAN18—
Large 99.89 97.94 0.0067 0.0580 0.9989 0.9799 0.9999 0.9990

Minimum
ResNet18 87.19 87.80 0.0014 0.0320 0.8728 0.8757 0.9734 0.9949

ResKAN18—
Large 87.52 91.41 0.0008 0.0335 0.8776 0.9168 0.9676 0.9812

Maximum
ResNet18 100.00 99.14 0.3390 0.2695 1.0000 0.9914 1.0000 0.9995

ResKAN18—
Large 100.00 98.97 0.9890 0.7536 1.0000 0.9899 1.0000 0.9996

Table 9. Convergence characteristics and stability analysis.

Convergence
Characteristic ResNet18 ResKAN18—Large Comparative Analysis

Initial convergence speed Verification accuracy in the
1st epoch: 95.02%

Verification accuracy in the
1st epoch: 92.96%

ResNet18 converges faster in the
early stages.

Stable convergence period Reached stability around the
15th epoch

Reached stability around the
10th epoch

ResKAN18—Large enters the
stable status earlier.

Final convergence level Verification accuracy: 97.77% Verification accuracy: 98.28% ResKAN18—Large has slightly
better final performance (+0.51%).

Overfitting degree
(training–validation accuracy

difference)
2.19% 1.50%

ResKAN18—Large has a slightly
higher tendency towards
overfitting.

Smoothness of loss curve Significant fluctuation in
validation loss

Small fluctuation in validation
loss

The loss curve of
ResKAN18—Largeis smoother.

Figure 2. Comparison of accuracy curves: (a) ResNet18; (b) ResKAN18—Large.
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Figure 3. Comparison of AUC-OvR curves: (a) ResNet18; (b) ResKAN18—Large.

Figure 4. Comparison of macro F1 curves: (a) ResNet18; (b) ResKAN18—Large.

Figure 5. Comparison of loss curves: (a) ResNet18; (b) ResKAN18—Large.

As shown in Figures 2–5, ResNet18 exhibited faster convergence speed in the early
stages of training (with a validation accuracy of 95.02% in the first epoch), but its pro-

https://doi.org/10.3390/a19090715

https://doi.org/10.3390/a19090715


Algorithms 2026, 19, 715 21 of 35

cess fluctuated greatly, with a sudden drop in validation accuracy to 87.80% in the sec-
ond epoch, indicating sensitivity to initialization and insufficient stability. Although
ResKAN18—Large has a slightly slower initial convergence rate (92.96% validation ac-
curacy in the first epoch), the training process is smoother, and ultimately outperforms
ResNet18′s validation accuracy with a validation accuracy of 98.28%. It also performs better
in validation F1 macro average and validation loss, as shown in Tables 10–12.

Table 10. Comparison of overall key performance among the training set, validation set and test set
of seven models.

Indicator Dataset ResNet18 VGG16 DenseNet121 ShuffleNetV2 ResKAN18—
Simple

ResKAN18—
Standard

ResKAN18—
Large

Accuracy (%)

Training set 99.93 99.96 99.93 99.67 99.93 99.78 99.85

Validation set 97.77 98.45 98.45 97.94 97.94 98.45 98.28

Test set 97.59 97.77 98.11 97.77 98.45 98.45 98.80

Macro
precision

Training set 0.9993 0.9996 0.9993 0.9964 0.9992 0.9979 0.9985

Validation set 0.9787 0.9848 0.9848 0.9793 0.9812 0.9856 0.9831

Test set 0.9766 0.9787 0.9822 0.9785 0.9851 0.9848 0.9883

Macro
recall

Training set 0.9993 0.9996 0.9993 0.9964 0.9992 0.9979 0.9985

Validation set 0.9780 0.9848 0.9848 0.9793 0.9805 0.9856 0.9831

Test set 0.9766 0.9787 0.9822 0.9785 0.9851 0.9848 0.9883

Macro F1

Training set 0.9993 0.9996 0.9993 0.9964 0.9992 0.9979 0.9985

Validation set 0.9780 0.9848 0.9848 0.9793 0.9805 0.9856 0.9831

Test set 0.9766 0.9787 0.9822 0.9785 0.9851 0.9848 0.9883

Weighted precision

Training set 0.9993 0.9996 0.9993 0.9964 0.9992 0.9979 0.9985

Validation set 0.9787 0.9848 0.9848 0.9793 0.9811 0.9856 0.9831

Test set 0.9766 0.9787 0.9822 0.9785 0.9851 0.9848 0.9883

Weighted recall

Training set 0.9993 0.9996 0.9993 0.9964 0.9992 0.9979 0.9985

Validation set 0.9780 0.9848 0.9848 0.9793 0.9805 0.9856 0.9831

Test set 0.9766 0.9787 0.9822 0.9785 0.9851 0.9848 0.9883

Weighted F1

Training set 0.9993 0.9996 0.9993 0.9964 0.9992 0.9979 0.9985

Validation set 0.9780 0.9848 0.9848 0.9793 0.9804 0.9856 0.9831

Test set 0.9766 0.9787 0.9822 0.9785 0.9851 0.9848 0.9883

AUC-OvR

Training set 1.0000 1.0000 1.0000 0.9999 1.0000 1.0000 1.0000

Validation set 0.9991 0.9995 0.9995 0.9973 0.9990 0.9998 0.9996

Test set 0.9992 0.9989 0.9988 0.9958 0.9987 0.9995 0.9998

AUC-OvO

Training set 1.0000 1.0000 1.0000 0.9999 1.0000 1.0000 1.0000

Validation set 0.9991 0.9995 0.9995 0.9973 0.9990 0.9998 0.9996

Test set 0.9992 0.9989 0.9988 0.9958 0.9987 0.9995 0.9998

Cohen’s Kappa

Training set 0.9989 0.9994 0.9989 0.9945 0.9989 0.9967 0.9978

Validation set 0.9665 0.9768 0.9767 0.9691 0.9690 0.9767 0.9741

Test set 0.9639 0.9663 0.9715 0.9664 0.9768 0.9768 0.9819

Matthews correlation

Training set 0.9989 0.9994 0.9989 0.9945 0.9989 0.9967 0.9978

Validation set 0.9665 0.9768 0.9767 0.9692 0.9690 0.9770 0.9743

Test set 0.9640 0.9665 0.9719 0.9664 0.9768 0.9770 0.9820

Log loss

Training set 0.00285 0.00097 0.00374 0.06495 0.00314 0.00696 0.00543

Validation set 0.05712 0.07732 0.03011 0.11893 0.08710 0.04967 0.05492

Test set 0.05428 0.11696 0.06496 0.13357 0.06623 0.05829 0.04857

https://doi.org/10.3390/a19090715

https://doi.org/10.3390/a19090715


Algorithms 2026, 19, 715 22 of 35

Table 11. Comparison of accuracy, recall and F1 scores for each class in the test set of seven models.

Class Indicators ResNet18 VGG16 DenseNet121 ShuffleNetV2 ResKAN18—
Simple

ResKAN18—
Standard

ResKAN18—
Large

COVID-19

Accuracy 0.9888 0.9882 1.0000 1.0000 1.0000 1.0000 1.0000

Recall 0.9944 1.0000 1.0000 0.9943 1.0000 1.0000 1.0000

F1 0.9916 0.9940 1.0000 0.9972 1.0000 1.0000 1.0000

Normal

Accuracy 0.9847 0.9614 0.9522 0.9626 0.9794 0.9581 0.9902

Recall 0.9554 0.9803 0.9950 0.9763 0.9744 0.9946 0.9758

F1 0.9698 0.9707 0.9731 0.9694 0.9769 0.9760 0.9830

Viral
pneumonia

Accuracy 0.9565 0.9854 0.9951 0.9741 0.9760 0.9951 0.9744

Recall 0.9802 0.9575 0.9528 0.9641 0.9807 0.9623 0.9896

F1 0.9682 0.9713 0.9735 0.9691 0.9783 0.9784 0.9819

Table 12. Comprehensive comparison of performance and complexity of test sets for seven models.

Models KAN
Configurations

Parameter
Quantity (M)

Test Accuracy
(%) Macro F1 AUC-OvR

Training–
Validation

Accuracy Gap

ResNet18 - 11.18 97.59 0.9766 0.9992 2.19%
VGG16 - 134.27 97.77 0.9787 0.9989 2.24%

DenseNet121 - 6.96 98.11 0.9822 0.9988 2.15%
ShuffleNetV2 - 1.26 97.77 0.9785 0.9958 2.06%

ResKAN18—Simple [64, 32] 11.53 98.45 0.9851 0.9987 1.84%
ResKAN18—Standard [128, 64, 32] 13.01 98.45 0.9848 0.9995 1.84%

ResKAN18—Large [256, 128, 64] 13.97 98.80 0.9883 0.9998 1.50%

In terms of performance stability under intra dataset partitioning, the training–
validation accuracy gap of ResKAN18—Large is 1.50%, which is better than ResNet18, and
the validation loss curve is smoother and less volatile, indicating that its generalization per-
formance is more stable. From the perspective of convergence efficiency, ResNet18 is faster
in the initial stage but takes about 15 epochs to reach stability, while ResKAN18—Large
enters a stable state in the 10th epoch.

In terms of clinical applicability, ResKAN18—Large may provide more consistent
diagnostic reliability in practical deployment due to its lower performance fluctuations and
robust optimization features that enter the stable status earlier. Its adaptive mechanism
may also be more adaptable to small sample data, and the potential interpretability value
of the KAN module can help enhance clinical trust. In summary, ResKAN18—Large
demonstrates advantages in performance stability under intra dataset partitioning, final
comprehensive performance, especially suitable for medical scenarios that require high
diagnostic consistency and model credibility.

3.4. Comparison of Overall Comprehensive Performance of Seven Models

Table 10 shows the comprehensive performance indicators of seven models on the
training set, validation set, and test set.The following is a systematic analysis of the com-
prehensive performance of each model from seven dimensions.

(1) Accuracy and Macro F1 Analysis
From the perspective of testing accuracy, ResKAN18—Large ranks first with 98.80%,

followed by ResKAN18—Simple and ResKAN18—Standard (both at 98.45%), then followed
by DenseNet121 (98.11%), ResNet18 (97.59%), VGG16, and ShuffleNetV2 (both at 97.77%).
ResKAN18—Large is 0.69% higher than the classic CNN baseline DenseNet121 and 1.21%
higher than the direct baseline ResNet18.
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From the macro F1 score, ResKAN18—Large ranks first with 0.9883, followed closely
by ResKAN18—Simple with 0.9851, all outperforming DenseNet121 (0.9822), VGG16
(0.9787), ShuffleNetV2 (0.9785), and ResNet18 (0.9766). Macro precision and macro recall
exhibit the same ranking, indicating that ResKAN18—Large achieves optimal balance
across all classes.

(2) Weighted Indicator Analysis
Weighted precision, weighted recall, and weighted F1 all show rankings consistent

with the macroindicators, with ResKAN18—Large leading overall with 0.9883. Due to the
similar sample sizes of the three classes in this dataset, the difference between the weighted
indicator and the macro indicator is minimal, which verifies the class balance of the dataset
and indicates that the macro indicator fully reflects the true performance of the model in
each class.

(3) AUC Analysis
ResKAN18—Large ranks first on AUC-OvR with 0.9998, and ResKAN18 variants all

outperform DenseNet121 (0.9988), ResNet18 (0.9992), VGG16 (0.9989), and ShuffleNetV2
(0.9958). AUC-OvO presents a completely consistent ranking. All models have an AUC ex-
ceeding 0.995, indicating excellent discriminative ability, while ResKAN18—Large reaches
the highest level with a near-perfect 0.9998.

(4) Consistency Index Analysis
The Cohen’s Kappa (0.9819) and the Matthews correlation (0.9820) of ResKAN18—

Large test set are both the highest among the seven models, outperforming ResKAN18—
Standard (0.9768, 0.9770), ResKAN18—Simple (0.9768, 0.9768), DenseNet121
(0.9715, 0.9719), ResNet18 (0.9639, 0.9640), VGG16 (0.9663, 0.9665), and ShuffleNetV2
(0.9664, 0.9664). Due to the fact that these two indicators are not excessively affected by the
number of class samples, the above results validate the robustness of ResKAN18—Large
classification consistency.

(5) Probability Calibration Analysis
The log loss of ResKAN18—Large test set is 0.0486, which is the lowest among

the seven models and better than ResKAN18—Standard (0.0583), ResNet18 (0.0543),
DenseNet121 (0.0650), VGG16 (0.1170), and ShuffleNetV2 (0.1336). This indicates that
ResKAN18—Large notonly has the highest classification accuracy, but also has the most
calibrated prediction probability. The confidence level of the model output highly matches
the actual accuracy, which is particularly important for clinical decision support.

(6) Performance Stability Analysisunder Intra Dataset Partitioning
The training–validation accuracy gaps (from 1.50% to 1.84%) of all three ResKAN18

variants are superior to all four classic CNN baselines (from 2.06% to 2.24%). The
training–validation accuracy gap of ResKAN18—Large is the smallest (1.50%), while for
ResKAN18—Simple it is 1.84%, both outperforming the best performing classic CNN base-
lines ShuffleNetV2 (2.06%) and DenseNet121 (2.15%). This result fully demonstrates the
universal effectiveness of KAN structured regularization in suppressing overfitting, and is
independent of the model parameter size—VGG16 has the largest parameter size (134.27M)
but the largest training–validation accuracy gap (2.24%), while ResKAN18—Large has the
smallest difference (1.50%) with a parameter size of 13.97M.In terms of the validation–test
accuracy gap, ResKAN18—Large is 0.52%, which is at an excellent level (<2%). It should
be noted that the training–validation and validation–test accuracy gapsmentioned above
only reflect the stability of the performance under random partitioning of this dataset,
and cannot be directly used to infer the generalization performance in external datasets or
cross-domain scenarios.

(7) COVID-19-Specific Performance Analysis
Table 11 shows the accuracy, recall, and F1 score of seven models in each class.
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To visually demonstrate the changes in fine-grained classification performance be-
fore and after the introduction of the KAN module, Figures 6 and 7 show the nor-
malized confusion matrices of the baseline model ResNet18 and the optimal model
ResKAN18—Large on training set, validation set, and test set respectively. Compared
to the standard confusion matrix, the normalized confusion matrix normalizes the total
number of rows (true classes) to 100%, allowing for fair comparison of classification per-
formance between different classes without being affected by differences in the number of
samples in each class.

Figure 6. Normalized confusion matrices of ResNet18 in: (a) training set; (b) validation set;
(c) test set.

From Figure 6, it can be seen that ResNet18 has a certain degree of class confusion on
all three datasets. On the test set, 0.56% samples of the COVID-19 class are misclassified as
normal (0.28%) or viral pneumonia (0.28%), with a recall rate of 99.44%; 4.46% samples of
the normal class are misclassified as other classes; 1.98% samples of the viral pneumonia
classare misclassified. This indicates that ResNet18 has some uncertainty in distinguish-
ing three types of chest X-ray images, especially in determining the boundary between
COVID-19 and viral pneumonia.
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Figure 7. Normalized confusion matrices of ResKAN18—Large in: (a) training set; (b) validation set;
(c) test set.

In contrast, the confusion matrix of ResKAN18—Large in Figure 7 presents clearer
classification boundaries. On the test set, the classification error rate of the COVID-19
classis 0, and all 183 real COVID-19 samples are correctly identified, verifying the re-
sult of a recall rate of 1.000 in Table 11. The misjudgment rate of the normal class
is only 2.42%, mainly concentrated at the boundary with viral pneumonia, and the
misjudgment rate of the viral pneumonia class is 1.04%. Compared with ResNet18,
ResKAN18—Large has significantly reduced misjudgment rates in all classes, with
COVID-19 being particularly prominent.

From the evolution of the confusion matrix from the training set to the validation set,
and then to the test set, it can be seen that the normalized confusion matrix of ResKAN18—
Large maintains high consistency across all datasets, while the diagonal element values
(correct classification ratio) of ResNet18 significantly decrease on both the validation set and
test set. This further confirms that ResKAN18—Large has better generalization consistency
than ResNet18.

Based on Tables 10 and 11, the core finding is that ResKAN18—Large ranks first in
test accuracy (98.80%), macro average F1 (0.9883), and AUC (0.9998), with improvements
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of 0.69%, 0.0061, and 0.0010 respectively, compared to the strongest classic CNN baseline
DenseNet121. Meanwhile, ResKAN18—Large has achieved two key performance break-
throughs:(1) Optimal generalization consistency: The training–validation accuracy gap
is only 1.50%, which is better than all four classic CNN baselines. (2) Zero missed diag-
noses of COVID-19: All three ResKAN18 variants have achieved accuracy = recall = 1.000
on the COVID-19 class, while all four classic CNN baselines showed varying degrees of
missed diagnoses.

3.5. Multi-Model Horizontal Comparative Experiment

This section further integrates the test set performance, model complexity, and training–
validation accuracy gap of all seven models to form a complete horizontal comparison
matrix. Table 12 summarizes the KAN configuration, parameter count, test accuracy, macro
mean F1, AUC-OvR, and training–validation accuracy gap of seven models. Figures 8–11
visually illustrate the comparative relationship between seven models in four dimensions:
test accuracy, macro average F1, AUC, and parameter quantity.

Figure 8. Test accuracy comparison across seven models.

Figure 9. Macro F1score comparison across seven models.
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Figure 10. AUC-OvR comparison across seven models.

Figure 11. Model parameters comparison across seven models.

A systematic analysis of the seven model comparison data shown in Table 13 and
Figures 8–11 reveals three conclusions: (1) ResKAN18—Large leads in accuracy met-
rics comprehensively. ResKAN18—Large ranks first in testing accuracy (98.80%), macro
average F1 (0.9883), and AUC-OvR (0.9998). Under the condition that the parameter
quantity is only about one tenth of VGG16, the testing accuracy exceeds 1.03%; com-
pared to DenseNet121, it achieved an accuracy improvement of 0.69% with approximately
twice the number of parameters. This demonstrates the ability of the KAN module to
significantly improve classification performance while maintaining parameter efficiency.
(2) ResKAN18—Simple achieves maximum revenue with minimal cost. ResKAN18—
Simple achieves a testing accuracy of 98.45% with a parameter count of only 11.53M, and an
ultra-fast inference delay of 2.50 ms, which is on par with the deeper ResKAN18—Standard.
Compared to DenseNet121, which is the strongest among the four classic CNN baselines,
ResKAN18—Simple achieves an accuracy inversion of 0.34% at the cost of increasing
4.57M parameters, and the training–validation accuracy gap is better than all baselines,
demonstrating the effectiveness of structured regularization under the minimalist KAN
configuration. (3) The generalization consistency of all ResKAN18 variants is better than the
classic CNN baseline, and the deeper the KAN, the better the generalization. The training–
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validation accuracy gap of the four classic CNN baselines is 2.06−2.24%, while the three
ResKAN18 variants are 1.50–1.84%. As thedepth or the width (hidden layer of dimensions)
of KAN increases, the gap continues to narrow. VGG16 has the largest parameter count
(134.27M) but the largest difference (2.24%), while ResKAN18—Large has a parameter
count of 13.97M but the smallest difference (1.50%), proving that the regularization effect
of KAN originates from the structured sparse prior of B-spline function space, rather than
a reduction in parameter count.

Table 13. Comprehensive comparison ofcomplexity, inference delay, and generalization ability of
seven models.

Models Parameter
Quantity (M)

Parameter
Increment

Comparedto
ResNet18

Model Storage
(MB) FLOPs

GPU
Inference Delay

(ms)

CPU
Inference Delay

(ms)

Training–
Validation

Accuracy Gap

ResNet18 11.18 — 42.64 1.82 G 1.18 12 2.19%
VGG16 134.27 +1100.9% 512.21 15.47 G 40.56 320 2.24%

DenseNet121 6.96 −37.7% 26.54 2.90 G 7.46 60 2.15%
ShuffleNetV2 1.26 −88.7% 4.79 0.15 G 2.88 18 2.06%

ResKAN18—Simple 11.53 +3.1% 43.97 1.824 G 2.50 25 1.84%
ResKAN18—Standard 13.01 +16.4% 49.62 1.824 G 7.63 75 1.84%

ResKAN18—Large 13.97 +24.9% 53.29 1.824 G 8.25 95 1.50%

3.6. Analysis of Model Complexity and Reasoning Delay

This section further conducts a systematic complexity analysis of all seven mod-
els from three dimensions: parameter quantity, FLOPs, and inference delay, to evaluate
the computational cost of each model in actual deployment. Table 13 summarizes the
parameter count, relative parameter increment to ResNet18, model storage size, floating-
point operations per second (FLOPs), graphics processing unit (GPU) inference delay,
central processing unit (CPU) inference delay, and training–validation accuracy gap of
seven models.

3.6.1. Parameter Quantity Analysis

The parameter distribution of the seven models shows significant differences. VGG16
has the largest parameter count (134.27M), which is about 12 times that of ResNet18,
consistent with its deep serial structure design—a large number of fully connected layer
parameters results in a bloated model. ShuffleNetV2 has the smallest parameter count
(1.26M), only 11.3% of ResNet18, thanks to its lightweight design of channel mixing and
depth-separable convolution. DenseNet121 has a parameter size of 6.96M and achieves
parameter efficiency through feature reuse.

The parameter sizes of the three ResKAN18 variants are: ResKAN18—Simple 11.53M,
ResKAN18—Standard 13.01M, and ResKAN18—Large 13.97M. All these three are on the
same level as ResNet18. Among them, ResKAN18—Simple is almost on par with ResNet18,
with only a 3.1% increase; ResKAN18—Large increases by 24.9%, but its absolute value is
still much smaller than VGG16 (only 10.4% of VGG16). The parameter increment mainly
comes from the spline coefficient matrix of the KAN module. The total number of spline
coefficients in ResKAN18—Large’s four-layer KAN is 1,377,792, in ResKAN18—Standard’s
three-layer KANit is 606,976, and in ResKAN18—Simple’s two-layer KANit is 279,296.

3.6.2. FLOPs Analysis

VGG16 has the highest FLOPs (15.47G), which is approximately 8.5 times that of
ResNet18; the FLOPs of ShuffleNetV2 is the lowest (0.15G), about 8.2% of ResNet18; the
FLOPs DenseNet121 is 2.90G, which is approximately 1.6 times thatof ResNet18. The FLOPs
of the three ResKAN18 variants are all 1.824 G, which is almost the same as the 1.82G of
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ResNet18, indicating that replacing the fully connected layer with the KAN module does
not introduce significant computational overhead.

To further support the above-measured results theoretically, the time complexity of
the KAN module can be expressed as:

TKAN = O

(
L

∑
l=0

dl · dl+1 · G · k
)

(8)

where L = 4 for ResKAN18—Large, L = 3 for ResKAN18—Standard, and L = 2 for
ResKAN18—Simple, dl is the number of neurons in the l-th layer, G = 5 is the number
of grid points, and k = 3 is the spline order. Equation (8) is on the same level of time
complexity O(∑dl·dl+1) as the standard fully connected layer, with the only difference being
the constant factor G · k = 15, which is consistent with the measured results of FLOPs.

3.6.3. Inference Delay Analysis

The inference delay test has been conducted on NVIDIA GeForce RTX 4080 SUPER
(16 GB GDDR6X) with Intel Core i9-13900KF CPU. Take the average of 100 runs for each
test, with the first 20 runs being warm-up. On GPU inference delay, ResNet18 is the fastest
(1.18 ms), ResKAN18—Simple is the second fastest (2.50 ms), followed by ShuffleNetV2
(2.88 ms), DenseNet121 (7.46 ms), ResKAN18—Standard (7.63 ms), ResKAN18—Large
(8.25 ms), and the slowest VGG16 (40.56 ms). A similar order is presented on CPU inference
delay: ResNet18 (12 ms), ShuffleNetV2 (18 ms), ResKAN18—Simple (25 ms), DenseNet121
(60 ms), ResKAN18—Standard (75 ms), ResKAN18—Large (95 ms), VGG16 (320 ms).

As for clinical reference, radiologists typically take 10–30 s to manually review a
chest X-ray image [49,50]. Even on CPUs in primary healthcare institutions without ded-
icated graphics cards, the inference speed of ResKAN18—Simple (about 25 ms) is over
400 times faster than manual reading; ResKAN18—Large (about 95 ms) is also over
100 times faster. All seven models (except for VGG16 which is slightly slower on CPU) can
meet the requirements for real-time auxiliary diagnosis.

3.6.4. Comprehensive Trade-Off Between Complexity, Accuracy, and Performance Stability
Under Intra Dataset Partitioning

Based on the four dimensions of parameter quantity, inference delay, accuracy, and
generalization, the seven models form a clear hierarchy:

ResNet18 has amoderate parameter count (11.18M), fastest speed (1.18 ms), but lowest
testing accuracy (97.59%), and the largest training–validation accuracy gap (2.19%). It
issuitable for scenarios that require extreme inference speed and stable data distribution.

VGG16 has the largest number of parameters (134.27M), the slowest speed (GPU
inference delay is 40.56 ms, CPU inference delay is 320 ms), a testing accuracy of
only 97.77%, the largest training–validation accuracy gap (2.24%), and the lowest
overall cost-effectiveness.

DenseNet121has a small number of parameters (6.96M), moderate testing accuracy
(98.11%), and a moderate training–validation accuracy gap (2.15%); it has the best overall
performance among classic CNN baselines.

ShuffleNetV2has the smallest number of parameters (1.26M) and fast speed
(GPU inference delay is 2.88 ms), but the testing accuracy is only 97.77%, and the
training–validation accuracy gap is moderate (2.06%). It is suitable for ultra-lightweight
mobile deployment.

ResKAN18—Simple’s parameter count is almost the same as ResNet18 (an increase
of 3.1%), it has the second fastest speed (GPU inference delay is 2.50 ms), the testing
accuracy is 98.45% (0.86% higher than ResNet18), and the training–validation accuracy
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gap is 1.84% (better than all four classic CNN baselines). It has the highest comprehensive
cost performance ratio and is suitable for resource-constrained scenarios such as primary
medical care and edge computing.

ResKAN18—Standard hasa moderate parameter count (13.01M), moderate speed
(GPU inference delay is 7.63 ms), its testing accuracy is comparable to ResKAN18—Simple
(98.45%), and its training–validation accuracy gapis 1.84%. It is suitable for scenarios with
certain precision requirements and moderate computing resources.

ResKAN18—Largehas a parameter count of 13.97M and a GPU inference delay at
8.25 ms, it has the highest testing accuracy (98.80%) and the smallest training–validation
accuracy gap (1.50%), making it suitable for extreme-precision scenarios.

The three ResKAN18 variants occupy three different working points on the Pareto front
of complexity, accuracy, and performance stability under intra dataset partitioning, covering
the full spectrum of requirements from “edge lightweight” to “high-precision diagnosis”,
and users can flexibly choose according to hardware conditions. Taking into account
theaccuracy, performance stability under intra dataset partitioning, and computational
efficiency, this paper recommends ResKAN18—Large as the default configuration; for
scenarios where resources are severely limited, ResKAN18—Simple can providea cost-
effective alternative solution.

3.7. In-Depth Discussion

Based on the systematic comparative experiments of the seven models from
Sections 3.3–3.6 this section presents a rational analysis ofthree core issues:

(1) The mathematical mechanism of the KAN breaking through the accuracy bot-
tleneck of classic CNNs: The classification heads of the four classic CNN baselines all
adopt a linear projection design with global average pooling and a single fully connected
layer, and their expressive power is limited by the rank of the linear transformation.
Although DenseNet121 enhances feature reuse through dense connections, its final clas-
sification head is still linear projection, so its testing accuracy (98.11%) is better than
ResNet18 (97.59%), but still lower than ResKAN18—Simple (98.45%).ResKAN18 replaces
single-layer fully connected layers with multilayer KAN modules, and each layer per-
forms a nonlinear transformation on the input dimension by dimension using B-spline
functions as shown in Equation (7). B-splines have the ability to approximate general func-
tions [37], enabling the KAN module to fit any continuous mapping from 512-dimensional
features to three types of probabilities. In the experiment, the testing accuracy of the three
ResKAN18 variants (from 98.45% to 98.80%) is superior to all four classic CNN baselines
(from 97.59% to 98.11%), empirically verifying the expression ability advantage of KAN
compared to linear fully connected layers.

(2) The mathematical mechanism of the KAN breaking through the accuracy bottleneck
of classic CNNs: Table 11 shows that three of the four classic CNN baselines have varying
degrees of missed diagnosis in COVID-19 (ResNet18, ShuffleNetV2 and VGG16), but for
all three ResKAN18 variants, they have all achieved an accuracy = recall rate =1.000. This
systematic difference stems from the dynamic grid update mechanism of KAN, which
means that every five training cycles, the KAN module recalculates the B-spline knot
sequence based on the current batch feature distribution, so that the basis function support
interval closely follows the data manifold. For samples at the edge of the feature space
in the COVID-19 class, B-spline basis functions can dynamically adjust the resolution to
accurately characterize their position. The fully connected layer of classical CNN does not
have this adaptive ability, and its linear projection weights are fixed after training has been
completed. It is worth noting that even the shallowest ResKAN18—Simple can achieve a
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recall rate of 1.0000, indicating that the KAN structure itself plays a core role in capturing
key differences.

(3) The intrinsic regularization mechanism of overfitting suppression: Tables 12 and 13
show a counterintuitive but crucial phenomenon that the training–validation accuracy
gap of all three ResKAN18 variants is better than all four classical CNN baselines,
and the deeper and the wider (larger hidden dimensions) the KAN, the smaller the
gap.VGG16 has the largest parameter size (134.27M) and the largest gap (2.24%), while
ResKAN18—Large has the smallest gap (1.50%) with a parameter size of 13.97M. This
proves that the regularization effect of KAN is not due to a reduction in the number of
parameters, but rather to the structured sparse prior of the B-spline function space: each
univariate function is determined by only eight coefficients, and local support naturally
limits the complexity of the function. As the depth of the KAN increases, the regularization
effect accumulates on more layers. Cohen’s Kappa and Matthews correlation indicators
further confirm that ResKAN18—Large is significantly better than ResNet18. In terms of
probability calibration, The log loss indicator also shows that ResKAN18—Large is the best
among the seven models, which is 10.5% lower than ResNet18.

In summary, the three ResKAN18 variants occupy three different working points on
the Pareto front: ResKAN18—Simple achieves the maximum benefit with minimal cost,
while the ResKAN18—Large achieves maximum accuracy and optimal generalization with
moderate cost.

4. Limitations and Future Work
4.1. Research Limitations

Although this study systematically compared and validated the superiority of
ResKAN18 through seven models, there are still three limitations:

(1) The data source is single. This paper has only used one publicly available dataset
with a total of 3880 chest X-ray images, and although the seven models are compared on
the same dataset to ensure fairness, there is a lack of external validation across multiple
centers and devices. The generalization ability of the model on different devices and patient
populations has not been validated. Although the three KAN variants outperform the four
comparison models in terms of the training–validation accuracy gap, this result is only
obtained based on random partitioning of the same data source, and their generalization
performance across domains and external datasets still needs further validation on multi-
center external datasets.

(2) KAN hyperparameters rely on experience. The configuration of three KAN variants:
grid size G = 5, spline order k = 3, update frequency is set as every five rounds, hidden-
layer dimension is determined through preliminary search, lacking an adaptive selection
mechanism. The optimal hyperparameter configuration may vary for datasets of different
scales or domains.

(3) A lack of prospective clinical validation. All experiments are based on retrospective
public data, and the performance of the model in real clinical environments (including
complex situations such as low-quality images, improper positioning, and the presence of
other lesions) has not been tested by prospective clinical trials.

4.2. Future Work Directions

In response to the above limitations, future research will be conducted from
three directions:

(1) Data expansion and external validation. We hope to collaborate with multiple
medical institutions to collect chest X-ray image data from multiple centers and devices,
so as to construct a large-scale external validation set, to systematically evaluate the cross-
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domain generalization ability of three versions, andto verify the actual performance of the
Simple version on primary medical equipment.

(2) KAN hyperparameter adaptive strategy. We hope to propose hyperparameter
automatic search algorithms based on Bayesian optimization or reinforcement learning
(RL), which can enable parameters such as grid size, spline order, update frequency, and
hidden-layer dimension to be dynamically adjusted according to data features.

(3) Embedded system integration and clinical translation. Through knowledge dis-
tillation, quantitative training, and structured pruning, we hope to further compressthe
model volume. We hope to integrateResKAN18—Simple into portable X-ray devices, and
the ResKAN18—Large into picture archiving and a communication system (PACS) for
prospective clinical validation trials.

In addition, the feasibility of expanding the application of ResKAN18 for the diag-
nosis of other chest diseases such as tuberculosis and lung tumors can also be explored
in the future.

5. Conclusions
This paper has constructed and validated three variants of the ResKAN18 hybrid struc-

ture and conducted systematic comparative experiments using seven models (four classic
CNN baselines: ResNet18, VGG16, DenseNet121, ShuffleNetV2,and three ResKAN18
variants: ResKAN18—Simple, ResKAN18—Standard, and ResKAN18—Large). On the
3880 chest X-ray dataset, ResKAN18—Large has achieved a testing accuracy of 98.80%,
with a macro average F1 of 0.9883 and an AUC-OvR of 0.9998, ranking first among
all seven models. ResKAN18—Simple has achieved a testing accuracy of 98.45% and
a training–validation accuracy gap of 1.84% with a parameter count of 11.53M (an increase
of only 3.1% compared to ResNet18). All variants have achieved zero missed diagnoses
for COVID-19 (recall rate = 1.0000), while ResNet18 has experienced missed diagnoses
(recall rate = 0.9944).

In terms of implementation, ResNet18 which adopts pre-trained ImageNet is chosen
in ResKAN18 variants as the feature extraction backbone, and KAN modules of different
depths are used to replace the fully connected layer. Each layer adopts B-spline function
for dimensional nonlinear transformation, and the spline mesh is dynamically updated
every five rounds. The training configuration includes 30 rounds, a learning rate of 0.0001,
a batch size of 256, an Adam optimizer, and L1 regularization.

Compared with four classic CNN baselines, ResKAN18—Large has shown a
0.69% improvement in testing accuracy compared to DenseNet121 and a 1.21% improve-
ment compared to ResNet18; ResKAN18—Simple has improved by 0.86%s compared to
ResNet18 with almost the same number of parameters. Thetraining–validation accuracy
gap among the three KAN variants (from 1.50% to 1.84%) is better than all four CNN
baselines (from 2.06% to 2.24%), and the deeper and the wider the KAN, the better the
generalization. All KAN variants achieved zero missed diagnoses in COVID-19 recognition,
while the classic CNN baseline showed varying degrees of missed diagnoses. Three variants
cover the full spectrum requirements, from lightweight deployment to high-precision diag-
nosis, with ResKAN18—Simple achieving maximum benefits with minimal parameter in-
crements, suitable for resource-constrained scenarios, and ResKAN18—Large achieving the
highest accuracy and optimal generalization. KAN spline functions can be independently
visualized, providing endogenous function-level explanations for the decision-making
process. Taking into account the trade-off between accuracy, generalization, and inference
efficiency, this paper recommends ResKAN18—Large as the default configuration and
ResKAN18—Simple as a cost-effective alternative for resource-constrained scenarios.
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