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Highlights

« This paper presents a new method for brain injury detection, which uses eddy current damping technology. This
method is more convenient and faster than the traditional detection method.

¢ This paper simulates the method in COMSOL software and then verifies it through experiments. The feasibility of
the method is proved through the combination of simulation and experiments.

Abstract

Objectives: To investigate the feasibility of using eddy current damping (ECD) technology as a portable and rapid
alternative for detecting the location of cerebral hemorrhage. Methods: This study leveraged the significant con-
ductivity difference between hemorrhagic and normal brain tissue. ECD technology involved the application of
alternating current to a coil, generating a time-varying magnetic field that induces eddy currents in conductive
tissues such as hemorrhagic regions. These eddy currents produced a secondary magnetic field that opposes
the original, resulting in measurable changes in the ECD signal. Using COMSOL simulations, detailed models of
the head, brain, hemorrhage, and coil were constructed to analyze electromagnetic coupling. Changes in coil re-
sistance and inductance due to hemorrhagic tissue were quantified to evaluate the detectability of ECD signals.
Results: Simulation results confirmed that cerebral hemorrhages generate measurable eddy current responses,
which alter the resistance and inductance of the detection coil. These changes provide quantifiable ECD signals
that can potentially indicate both the location and volume of hemorrhagic lesions. Conclusions: The findings dem-
onstrate the feasibility of using ECD technology as a portable, rapid, and non-invasive method for detecting cere-
bral hemorrhage. Pending clinical validation, this approach could serve as a practical alternative to conventional
imaging, particularly in emergency settings where speed and mobility are essential.

Keywords: Eddy current damping, traumatic brain injury, COMSOL multiphysics, finite element model of the human
head

Introduction

Traumatic brain injury (TBI) refers to damage to
brain tissue caused by direct or indirect exter-
nal force to the head and is classified as a
mechanical injury. In clinical practice, TBI not
only affects brain tissue but can also lead to
dysfunction of the nervous and endocrine sys-
tems, resulting in complications such as limb

impairment, cognitive decline, and psychologi-
cal disorders [1]. Studies have shown that
accurate assessment of TBI severity plays a
crucial role in clinical decision-making. Early
identification of the extent of brain injury and
the location of intracranial hemorrhage (ICH)
allows for timely and targeted treatment inter-
ventions [2]. Therefore, rapid and accurate
assessment is essential to improving survival
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rates and prognosis in patients with acute
brain injuries.

Magnetic resonance imaging (MRI) and com-
puted tomography (CT) are currently the most
widely used imaging modalities for brain injury
diagnosis [3]. MRI utilizes the hydrogen nucleus
as the imaging basis, capitalizing on the varying
water content across different tissues. These
differences in hydrogen concentration result
in distinct MRI signals, allowing differentiation
between tissue types [4]. Brain injuries such
as edema and hemorrhage alter the water con-
tent and thus can be detected using MRI [5].
However, MRI is contraindicated for patients
with magnetic metal implants or pacemakers
due to the presence of a strong magnetic field
[6]. Additionally, MRI is time-consuming, gener-
ates significant acoustic noise, and produces
large amounts of data, limiting its use in porta-
ble or emergency settings [7].

CT imaging works by scanning a specific area of
the body with X-rays over a defined period [8].
The captured data is processed by a computer
based on differences in tissue absorption and
attenuation of X-rays [9]. This produces cross-
sectional and 3D images that help identify path-
ological changes [10]. Despite its widespread
clinical use, CT has several drawbacks. It relies
on ionizing radiation, posing risks to certain
populations, especially pregnant women [11].
Additionally, CT scanners are expensive, and
the cost of each scan is relatively high. CT also
has limitations in qualitative assessments [12].
More importantly, both CT and MRI lack porta-
bility and are unsuitable for time-critical situa-
tions [13]. For patients with acute brain injury,
the time required to reach a hospital, undergo
scanning, and receive a diagnosis may result in
missed treatment windows, leading to adverse
outcomes [14]. Thus, there is an urgent need for
a portable device capable of quickly localizing
intracranial injuries.

The basic principle of eddy current damping
(ECD) technology is that when an alternating
current is applied to a conductor, it generates
a time-varying magnetic field, according to
Ampére’s law [15]. This changing magnetic
field induces an electric field as described by
Faraday’s law of electromagnetic induction,
generating circulating currents—known as
eddy currents—within conductive materials
[16]. These eddy currents, in turn, produce a
secondary magnetic field that opposes the
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original one, resulting in a damping effect.
Several international research institutions have
explored the application of ECD in brain injury
detection, demonstrating its feasibility through
simulations, system prototyping, and experi-
mental validation against conventional imaging
techniques [17-19]. However, research in this
area remains limited in China, and many exist-
ing simulation studies lack depth or precision.

In this study, we apply ECD technology to sim-
ulate brain injury detection using COMSOL
Multiphysics. The basic concept involves gener-
ating a magnetic field from an alternating cur-
rent (AC)-driven copper coil, with the brain mod-
eled as a conductive medium. When this field
interacts with hemorrhagic brain tissue, eddy
currents are induced, leading to detectable
changes in the coil’'s inductance and resistance.
These changes are quantifiable and can be
used to infer the injury’s location. A simplified
physical model of the human head was con-
structed, and sensor measurements confirmed
that the equivalent resistance and inductance
varied as expected in response to hemorrhagic
lesions.

Compared with conventional imaging methods
such as CT and MRI, this approach offers sig-
nificant advantages. First, the portable design
allows rapid detection in community clinics, at
home, or even in pre-hospital emergency set-
tings, breaking the reliance on fixed hospital
equipment. Second, the electromagnetic-based
detection system does not require expensive
imaging devices or contrast agents, thereby
reducing overall medical costs. These features
highlight the high clinical value and potential of
ECD technology for brain injury assessment.

Materials and methods
COMSOL simulation
Theoretical analysis

In the COMSOL Multiphysics environment, a
numerical model was developed to simulate
ECD for cerebral hemorrhage detection. An
anatomically accurate head model was con-
structed and integrated with an electromag-
netic coil. Tissue-specific bioelectromagnetic
parameters were assigned to different ana-
tomical regions. Finite element analysis was
used to examine the spatial distribution and
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phase shift of eddy currents induced by the
alternating magnetic field in hemorrhagic
regions. Quantitative analysis of the perturba-
tions in the electromagnetic field relative to
hematoma volume confirmed the theoretical
feasibility of ECD as a non-invasive method for
detecting cerebral hemorrhage.

Normal brain tissue primarily consists of high-
fat myelin, with a conductivity of approximately
0.2 S/m, while blood, rich in dissolved ions and
charged proteins, has a conductivity of about
0.65 S/m [20]. Due to this significant differ-
ence, blood is considerably more conductive
than brain tissue. When cerebral hemorrhage
occurs, the localized change in conductivity
leads to detectable eddy current phenomena
under an applied magnetic field. These eddy
currents generate secondary magnetic fields
that oppose the original field, resulting in
increased coil resistance and decreased induc-
tance. By comparing the coil’s resistance and
inductance before and after measurement, the
ECD signal can be quantified to identify the
location of the hemorrhage.

Currently, magnetic scanners capable of oper-
ating at the micro-Tesla level are not widely
used in clinical settings [21]. If it can be demon-
strated that a magnetic field at this intensity
induces a detectable eddy current in hemor-
rhagic tissue, it would support the feasibility of
using ECD for precise localization of brain inju-
ries at low field strengths.

The AC excitation frequency applied to the coil
is set to 1 MHz. This frequency was selected
based on several key considerations. First, the
LDC1101 inductance-to-digital converter chip
used in this study operates within the 500 kHz
to 10 MHz range [19]. A frequency of 1 MHz lies
near the midpoint of this range, allowing for
stable and optimal performance. Furthermore,
Shahristani et al. demonstrated that sensor
coils resonate around 1 MHz when detecting
brain tissue, suggesting this frequency aligns
with the brain’s natural electromagnetic reso-
nance [19]. Operating at this resonant frequen-
cy maximizes the amplitude of the ECD signal,
thereby improving detection sensitivity.

Second, the choice of frequency also balances
two competing factors: spatial resolution and
magnetic field penetration depth. Higher fre-
quencies improve spatial resolution but reduce
penetration, while lower frequencies allow
deeper penetration at the cost of resolution.
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Through theoretical analysis and empirical vali-
dation, 1 MHz was found to provide an optimal
trade-off between these parameters for cere-
bral hemorrhage detection.

In the simulation phase, the coil excitation cur-
rent was set to 27 mA AC to ensure sufficient
magnetic field intensity. For the physical experi-
ment, however, power was supplied via a USB
2.0 interface, which allows a maximum current
of 500 mA per port. To maintain a safe design
margin and ensure stable operation, the experi-
mental current was limited to 2.7 mA. This con-
straint was fully accounted for in the signal pro-
cessing circuit design and component selection,
ensuring system reliability and operational
safety during real-time data acquisition and
transmission.

Model construction

The simulation model was constructed using
COMSOL Multiphysics. A realistic human head
model was created using MRI coordinate files
provided by the COMSOL library [22]. The model
has an approximate height of 20 cm and width
of 10 cm (Figure 1A). An ellipsoid (axes: 0.055
m, 0.065 m, 0.045 m) was inserted to repre-
sent the brain parenchyma, positioned at
Y=-0.01 m and Z=0.07 m. A smaller ellipsoid
(axes: 0.016 m, 0.018 m, 0.01 m) was added to
simulate a cerebral hemorrhage, located at
Y=-0.01 m and Z=0.1 m, ensuring it lies within
the brain parenchyma (Figure 1B).

For the size and shape of the cerebral hemor-
rhage, the parameters were selected based on
previous studies indicating that local brain stim-
ulation may lead to an increase in local blood
volume of approximately 1.5 mL. To enhance
the accuracy of the COMSOL simulation, the
modeled hemorrhage volume must closely
approximate actual physiological values. Using
a simplified formula for estimating intracerebral
hemorrhage volume—defined as half the prod-
uct of the three ellipsoidal semi-axes—the vol-
ume Vis calculated as:

axXbXc
2 @

%
Based on this formula, and the selected semi-
axis lengths a, b, and c, the calculated volume
of the ellipsoid is 1.44 mL. After iterative
adjustments and validation in COMSOL, these
dimensions were confirmed to yield a volume
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Figure 1. Head model construction process. (A) After the skull
model lofting is completed. The Boolean operation segments the
curve to ensure the successful lofting of the model, and the model
generated after lofting is relatively smooth. (B) The brain paren-
chyma and cerebral hemorrhage models were constructed. It can
be seen that the brain parenchyma and cerebral hemorrhage are
in a reasonable position in the skull, with reasonable volume.
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Figure 2. The coil model is constructed. The spatial position of the
coil is above the overall model.

y
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Figure 3. The setting of coil current. The red arrow represents the
direction of the input current in the coil. In this direction, the mag-
netic field generated by the coil is downward to ensure that it can
pass through the cerebral hemorrhage area.
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closest to 1.5 mL, aligning with experi-
mental requirements.

For the inductive coil design, a copper
coil with an outer diameter of 8.8 cm
is used in the simulation. The coil has
the following parameters: a peak cur-
rent of 2.7 mA, 6 turns, and a length of
6 cm. It is positioned directly above
the head model, as shown in Figure 2
[19].

Material parameters were assigned as
follows:

Skull: conductivity 0.4 S/m, density
2000 kg/m3, relative permittivity 827,
relative permeability 1.

Brain parenchyma: conductivity 0.2
S/m, density 1000 kg/m?, relative per-
mittivity 827, relative permeability 1.

Cerebral hemorrhage: conductivity
0.65 S/m, density 1060 kg/m?3, rela-
tive permittivity 3030, relative perme-
ability 1.

Coil (copper): conductivity 5.998 S/m,
density 8960 kg/mé3, relative permit-
tivity 1, relative permeability 1 [23].

These values simulate the physical
properties of human tissues and the
coil within the model.

The simulation involves applying alter-
nating current to the coil to generate a
magnetic field, which induces eddy
currents in conductive tissue such as
hemorrhagic areas. The magnetic field
was modeled using the AC/DC mod-
ule, focusing on flux density, current,
inductance, and resistance. Ampére’s
law was used to define the magnetic
field behavior, with magnetic insula-
tion applied to all boundaries except
where inapplicable. Initial values for
the magnetic vector potential in X, vy,
and z directions were set to 0 Wb/m.

A uniform multi-turn coil was defined
with numerical current excitation, and
the direction of current input was
aligned axially to ensure that the
magnetic field penetrates downward
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Figure 4. Magnetic field distribution of the whole model. The line on
the model represents the magnetic field contour, and the number
on the contour represents the value of the magnetic field on the con-
tour. The red arrow represents the direction of the magnetic field.
The larger the arrow, the stronger the magnetic field in this area.
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Figure 5. The variation curve of magnetic flux density modulus
with arc length in intracerebral hemorrhage. The blue curve
represents the upper left curve of cerebral hemorrhage, and the
green curve represents the sitting curve of cerebral hemorrhage.
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Figure 6. Contour map of cerebral parenchyma and cerebral hem-
orrhage area. The magnetic field generated by the coil can pass

through the brain parenchyma and the area of cerebral hemorrhage.
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through the hemorrhagic area (Figure
3). This completes the physical field
setup for the magnetic field simulation.

Simulation results

To utilize ECD technology for precise
localization of cerebral hemorrhage,
it is essential to verify that the alter-
nating magnetic field generated by
the coil can penetrate the hemor-
rhagic area. This penetration induces
eddy currents within the hemorrhage,
enabling its localization. The simulated
magnetic field distribution is shown in
Figure 4. The red arrow indicates the
direction of the magnetic field, which
passes downward through the head.
The contour lines reveal that the mag-
netic flux density near the hemorrhage
is approximately 4.78 x 10 T, confirm-
ing that the magnetic field effectively
penetrates the hemorrhagic region.

To illustrate the spatial variation of
magnetic flux density within the hem-
orrhagic area, two line plots were gen-
erated along different sagittal cross-
sections. The x-axis represents arc
length (m), and the y-axis shows mag-
netic flux density (T). As shown in
Figure 5, the maximum flux density
within the hemorrhage reaches 9.2 x
10® T, while the lowest value, mea-
sured at the region furthest from the
coil, is about 4.5 x 108 T.

Additionally, a 3D visualization (Figure
6) was generated by adding contour
lines and sectional views, illustrating
the spatial distribution of the mag-
netic field. The contours clearly pass
through the hemorrhagic region and
gradually diminish in intensity with
increasing distance from the coil.
These visualizations confirm that the
magnetic field is strong enough to
reach the hemorrhagic site.

Once magnetic field penetration is
confirmed, the next step is to detect
hemorrhagic lesions by observing
parameter changes in the coil. Eddy
currents induced in the hemorrhagic
region produce a secondary magnetic
field that opposes the original field
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Figure 7. Materials used in the experiment. (A) The figure shows the coil sensor, processing circuit, and USB inter-
face for data transmission with the computer. (B) Fresh pig blood. (C) Gelatin material.

z
Yt x

Figure 8. Magnetic field distribution cloud diagram of the whole

model.

from the coil. This interaction decreases the
coil's inductance and increases its AC resis-
tance due to energy loss. Therefore, variations
in coil inductance and resistance can be used
as indicators to detect cerebral hemorrhage.

Experimental validation

Simulation results suggest that hemorrhagic
regions exhibit a damping effect on the coil’s
magnetic field, and that the field can effectively
penetrate such regions. This forms the basis for
quantifying ECD signals.

These signals can be measured using an LC
resonant circuit, where a magnetic coil is cou-
pled with a capacitor. The change in parallel
resistance (Rp) of the system reflects variations
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° in coil AC resistance. According to

A z.ss;no"

<10 Equation (2):

25
L
Rp = RC (2)

where Rp is the parallel resistance, L
% is inductance, R is resistance, and C
is capacitance. This equation shows
that Rp is inversely proportional to
the AC resistance R. Hence, when the
coil's AC resistance increases due to
eddy current damping, the measured
Rp decreases.

10

¥ 2.83x107

The experimental setup is shown in
Figure 7A, and includes an inductive
coil, oscillator, LDC1101 inductance-
to-digital converter chip, and an MCU
for data processing. Data are transmitted to a
computer via USB, where inductance and resis-
tance values are displayed in real time.

Figure 7B shows the fresh pig blood used in
the experiment, and Figure 7C shows the gela-
tin phantom (conductivity: 0.2 S/m) used to
simulate brain parenchyma. The experiment
was conducted at room temperature and initi-
ated immediately after gelatin solidification to
prevent dissolution. A 10 mL volume of pig
blood was injected into the gelatin to simulate
a cerebral hemorrhage. The inductive coil was
gradually brought closer to the phantom, and
changes in inductance and resistance were
monitored in real time via the host computer
interface to evaluate detectability.
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Figure 9. The change curves of circuit resistance and inductance are obtained by the upper computer. (A and B)
The volume of pig blood is 40 ml. (C and D) The volume of pig blood is 60 ml.

Results

The magnetic field contour plots of the simula-
tion model confirm that the field generated by
the coil can penetrate the cerebral hemorrhagic
region, inducing eddy currents that produce a
damping effect, thereby influencing the coil’s
electromagnetic characteristics. Figure 8 illus-
trates the magnetic field distribution from the
simulation results.

To assess the impact of hemorrhage on coil
parameters, a reference model consisting only
of the coil and air domain was established,
keeping other boundary conditions constant.
By comparing the inductance and AC resis-
tance values between the two models, we
observed a decrease in inductance and an
increase in resistance in the presence of hem-
orrhage. These trends validate the feasibility
of using ECD technology for detecting cerebral
hemorrhage.

Figure 9 presents experimental data collect-
ed on a computer. Figure 9A and 9B display
changes in resistance and inductance when
40 mL of pig blood is used as the detection
target, while Figure 9C and 9D show the cor-
responding data for 60 mL. The curves indi-
cate that, as the detection probe approaches
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the blood sample, the resistance increases
and the inductance decreases—consistent with
ECD principles.

Discussion

A variety of techniques have been explored
for brain injury detection, including microwave
imaging, volume impedance phase shift spec-
troscopy, near-infrared spectroscopy, EEG, tran-
scranial Doppler ultrasound, and ECD [3, 24].
Among these, ECD stands out for its short
detection time and high accuracy.

Given the importance of detecting changes in
coil impedance caused by cerebral hemorrhage,
a simplified coil-only model was constructed in
COMSOL. This allowed for clear visualization of
resistance and inductance changes under dif-
ferent conditions. Figure 10 presents the coil-
only model, and Figure 11 shows the magnetic
field distribution generated by the coil. The
arrows indicate the magnetic field direction,
while the color map reflects its magnitude.

In the coil-only model, the measured induc-
tance is 2.4293+0.0015 pH, while in the full
model (including the head), it decreases slightly
to 2.4273+0.0018 pH. Meanwhile, the AC resis-
tance increases from 2.12+0.05 mQ (pure coil)
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Figure 10. The model with only coil and air domain.
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Figure 11. Magnetic field distribution with coil model only. The
streamline represents the distribution of the magnetic field in the

air domain.

to 3.19+0.07 mQ (full model). These measure-
ments account for an estimated +0.5% instru-
ment error and +0.1% environmental variation.
The observed decrease in inductance and
increase in resistance support the predicted
ECD effects.

This study integrates COMSOL simulations
and experimental validation to assess the
feasibility of ECD-based detection of cerebral
hemorrhage. The electromagnetic model, which
incorporates brain tissue and hemorrhagic
regions, demonstrates that eddy currents gen-
erated in hemorrhagic areas affect coil imped-
ance. Experiments using pig blood and custom
detection circuitry revealed a significant corre-
lation between blood volume and coil parame-
ters, aligning with simulation predictions.

Although the current model assumes uniform
brain tissue conductivity—neglecting regional
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s (e.g., gray vs. white matter) and tem-
poral variations that may affect quanti-
tative accuracy—the consistent simu-
lation and experimental trends confirm
the fundamental feasibility of this
approach. Future research will improve
model accuracy by integrating tissue-
specific conductivity and constructing
multi-layered phantoms to better sim-
ulate brain structures. These results
provide foundational evidence sup-
porting the potential clinical applica-
tion of ECD technology.

Conclusion

. This study uses finite element simula-
£10° tions in COMSOL to verify the feasibili-
® ty of detecting cerebral hemorrhage
via ECD technology. Simulation analy-
sis demonstrates that hemorrhagic
regions affect coil inductance and
resistance, supporting the use of ECD
for detection. A physical model was
1 constructed, and experimental tests

using a coil sensor confirmed that
9 inductance and resistance change
as expected in the presence of
hemorrhage.

A 2.59:10"

Since these changes are numerical
differences, they are necessarily influ-
enced by parameters such as hemor-
rhage volume and distance between
the coil and hemorrhagic site. Therefore, this
method enables qualitative assessment of hem-
orrhage by quantifying impedance changes.

Future efforts will aim to further quantify ECD
signals induced by cerebral hemorrhage by
analyzing precise changes in coil impedance.
Optimizing coil geometry and parameters will
also be explored to enhance detection perfor-
mance. If cerebral hemorrhage volume and
location can be accurately measured using
ECD sensors, this technology could comple-
ment or even provide an alternative to current
imaging modalities such as CT and MRI. ECD
offers a fast, portable, and potentially cost-
effective method for detecting intracerebral
hemorrhage, overcoming the limitations of
conventional techniques. We anticipate con-
tinued validation and refinement of this meth-
od in future studies.
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Highlights

e Based on 8,110 OAI X-ray images, 18 radiomic features were processed and selected, with SMOTE combined with
category weight balancing employed to address data imbalance.

¢ Among eight machine learning models, the SVM achieved the best performance.

*SHAP and LIME analyses enhanced model interpretability by identifying key radiomic features influencing predic-
tions.

Abstract

Objective: This study aimed to apply machine learning approaches to the Kellgren-Lawrence (KL) grading of knee
osteoarthritis, develop an effective automatic KL grading technique, and provide a methodological reference for
clinical diagnosis and research. Methods: Data were obtained from the Osteoarthritis Initiative (OAl) knee X-ray im-
age dataset, comprising 8,110 images from the folders of auto_test, train, and val. All images were first subjected
to inversion processing, followed by extraction of two-dimensional radiomic features. Feature selection was then
conducted using a combination of variance thresholding and analysis of variance (ANOVA), yielding 18 key fea-
tures. To address class imbalance in the original dataset, this synthetic minority over-sampling technique (SMOTE)
and class weight balancing were jointly applied. Eight machine learning models—Decision Trees (DT), Logistic Re-
gression (LR), Random Forests (RF), K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Extreme Gradi-
ent Boosting (XGBoost), Categorical Boosting (CatBoost), and Light Gradient Boosting Machine (LightGBM)—were
trained for KL grading of knee osteoarthritis. Model performance was evaluated using accuracy, precision, recall,
F1-score, and the area under the curve (AUC). For the optimal SVM model, global and local interpretability analy-
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ses were further conducted using SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic
Explanations (LIME) to identify the key factors influencing model decisions. Results: The support vector machine
(SVM) model achieves the best performance. Conclusion: This study establishes an effective machine learning-
based method for automatic KL grading of knee osteoarthritis, providing valuable support for clinical diagnosis

and research applications.

Keywords: Osteoarthritis, knee osteoarthritis, Kellgren-Lawrence (KL) grading, machine learning, interpretability

Introduction

Arthritis is a category of diseases primarily
characterized by joint pain, swelling, stiffness,
deformity, and functional impairment. Its major
types include osteoarthritis, rheumatoid arthri-
tis, ankylosing spondylitis, and gouty arthritis
[1-5]. Among these, osteoarthritis is the most
prevalent form. Knee osteoarthritis, a common
subtype, is characterized by degeneration of
knee cartilage and osteophyte formation, pre-
dominantly affecting middle-aged and elderly
individuals. Due to pain, many patients with
knee osteoarthritis reduce their physical activi-
ty, leading to impaired lower-limb circulation
[6, 7]. The release of inflammatory factor fur-
ther compromises vascular endothelial func-
tion, causing a hypercoagulable state and an
increased risk of lower-limb venous thrombosis
[8]. Once detached, thrombi may travel to the
lungs via the bloodstream, potentially causing
pulmonary embolism and fatal complications
[9, 10].

Conventional diagnostic methods for knee
osteoarthritis, including physical examination,
X-ray, computed tomography (CT), magnetic
resonance imaging (MRI), and arthrography,
each have limitations. Physical examination out-
comes rely on physician experience and subjec-
tive judgment, lacking standardized criteria.
X-ray and CT are limited in detecting early carti-
lage wear, bone changes, or soft-tissue lesions
[11-13]. MRI, though sensitive, is costly, contra-
indicated in patients with metal implants, and
prone to metal artifacts that degrade image
quality. Arthrography is invasive, technically
demanding, and carries risks such as infection.
Additionally, the high prevalence of depression
among knee osteoarthritis patients contributes
to substantial socioeconomic burdens [14]. The
Kellgren-Lawrence (KL) grading system is a
classic radiological tool for assessing the sever-
ity of osteoarthritis. However, its accuracy is
highly dependent on the subjective interpreta-
tion of radiologists, potentially affecting diag-
nostic consistency [15]. Artificial intelligence
(Al) models can reduce subjectivity by enabling
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standardized feature extraction. Yet, conven-
tional deep learning models often lack inter-
pretability, limiting their acceptance as diagnos-
tic evidence in clinical practice [16].

Machine learning, value for its interpretability,
has been increasingly used in disease diagno-
sis and classification. However, most existing
studies suffer from small sample sizes, leading
to a higher risk of model overfitting and limited
generalization. Additionally, in studies utilizing
multiple classifiers, the best classification accu-
racies were 85.6% and 82.61% [14, 17]. These
results fall short of the clinical goal of support-
ing consistent diagnostic decision-making.

Building upon prior research, this study aims
to develop a novel diagnostic method with
improved diagnostic accuracy and cost-effec-
tiveness to advance osteoarthritis diagnosis.
Specifically, quantitative radiomic features
were extracted from knee X-ray images using
PyRadiomics to establish a database for
model training. Eight machine learning classifi-
ers, including Support Vector Machine (SVM)
and AdaBoost, were applied for KL grading.
Furthermore, SHapley Additive exPlanations
(SHAP) and Local Interpretable Model-agnostic
Explanations (LIME) were employed to interpret
the model outputs from both global and local
perspectives, enhancing the transparency and
clinical interpretability for the results.

Materials and methods
Datasets

Data for this study were sourced from the
Osteoarthritis Initiative (OAl) knee osteoarthritis
dataset, which includes X-ray images annotated
with corresponding KL severity grades. The
dataset contains 9,786 knee X-ray images used
for knee joint detection and KL grading, orga-
nized into four folders: auto_test, test, train,
and val. Each folder contains images classified
into five KL grades: Grade O (Normal), Grade 1
(Suspicious), Grade 2 (Mild), Grade 3 (Moderate),
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Table 1. Kellgren-Lawrence (KL) grading and corresponding imaging features for knee osteoarthritis

Kellgren-Lawrence . Number of
Class Grading Imaging Features Meray imBges
Grade O Normal Normal joint space, no osteophytes, no subchondral sclerosis. 3212

Grade 1 Doubtful
in a lip - like shape.

Grade 2 Minimal

Grade 3 Moderate
sclerosis.

Grade 4 Severe
sclerosis.

Possible joint space narrowing, with possible osteophyte formation 1474

Definite osteophyte formation, possible joint space narrowing. 2117
Multiple osteophytes, definite joint space narrowing, mild subchondral 1063

Large osteophytes, marked joint space narrowing, severe subchondral 244

and Grade 4 (Severe). This study selected 8,110
X-ray images from the auto_test, train, and val
folders for analysis (Table 1).

Data preprocessing
Image processing

Color X-ray images were first converted to gray-
scale. Image inversion was applied to enhance
bone structures for threshold-based segmenta-
tion. Subsequently, Otsu’s thresholding method
was applied to segment the image into fore-
ground (bone) and background regions. Only
foreground pixel values were retained, with
background pixels being set to O for subse-
quent refinement. A second Otsu thresholding
was performed on the foreground to eliminate
low-intensity noise and preserve the high-inten-
sity bone core area. A binary mask was gener-
ated to locate the Region of Interest (ROI). The
upper and lower boundaries of the knee joint
were determined using row-pixel statistics com-
bined with a sliding-window search. A quadri-
lateral ROI consistent with the knee’s ana-
tomical structure was delineated through end-
point positioning and spacing adjustment.
Finally, polygon filling was applied to generate
the mask and define the effective area for fea-
ture extraction.

Feature extraction

2D radiomic features were extracted from the
preprocessed knee X-ray images using the
Pyradiomics library. Initially, the ROl was delin-
eated through inversion and binarization of the
original image, followed by connected compo-
nent analysis to remove noise and retain the
largest bone-connected region. Subsequently,
vertical artifacts were excluded based on col-
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umn-pixel statistics, generating a rectangular
mask that encompassed the core knee joint
structure (Figure 1). The preprocessed gray-
scale images and ROl masks were then convert-
ed to the SimplelTK format to ensure spatial
alignment. Using a predefined parameter con-
figuration, 18 first-order statistical features, 14
shape-based features, and 48 texture features
were extracted, totaling 80 quantitative fea-
tures. Finally, feature extraction was performed
on each ROI, generating a dataset with feature
values, image filenames, and diagnostic labels
for subsequent analysis.

Feature selection

To select features with significant influence on
the target variable, a two-step selection pro-
cess combining variance thresholding and anal-
ysis of variance (ANOVA) were used. Features
with a variance greater than 0.01 were first
retained. Subsequently, the SelectKBest func-
tion with the f_classif criterion was applied to
determine features most strongly correlated
with the target variable. To further enhance the
accuracy and reliability of feature selection, this
study integrated variance thresholding and cor-
relation analysis. Specifically, features meeting
the variance threshold and showing strong cor-
relation with the target variable were selected,
yielding 18 optimal features, which served as
the final feature set for subsequent modeling.

Data balancing

The dataset used in this study exhibits class
imbalance, with varying sample sizes across
categories. This imbalance can bias the model
toward majority classes, resulting in suboptimal
performance on minority classes. To address
this issue, synthetic minority over-sampling
technique (SMOTE) was applied to augment the
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OAI
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(Knee joint X-ray data)
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Figure 1. A comprehensive analytical pipeline integrating image processing, radiomic feature extraction, ma-
chine-learning model training, and model interpretation. The workflow is designed to extract meaningful informa-
tion from medical imaging data and facilitate disease diagnosis.

minority class samples, as illustrated in Figure
2. SMOTE generates synthetic samples between
existing minority - class samples to balance the
dataset. Additionally, during model training, dif-
ferent weights were assigned to each class to
make the model focus more on the minority -
class samples.

To avoid data leakage and ensure the model’'s
generalization to real-world scenarios, the
SMOTE algorithm was exclusively applied to the
training set to generate synthetic minority sam-
ples, while the validation and test sets retained
their original class distributions. This strategy
mitigated overfitting by preventing the model
from learning synthetic patterns that do not
exist in real data, enabling an unbiased evalua-
tion of model performance on naturally imbal-
anced clinical datasets.

Model construction
Support vector machine (SVM)

SVM is characterized by strong generalization
ability. It can accurately classify patients based
on limited data. Also, its robustness allows tol-
erance to a certain degree of outliers and noise,
contributing to the development of a stable
five-class classification model. Thus, SVM per-
forms well in this study. As a supervised learn-
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ing algorithm based on statistical learning
theory, SVM distinguishes samples of different
classes by finding a hyperplane that maximizes
the margin. Its fundamental principle involves
mapping data into a high-dimensional space to
identify an optimal hyperplane. This hyperplane
separates samples of different classes with the
maximum margin.

Other models

In addition to SVM, several other machine learn-
ing algorithms were evaluated in this study. The
Light Gradient Boosting Machine (LightGBM)
and Extreme Gradient Boosting (XGBoost) mod-
els demonstrated outstanding performance.
LightGBM uses a histogram-based algorithm
and a leaf-wise growth strategy to enhance
training efficiency. It can automatically handle
missing values and assess feature importance,
thereby assisting in feature selection. Its pre-
cise predictions, strong generalization ability,
and effectiveness in addressing data imbal-
ance make it particularly suitable for this
research.

XGBoost, a gradient boosting decision tree algo-
rithm, incorporates parallel computing and opti-
mization, delivering superior prediction accura-
cy and automatically handling missing data.
These features aid in understanding the rela-
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Class Distribution Before Resampling
Class 4
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Class Distribution After SMOTE
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(20.0%)

Figure 2. Comparison of the class distribution in the dataset before and after balancing.

tionship between features and model outputs,
making them suitable for the five-class classifi-
cation of knee osteoarthritis.

The K-nearest neighbors (KNN) is simple and
intuitive but sensitive to high-dimensional data
and noise. Categorical Boosting (CatBoost) per-
forms well in handling imbalanced data by auto-
matically managing class weights and mitigat-
ing overfitting. Decision Tree (DT) models offer
good interpretability but are prone to overfitting.
Random Forest (RF) enhances stability by inte-
grating multiple decision trees but is less effi-
cient in handling imbalanced data. Logistic
Regression (LR), a linear model, struggles to
capture nonlinear relationships, leading to insuf-
ficient classification accuracy. However, it offers
good interpretability, simplicity, and ease of use
for clinical applications and decision support.
Additionally, it provides probability predictions
for richer diagnostic information. These advan-
tages make it valuable in specific contexts.

Model evaluation

Model performance was evaluated using five
standard metrics: accuracy, precision, recall, F1
score, and area under the curve (AUC). Accuracy
represents the proportion of correctly classified
instances, indicating overall model correctness.
High accuracy indicates that the model per-
forms well in classification. Precision reflects
the proportion of true positives among all pre-
dicted positives, where higher precision means
fewer false positives and improved diagnostic
reliability. Recall (sensitivity) evaluates a mod-
el’'s ability to correctly identify actual positive
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samples; high recall indicates good classifica-
tion performance. The F1 score balances preci-
sion and recall, helping to identify the optimal
model. AUC measures a model’s ability to dis-
tinguish between classes. A higher AUC value
indicates better performance and is not affect-
ed by class imbalance. These metrics provide
a comprehensive evaluation of model perfor-
mance for the five-class knee osteoarthritis
classification task.

Model explainability

To enhance model transparency and clinical
trust, interpretability analyses were conducted
using SHapley Additive exPlanations (SHAP) and
Local Interpretable Model-agnostic Explanations
(LIME). SHAP quantifies feature contributions to
model predictions based on Shapley values. It
assigns importance values to features, where
positive values indicate a promotion effect and
negative values indicate an inhibitory effect on
the prediction. This reflects the influence of
each feature on the model’s output.

LIME, on the other hand, explains individual pre-
dictions by constructing local surrogate linear
models around sample points, simplifying com-
plex models and visually demonstrating feature
impacts. In LIME analysis, high - weight fea-
tures significantly influence predictions of spe-
cific arthritis types. These techniques help doc-
tors understand model reasoning, increasing
diagnostic credibility and patient acceptance.
They also improve the reliability and clinical
applicability of models in diagnosing knee
osteoarthritis.
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Table 2. Comparison of model performance

Model Accuracy Precision Recall F1-score AUC

SVM 0.9284 0.9271 0.9282 0.9270 0.9906

DT 0.7905 0.7872 0.7900 0.7870 0.8872

XGBoost 0.9128 0.9116 0.9125 0.9118 0.9874

KNN 0.8776 0.8840 0.8761 0.8626 0.9558
CatBoost 0.8238 0.8202 0.8234 0.8193 0.9596
LightGBM 0.9141 0.9138 0.9141 0.9139 0.9894

LR 0.4038 0.3819 0.4056 0.3856 0.7183

RF 0.5682 0.5587 0.5687 0.5579 0.8460

Results DT was prone to overfitting. In contrast, RF and

Comparison of model performance

In this study, eight machine learning models
were applied to the five-class classification task
of knee osteoarthritis. The models were com-
pared based on accuracy, precision, recall, F1
score, and AUC. Additionally, receiver operating
characteristic (ROC) and Precision-Recall (PR)
curves were plotted for visualization. SHAP and
LIME were used to illustrate the model’s inter-
pretability through multiple plots, providing a
comprehensive assessment of the models’
performance.

As shown in Table 2, SVM outperformed other
models across multiple metrics. It achieved an
accuracy of 0.9284, with precision and recall
at 0.9271 and 0.9282, respectively, indicating
excellent classification consistency. The SVM
model also yielded an F1 score of 0.9270 and
an AUC of 0.9906, further demonstrating its
robustness and discriminative capability in the
medical grading task.

XGBoost and LightGBM, as representatives of
gradient boosting frameworks, also performed
well. XGBoost achieved an accuracy of 0.9128,
while LightGBM achieved an accuracy of 0.9141,
both with AUC values exceeding 0.98. LightGBM
achieved an F1 score of 0.9139, approaching
that of SVM, indicating its robustness in han-
dling complex feature interactions.

The KNN algorithm demonstrated acceptable
overall performance but had a relatively lower
F1 score (0.8626), showing slight model imbal-
ance. CatBoost and DT models achieved accu-
racies of 0.8238 and 0.7905, respectively, with
AUC values between 0.88 and 0.96. CatBoost,
despite its advantages in handling categorical
features, performed moderately in this task.
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LR had the lowest accuracy at 0.5682 and
0.4038.

The performance of the eight models was fur-
ther evaluated by plotting their ROC and PR
curves. The ROC curve reflects each model’s
discriminative ability across different classifi-
cation thresholds. Figure 3A shows that the
curves of SVM, LightGBM, and XGBoost are
closer to the upper left corner, indicating supe-
rior ability to accurately identifying positive
samples while minimizing false-positive predic-
tions. In contrast, the ROC curves of the other
models are closer to the diagonal, indicating
weaker discriminative ability. PR curves display
a model’s precision across varying recall lev-
els. Figure 3B shows that SVM, LightGBM, and
XGBoost maintain high precision across most
recall ranges, indicating a higher probability
that identified positive samples are truly posi-
tive. By contrast, the PR curves for LR and RF
showed a faster decline in precision as recall
increases. This suggests these models have
more misclassifications when identifying posi-
tive samples, resulting in relatively poorer
performance.

Figure 4 and Table 3 show that the balancing
strategy used in this study effectively improved
recognition performance for minority classes.
Grade 4 achieved a recall rate of 99.84%, with
no false-negative predictions in the confusion
matrix, indicating the model’s excellent ability
to identify severe lesions. For Grade 1 and
Grade 3, the recall rates were 96.77% and
97.13%, respectively, indicating reliable identi-
fication of both early and moderate disease
stages while minimizing missed or misdiag-
nosed cases. Grade O has a relatively lower
recall rate of 78.67%, and most misclassifica-
tions were attributed to normal samples being
misclassified as Grade 1 (35 cases) or Grade 2
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Figure 3. Receiver operating characteristic (ROC) and precision-recall (PR) curves. (A) Macro-averaged ROC curves
illustrating the classification performance of eight models across different thresholds; (B) PR curves illustrating
the relationship between precision and recall, reflecting the accuracy and completeness of model predictions at

varying thresholds.
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Figure 4. Confusion matrix of the support vector machine (SVM)
model for classifying different Kellgren-Lawrence (KL) grades of
knee osteoarthritis. The color gradient represents the number of
samples, with darker blue indicating a higher count of samples in
that cell.

Table 3. Recall (sensitivity) of the support vector
machine (SVM) model for each Kellgren-Lawrence
(KL) grade of knee osteoarthritis

KL Grade Recall (Sensitivity)
0 0.7867
1 0.9677
2 0.9201
3 0.9713
4 0.9984
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(56 cases). These misclassifications,
considered “conservative errors” in
clinical practice, can be corrected
through further imaging reviews
without leading to serious diagnos-
tic risks. Overall, the balancing strat-
egy significantly improves the detec-
tion capability for minority classes,
especially Grade 4, without inflating
overall performance metrics, aligning
with clinical diagnosis requirements.

Results of model interpretation

Atotal of 18 features were ultimately
selected for KL grading diagnosis of
knee osteoarthritis. Features were
extracted using different processing
methods and statistical combina-
tions, as well as from diverse data
sources. Table 4 summarizes vari-
ous key features used in image
modeling and analysis, including
first-order statistical features (e.g.,
Feature 04, 18) and features derived

from mathematical transformations such as
mean absolute deviation, robust mean abso-
lute deviation, entropy, and kurtosis (e.g.,
Feature 08, 11, 15).

SHAP-based local interpretability analysis
SHAP was used to interpret feature contribu-

tions and model decisions. SHAP, based on
Shapley values from cooperative game theory,
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Table 4. Abbreviated feature identifiers and their corresponding definitions

Features

Corresponding ID

square_firstorder_InterquartileRange
squareroot_firstorder_InterquartileRange
square_firstorder_MeanAbsoluteDeviation
diagnostics_Image-original_Minimum
wavelet-LL_firstorder_InterquartileRange
original_firstorder_InterquartileRange
square_firstorder_Entropy
gradient_firstorder_Skewness
original_firstorder_Uniformity
wavelet-LL_gIrim_RunEntropy
square_firstorder_RobustMeanAbsoluteDeviation
wavelet-LL_firstorder_MeanAbsoluteDeviation
wavelet-LL_firstorder_RobustMeanAbsoluteDeviation
square_firstorder_Kurtosis
squareroot_firstorder_RobustMeanAbsoluteDeviation
exponential_firstorder_InterquartileRange
exponential_firstorder_RobustMeanAbsoluteDeviation
original_firstorder_RobustMeanAbsoluteDeviation

Feature 01
Feature 02
Feature 03
Feature 04
Feature 05
Feature 06
Feature 07
Feature 08
Feature 09
Feature 10
Feature 11
Feature 12
Feature 13
Feature 14
Feature 15
Feature 16
Feature 17
Feature 18

Note: Interquartile Range (IQR) represents the distribution range of the middle 50% of pixel values.

calculates each feature’'s contribution to pre-
dictions, offering an intuitive understanding of
how features affect model outputs. Figure 5
presents the feature importance distribution for
the SVM model in the grading task. Overall,
Feature 07 and Feature 12 significantly impact-
ed model's predictive performance. A high
SHAP value of Feature 07 indicates its core
role in assessing lesion severity. Feature 07, a
metric quantifying the disorder of image gray
value distribution, directly links to key radio-
graphic signs of knee X-rays across KL grades.
For KL Grade 0-1, low entropy aligns with the
uniform gray distribution of normal joint spaces
or mild lip-like osteophytes in Grade 1, as bone
tissue maintains high-density uniformity with
minimal gray fluctuations. For Grades 2-3, sig-
nificantly increased entropy correlates with den-
sity heterogeneity from definite osteophytes
and patchy subchondral sclerosis—osteophyte
proliferation enhances local gray-level fluctua-
tions, while contrast between sclerotic and nor-
mal bone further boosts entropy. For Grade 4,
peak entropy matches the complex structure
of large osteophytes and marked joint space
narrowing; interleaved bone destruction-repair
regions cause the highest gray distribution dis-
order, consistent with the clinical radiographic
feature of ‘density inhomogeneity in severe
lesions’. This mapping confirms entropy’s clini-
cal value as a texture metric and provides an
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interpretable radiological basis for the model's
decisions. Subplots (B-F) display the direction
and intensity of feature contributions through
swarm plots. The x-axis of the SHAP summary
plot represents SHAP values, where positive
values indicate that the feature drives predic-
tions toward a specific class, while negative val-
ues suggest the opposite. For class 0, Feature
04 significantly impacts model predictions, and
a broader distribution of feature values may
lead to variations in model predictions. In class
1, Feature 15 and Feature 18 negatively impact
model predictions. For class 2, Feature 07 and
Feature 12 show significant positive impacts. In
class 3, Feature 07 has a strong positive influ-
ence. For class 4, Feature 14 positively affects
predictions but has a wide distribution, indicat-
ing variable impacts on the model output.

This study employed random selection of 10
samples from each class to generate the SHAP
decision plot presented in Figure 6, illustrat-
ing the feature influences on the SVM model
across different classes. The horizontal axis
represents the SHAP values, where positive val-
ues denote that a feature propels the prediction
towards the positive class, while negative val-
ues indicate a propensity towards the negative
class. Features are ranked along the vertical
axis in descending order of their importance to
the model’s output. It can be observed that
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Figure 5. Summary of global feature importance and class-specific feature impact analysis of the support vector
machine (SVM) model using SHapley Additive exPlanations (SHAP). (A) Ranking of features by their average SHAP
values across all categories; (B-F) Feature’s impact plots for classes 0-4, showing each feature’s influence on the
SVM output. Each point represents an individual sample’s SHAP value, with colors indicating feature magnitude.

within Class O, Feature 04 exerts a positive con-
tribution to the prediction outcome. Features
in Class 1 exhibited greater variability in their
SHAP values, suggesting a potential interde-
pendence between Feature 12 and Feature 04.
Feature 12 in Class 2 demonstrated a distinct
negative influence on the model’s predictive
results. In Class 3, Feature 07 and Feature 10
exhibited analogous patterns, with higher val-
ues associated with positive contributions and
lower values correlated with negative contribu-
tions. Finally, elevated values of Feature 14 and
Feature 18 in Class 4 were found to positively
impact the model’s prediction results.

LIME-based local interpretability analysis
In this study, LIME was used to visualize the

feature importance of the SVM model from
the perspective of individual prediction sam-
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ples. As shown in Figure 7, features such as
Feature 03 and Feature 09 exerted significant
positive impacts on positive predictions, indi-
cating a strong positive correlation with the
target variable. Feature 16 exerted a notable
negative influence, suppressing model predic-
tions. Overall, features with positive impacts
predominate.

Discussion

This study utilized a portion of knee X-ray imag-
es from the OAIl organization. After inversion
processing and 2D radiomics feature extrac-
tion, 18 key features were selected using vari-
ance thresholding and ANOVA. To address data
imbalance, SMOTE sampling and class weight
balancing were applied. In the model evalua-
tion, eight machine learning models were com-
pared, with the SVM model performing the best.
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Figure 6. SHapley Additive exPlanations (SHAP)-based decision plot illustrating feature influence on the support
vector machine (SVM) model. (A-E) Visualization of the decision-making process of the SVM model for Classes O
to 4. The influence of each feature is represented by line segments, with the distance from the central axis being
proportional to the magnitude of its impact on the model output. Feature values are color-coded, with blue indicat-

ing lower values and red indicating higher values.

The model’s decision-making process was ana-
lyzed using SHAP and LIME to identify key fea-
tures. This work provides a reliable reference
for clinical practice, enhancing the model’s
credibility and practicality.

Prior studies mainly focused on the binary clas-
sification of knee OA, aiming only to determine
disease presence. For instance, study of G.B.
Joseph et al. achieved an AUC of 0.772, and Xu
Wang et al. obtained an AUC of 96.5% and an
F1 score of 93.5% [18, 19]. Despite technical
advancements in these studies, they fell short
in model interpretability and lacked in-depth
analysis of feature contributions to predictions.
This study advances to a multi-classification
framework using the KL scale and various ML
models, enabling more precise OA severity
prediction. Additionally, SHAP and LIME were
employed to enhance the interpretability of the
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models. As shown in Table 4 and Figure 5A,
Feature 07, by quantifying image texture com-
plexity, helps the model detect subtle changes
in diseased areas [20, 21]. This is crucial for
early diagnosis and monitoring disease progres-
sion. Feature 12 reflects the uniformity of low-
frequency image components, providing valu-
able information on joint structural integrity and
aiding in distinguishing between normal and
pathological joints. Figures 5 and 6 reveal the
impact of features on different KL grades,
underscoring their role in model predictions. In
classes 0 and 1, Feature 04 helps standardize
image processing and distinguish pathological
from non-pathological low signals by assessing
the discreteness of the lowest signal intensity
areas in the patellar image, thus improving
grading accuracy. In classes 1 and 2, Feature
12 shows high importance with significant fluc-
tuations, aligning with the global feature impor-
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threshold range.

tance analysis. In class 3, Feature 07 exhibits
a clear directional impact on predictions. The
varying SHAP values of these features influence
model predictions differently, highlighting the
transparent and visual nature of the decision-
making process. A transparent decision-making
process enhances clinicians’ trust in model out-
puts and improves diagnostic precision. LIME
further validates the dynamic role of features
across different samples, providing clinicians
with a clear basis for decision-making.

Nevertheless, this study still has several limita-
tions. X-ray image data were exclusively sourced
from the OAIl database. The absence of external
data from other institutions or imaging modali-
ties might restrict the model’s generalizability
across diverse clinical scenarios. Additionally,
the dataset suffered from significant class
imbalance. Future work will incorporate multi-
modal data from multiple institutions to evalu-
ate the model's generalizability and combine
radiomics with deep learning features to
enhance sensitivity in early diagnosis.

Conclusion

This study investigated the five-class classifi-
cation of knee osteoarthritis using multiple
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machine learning models and demonstrated
that SVM exceled in classification accuracy.
The model’s decision-making process was fur-
ther elucidated through SHAP and LIME analy-
ses, providing valuable insights into how key
features influenced predictions.
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Highlights

(. For the first time, the advantages of two deep learning architectures—SegNet and U-Net—were integrated by aver—\
aging their prediction outputs. This ensemble approach overcame the limitations of single models and substan-
tially improved segmentation accuracy.

¢ The proposed Ensemble Model outperformed both SegNet and U-Net across all major evaluation metrics, in-
cluding the Intersection over Union (loU, 93.73%), Dice coefficient (84.85%), precision (93.93%), and loss (0.63),
confirming the effectiveness of multi-method fusion.

¢ Considering the complex morphology and indistinct lesion boundaries characteristic of skin diseases, a stan-

dardized preprocessing and data augmentation pipeline was developed to enhance the model’s robustness in

handling diverse lesion patterns. )

g

Abstract

Objective: The morphological complexity of dermatologic diseases poses considerable challenges to clinical di-
agnosis. Conventional manual interpretation of skin images is time-consuming and influenced by subjective vari-
ability, which limits diagnostic accuracy. Hence, developing advanced medical image segmentation techniques
through multi-method fusion is of particular importance. Methods: A comprehensive dataset of dermatologic
images was utilized and rigorously preprocessed to ensure reliability and consistency. Two representative deep
learning models, SegNet and U-Net, were optimized to achieve precise delineation of lesion areas. Building upon
their complementary strengths, a novel fusion-based image segmentation framework was proposed, integrating
both models to enhance performance through synergistic learning. The effectiveness of the ensemble strategy
was validated through extensive experiments using standard evaluation metrics, including the Dice coefficient and
Intersection over Union. Results: Compared with each individual model, the Ensemble Model yielded consistent
improvements across all evaluation indices, with a notable reduction in loss values. These enhancements indicate
markedly better learning efficiency and generalization in dermatologic image segmentation tasks. Conclusion:
By integrating multiple deep learning algorithms, this fusion technique solves the misclassification and omission
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issues observed in single-model segmentation. It significantly improves overall segmentation accuracy and dem-
onstrates superior performance, particularly in edge detection of complex skin lesions.

Keywords: Skin cancer, deep learning, image segmentation, multi-method fusion

Introduction

Dermatological conditions are prevalent clinical
disorders characterized by diverse morphologi-
cal manifestations, which pose significant chal-
lenges to accurate diagnosis and effective
treatment [1]. Traditional manual image review
is not only inefficient but also prone to subjec-
tive bias, thereby limiting diagnostic accuracy.
In recent years, advancements in deep learning
and computer vision technologies have facili-
tated the automated recognition and segmen-
tation of dermatological images. However, it is
evident that single image processing methods
or deep learning techniques alone are insuffi-
cient to address challenges such as dataset
imbalance, noise interference, and the morpho-
logical diversity of lesions [2-4].

Multi-method fusion techniques for medical
image segmentation effectively overcome the
limitations of single-model approaches by inte-
grating multiple deep learning algorithms. This
strategy substantially enhances segmentation
accuracy and demonstrates particularly robust
performance in edge detection tasks [5-7].
Moreover, the approach provides high flexibility
and broad applicability, allowing the selection
and integration of the most appropriate seg-
mentation algorithms according to the char-
acteristics of different medical images. Such
adaptability enables clinicians to formulate indi-
vidualized treatment plans, thereby enhancing
therapeutic outcomes and improving patients’
quality of life [8, 9].

In the field of medical image processing, the
development of deep learning can be traced
back to the early 1990s. In 1993, convolutional
neural networks (CNNs) were first applied to
lung nodule detection, representing one of the
earliest and most influential uses of deep learn-
ing in medical image analysis. Two years later, in
1995, CNNs were employed to identify micro-
calcifications in mammograms, further demon-
strating their potential in medical image recog-
nition. Around 1998, Yann LeCun introduced
the well-known LeNet-5 model, an early and
successful implementation of CNNs for image
recognition tasks, which laid a solid foundation
for subsequent advances in medical image
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analysis [10]. A major breakthrough occurred
in 2012, when the AlexNet achieved remark-
able success in the ImageNet competition, cat-
alyzing a worldwide surge of research in deep
learning and profoundly influencing medical
image processing [11]. In 2015, the introduction
of the U-Net model marked another milestone
in the field. This CNN architecture, specifically
designed for biomedical image segmentation,
greatly enhanced the accuracy and efficiency of
medical image analysis [12]. In 2017, the advent
of Residual Pyramid Networks and SegNet fur-
ther propelled progress in medical image seg-
mentation, introducing new architectures and
methodologies that have since shaped modern
research directions [13, 14].

This study primarily investigates deep learn-
ing-assisted segmentation techniques for der-
matological images, as well as the design and
validation of strategies for combining multiple
methods to achieve segmentation. The research
comprises four main components, as illustrated
in Figure 1: first, data collection and prepro-
cessing are conducted; second, the SegNet and
U-Net models are studied and improved; third, a
multi-method fusion segmentation strategy is
proposed; and finally, the effectiveness and
advantages of the proposed approach are vali-
dated through experiments and performance
evaluations, such as the Dice coefficient and
Intersection over Union (loU) metrics. The
objective of this study is to establish a multi-
method fusion image segmentation framework
that enhances the accuracy and stability of der-
matological image segmentation, thereby pro-
viding more reliable auxiliary support for clinical
diagnosis and treatment.

Materials and methods
Data source

The HAM10000 dataset employed in this study
is a well-established, large-scale collection of
dermatological images widely utilized in skin
disease research [15, 16]. It was publicly
released in 2018 by a research team from the
Medical University of Vienna. Designed to sup-
port the development of deep learning and
machine learning tools for early skin cancer
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Figure 1. Flowchart.

diagnosis and treatment assistance, this data-
set includes more than 10,000 high-resolution
images of skin lesions. Each image has been
carefully reviewed and annotated with patho-
logical classification labels by board-certified
dermatologists. The dataset covers various
types of skin lesions, including malignant condi-
tions such as melanoma, basal cell carcinoma,
and squamous cell carcinoma, along with a sub-
stantial number of benign cases.

Data processing

Data processing is essential for skin lesion
image segmentation tasks. In this study, we uti-
lized the HAM10000 skin cancer dataset and
performed preprocessing, augmentation, and
partitioning steps. First, all images from the
HAM10000 dataset were standardized to a
uniform resolution of 192x256 pixels to avoid
analytical bias caused by dimensional inconsis-
tencies and to improve model learning efficien-
cy. Gaussian filtering was employed to reduce
image noise and enhance meaningful features.
Pixel values were also normalized to the range
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[0, 1] to facilitate faster and more stable model
convergence. To increase sample diversity and
simulate variations in real imaging conditions,
data augmentation techniques—including ran-
dom rotation, horizontal flipping, and color adjust-
ment—were employed. This process helps alle-
viate overfitting caused by limited data and
enhances the model’s adaptability and robust-
ness in real clinical environments. Finally, the
dataset was divided into a training set (300
images), a test set (125 images), and a valida-
tion set (75 images). These subsets were used
for model training, generalization assessment,
and hyperparameter optimization, respectively.
This segmentation approach aims to identify
the optimal model architecture and parame-
ters, ultimately enhancing the accuracy and sta-
bility of segmentation outcomes.

Model architecture
This study focuses on two deep learning-based
image segmentation models: SegNet and

U-Net. These architectures have been widely
applied in medical image segmentation and

225



Progress in Medical Devices 2025; 3 (4): 223-233. PMD25070504

Figure 2. SegNet model architecture diagram, illustrating the encoder-decoder structure of the model. Skip con-
nections enhance the propagation of feature information, optimizing memory and computational efficiency, which
makes SegNet well-suited for resource-constrained environments.

have demonstrated strong performance in der-
matological image processing [17, 18].

SegNet has established a prominent position in
the field of image segmentation due to its effi-
cient and sophisticated design. As illustrated in
the model architecture diagram in Figure 2, its
decoder adopts an innovative spatial informa-
tion reconstruction strategy. Specifically, it reus-
es the pooling indices generated during max-
pooling in the encoder to perform non-linear
upsampling. This method effectively preserves
spatial structure information from the original
image without distortion and contributes signifi-
cantly to the accurate restoration and localiza-
tion of object edges. As a result, the model is
able to capture the contour boundaries of tar-
get objects clearly and precisely. Furthermore,
SegNet has been extensively optimized for com-
putational efficiency and memory usage. Its
lightweight architecture enables stable perfor-
mance even in resource-constrained real-world
environments.

U-Net, also known as the U-shaped network, is
a pioneering deep learning architecture for
medical image segmentation. It has garnered
significant attention due to its unique encoder-
decoder structure. The core of U-Net’s design is
its progressively layered convolutional process-
ing pipeline. In the encoder path, image fea-
tures are extracted and the spatial resolution is
reduced through a series of convolutional and
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downsampling layers. Conversely, the decoder
path gradually restores resolution using upsam-
pling operations (e.g., transposed convolutions)
to reconstruct detailed segmentation masks. A
key feature of U-Net is its skip connections,
which concatenate feature maps from the
encoder with corresponding maps in the decod-
er, thereby preserving more contextual informa-
tion when reconstructing image details. This
mechanism enables U-Net to deliver outstand-
ing segmentation accuracy and generalization
capabilities even with small-scale datasets.

This study involved the detailed implementa-
tion and optimization of the SegNet and U-Net
models. The SegNet model takes preprocessed
Red, Green, Blue images with a resolution of
192x256 pixels as input. Following processing
through its encoder-decoder architecture, it
produces binary segmentation maps. In con-
trast, the U-Net model leverages its distinctive
skip-connections to achieve superior segmen-
tation accuracy and finer detail preservation.
For training, both models were optimized using
the binary cross-entropy loss function and the
Adam optimizer, augmented with a learning rate
decay strategy to enhance performance.

Evaluation indicators
This study employs five key metrics to thor-

oughly evaluate the model's segmentation
performance.
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Jaccard index (loU)

The Jaccard index, often referred to as loU,
quantifies the overlap between the model’s pre-
dicted segmentation region and the manually
annotated ground truth. It is calculated using
Formula 1:

oU=—— (1)
TP +FP +FN

In this formula, True Positives (TP) denotes pix-
els correctly identified as the target class;
False Positives (FP) represents pixels incor-
rectly labeled as the target class; and False
Negatives (FN) refers to pixels that belong to
the target class but are mistakenly predicted as
background. A higher loU value, especially one
approaching 1, indicates more accurate seg-
mentation results.

Dice coefficient

As another metric for assessing segmentation
accuracy, the Dice coefficient is particularly
useful in binary classification scenarios involv-
ing overlapping regions. It is calculated using
Formula 2:

Dice = ————21 2)
2TP + FP + FN

Although the Dice coefficient is similar to the
loU, it places greater emphasis on the size of
the intersection between the predicted and
ground truth regions. As with loU, a Dice value
closer to 1 indicates a more precise segmenta-
tion outcome.

Precision

Precision measures the fraction of samples
predicted as positive that are correctly identi-
fied. It is computed using Formula 3:

Precision = _ TP (3)
TP + FP

A higher precision value indicates that the
model makes fewer false positive errors, mean-
ing its positive predictions are more reliable.

Recall

Recall assesses a model's effectiveness in
identifying all relevant positive instances within
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a dataset. It measures the proportion of actual
positives that are correctly identified, as calcu-
lated by Formula 4:

Recall = — ()
TP + FN

A higher recall value indicates that the model
misses fewer positive samples, resulting in a
more comprehensive detection of the positive
class.

Accuracy

Accuracy measures the overall correctness of
a model by calculating the proportion of cor-
rectly predicted samples out of the total. It is
computed using Formula 5:

_ TP+ TN
Accuracy = TP+ TN + FP + FN ®)

Here, True Negatives (TN) represents samples
correctly classified as the negative class. This
ratio offers a clear indication of the model’s
general classification performance.

Together, these metrics allow a comprehensive
assessment of the model, providing a scientific
basis for its optimization and selection. Among
them, the Jaccard index (loU) and Dice coeffi-
cient are particularly notable for their effective-
ness in evaluating overlap quality in segmenta-
tion tasks. In contrast, precision, recall, and
accuracy function as general-purpose metrics
that are applicable not only to classification
but also to a wide range of other evaluation
scenarios.

Results

This study conducted a systematic evaluation of
SegNet and U-Net for dermatological image seg-
mentation. The assessment encompassed key
performance metrics, including loU, Dice coeffi-
cient, precision, recall, and accuracy, alongside
an analysis of the training dynamics. Both mod-
els demonstrated steady and robust perfor-
mance throughout the experiments. Notably,
U-Net exhibited superior generalization capabili-
ties and achieved higher accuracy, a finding sup-
ported by the empirical data in Table 1 and the
visual comparisons in Figure 3.

Building upon these initial results, we devel-
oped a lightweight fusion strategy. The core of
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Table 1. Performance comparison of SegNet and U-Net across different datasets

Dataset loU (%) Dice (%) Precision (%) Recall (%) Accuracy (%)
SegNet (Train) 96.64 79.67 94.63 95.13 97.14
SegNet (Val) 91.77 73.51 85.00 85.85 91.61
SegNet (Test) 91.31 70.80 85.77 80.41 91.18
U-Net (Train) 95.38 87.36 93.26 85.76 94.52
U-Net (Val) 94.17 85.78 91.57 85.07 93.41
U-Net (Test) 93.53 84.29 90.98 81.47 92.78

Note: loU, Intersection over Union; Dice, Dice coefficient; Train, training set; Val, validation set; Test, test set.
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Figure 3. Training statistics of SegNet and U-Net on the validation set, illustrating the trends in loss and accuracy
for both models. These curves reflect the training dynamics and generalization performance of the two architec-

tures.

this strategy is a two-step process: first, averag-
ing the probability outputs from the two pre-
trained (and fixed) models; second, applying a
threshold of 0.7 to binarize the averaged results.
This approach is notable for enhancing seg-
mentation accuracy without requiring addition-
al model retraining.

To validate the effectiveness of the fused
model, we refer to Table 2 and Figure 4. Table 2
presents numerical results demonstrating the
model’s advantages across all evaluated met-
rics—loU, Dice score, precision, recall, accuracy,
and loss. Figure 4 offers complementary visual
evidenc. Together, these results confirm that
the Ensemble Model consistently outperforms
the individual SegNet and U-Net models. This
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comprehensive performance advantage pro-
vides a solid basis for the subsequent in-depth
analysis.

Model performance evaluation

This study conducted a thorough evaluation of
two deep learning models, SegNet and U-Net,
for dermatological image segmentation tasks
(detailed numerical results are shown in Table
1). The U-Net model outperformed SegNet
across multiple evaluation metrics, especially
in terms of generalization capability, segmenta-
tion accuracy, and recognition completeness.
U-Net achieved higher loU values on the train-
ing, validation, and test datasets, indicating
stronger adaptability to diverse data distribu-
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Table 2. Performance comparison of the three models on the test set

Model loU (%) Dice (%) Precision (%) Recall (%) Accuracy (%) Loss
SegNet 91.31 70.80 85.77 80.41 91.18 24.09
U-Net 93.53 84.29 90.98 81.47 92.78 6.47
Ensemble 93.73 84.85 93.93 87.38 92.82 0.63

Note: loU, Intersection over Union; Dice, Dice coefficient; Loss, cross-entropy loss.
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Figure 4. Comparison of segmentation results from different models on the validation set. The Ensemble Model
demonstrates superior performance in capturing edge details.

tions and a greater ability to deliver stable and
accurate segmentation results. Furthermore, in
metrics such as the Dice coefficient, precision,
and recall, U-Net either surpassed or matched
SegNet, demonstrating superior performance
in both precise localization of target regions and
comprehensive coverage of annotated pixels.
In contrast, though SegNet has higher loss
function values, it showed specific advantages
in training efficiency and recall. This suggests
that SegNet may learn and capture fundamen-
tal image features more rapidly during the ini-
tial training phase, leading to faster conver-
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gence compared to U-Net. Additionally, SegNet’s
higher recall indicates its superior ability to
identify all positive-class instances, enabling
more comprehensive detection of target regions.

U-Net's strengths primarily derive from its
encoder-decoder architecture and skip-con-
nections, which effectively preserve edge and
detail information in medical images - a crucial
factor for precise segmentation. Furthermore,
U-Net’s parameter efficiency and generalization
capability enable it to achieve favorable training
adaptability and robust performance even with
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limited training data. In contrast, SegNet's
advantages lie in its spatial information recon-
struction techniques and memory optimization,
granting it distinct value in computational
resource-limited scenarios. Overall, while U-Net
exhibits superior segmentation performance in
this study, SegNet maintains competitiveness
for specific practical applications.

Figure 3 presents the performance of the
SegNet and U-Net models on the validation set.
The top-left panel shows the validation loss of
SegNet over training iterations, which decreas-
es rapidly in the initial phase before stabilizing,
indicating effective learning. The top-right panel
shows that SegNet’s validation accuracy rises
quickly and stabilizes at a high level. In the
lower-left panel, U-Net’s validation loss also
declines rapidly and stabilizes, yet remains con-
sistently lower than that of SegNet, reflecting
its superior data-fitting ability. The bottom-right
panel demonstrates that U-Net's validation
accuracy increases rapidly and maintains a
higher value than SegNet. These results indi-
cate that both models effectively capture pat-
terns from the training data without overfitting
risk. Furthermore, U-Net outperforms SegNet
on the validation set in terms of generalization
capability and segmentation accuracy, which is
consistent with the quantitative metrics report-
ed earlier.

Ensemble model performance evaluation

In this study, a straightforward yet effective
fusion strategy was employed to combine pre-
dictions from the SegNet and U-Net models for
enhanced dermatological image segmentation
accuracy. Specifically, pre-trained SegNet and
U-Net models were first used to generate inde-
pendent predictions on the validation set imag-
es, producing probability values or real-valued
outputs for each pixel category. The prediction
outputs from both models were then converted
into one-dimensional vectors by flattening the
original 2D or 3D pixel matrices, resulting in
two 1D arrays designated as subl and sub2
respectively.

To integrate the predictions from both models,
we constructed a new vector sub by computing
the element-wise average of the corresponding
results in subl and sub2. averaging strategy
enhances the final prediction accuracy by lever-
aging the complementary strengths of both
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models. Subsequently, a binarization strategy
was applied to each element in the sub vector:
values exceeding the optimal threshold of 0.7
(determined through grid search) were set to 1,
while others were set to 0. The 0.7 threshold
was selected to convert continuous prediction
values into discrete category labels. In this
binary segmentation task, pixels with values
above 0.7 are classified as the target category
(assigned 1), while those below are classified
as background (assigned 0). This approach
enables precise pixel-level segmentation by
effectively distinguishing foreground from back-
ground regions.

Figure 4 compares the segmentation outputs
of SegNet, U-Net, and the Ensemble Model
against the ground truth on the validation set.
Although both U-Net and SegNet demonstrate
effective lesion identification in certain cases,
they exhibit noticeable differences in handling
edge details. In contrast, the Ensemble Model
shows superior alignment with the ground truth,
particularly in capturing fine edge details within
complex image regions where it more accurate-
ly delineates lesion boundaries. This result
confirms that by integrating the strengths of
both base models, the Ensemble Model effec-
tively enhances segmentation accuracy and
robustness.

This study conducted a comprehensive evalua-
tion of three models. The test set images first
underwent quality enhancement and data aug-
mentation through the “enhance()” function.
The trained deep learning models were then
employed to generate predictions on the pro-
cessed test data. For the binary classification
task, a threshold of 0.7 was established to con-
vert multi-class probability outputs into binary
predictions. During metric computation, we uti-
lized TensorFlow to define and calculate multi-
ple evaluation metrics, including Jaccard index,
Dice coefficient, precision, and recall. These
metrics quantitatively assessed the spatial
alignment between predicted and ground-truth
regions, as well as classification accuracy
(detailed numerical results are shown in Table
2).

The Ensemble Model exhibited superior perfor-
mance across multiple key evaluation metrics.
It achieved an loU of 93.73%, slightly higher
than both SegNet (91.31%) and U-Net (93.53%).
In terms of the Dice coefficient, the Ensemble
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Model led with 84.85%, indicating superior per-
formance in segmentation fineness. For preci-
sion, it attained the highest value of 93.93%,
reflecting more reliable identification of target
pixels. Similarly, it achieved the top recall rate at
87.38%, showing a greater ability to comprehen-
sively detect positive-class pixels. Regarding
accuracy, the Ensemble Model achieved 92.82%,
slightly exceeding U-Net's 92.78% and SegNet'’s
91.18%. The most notable advantage was
observed in the cross-entropy loss metric,
where the Ensemble Model achieved a value of
only 0.63 on the test set, substantially lower
than U-Net's 6.47 and SegNet's 24.09. This
result highlights its exceptional efficiency in
parameter optimization and data fitting. By inte-
grating the strengths of SegNet and U-Net, the
Ensemble Model achieves significant perfor-
mance improvements in image segmentation
tasks, particularly in segmentation accuracy
and generalization capability. This fusion strat-
egy not only bolsters model generalization and
robustness but also improves segmentation
precision and completeness, thereby offering
stronger competitiveness for practical image
segmentation applications.

Discussion

The superior performance of the proposed aver-
age fusion strategy primarily stems from the
complementary error patterns exhibited by
SegNet and U-Net. Pixel-level error analysis on
the validation set shows that while SegNet
demonstrates high recall at lesion margins, it
frequently misclassifies textured background
regions as foreground, leading to reduced pre-
cision. Conversely, U-Net achieves high Dice
scores within homogeneous lesion areas but
exhibits decreased detection sensitivity in
regions with faint boundaries, leading to lower
recall rates. After implementing the fusion strat-
egy, the “edge sensitivity” of SegNet and the
“regional consistency” of U-Net demonstrate a
negative correlation at the pixel level (r=-0.68,
p<0.01). The simple averaging approach effec-
tively mitigates individual model errors through
complementary weighting, elevating the overall
Dice score from 70.80% (SegNet) to 84.85%
while substantially reducing the cross-entropy
loss from 6.47 to 0.63. These results suggests
the performance gains are primarily attribut-
able to error complementarity rather than
increased model capacity.
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Further investigation into the effectiveness of
weight averaging reveals its particular suitabili-
ty for dermatological image segmentation. In
such medical images, foreground pixels typi-
cally account for less than 10% of the total
image, creating a significant class imbalance.
Subsequent experiments with pixel-level weight-
ed fusion combined with conditional random
field post-processing revealed only a marginal
0.1% increase in lesion-specific Dice score,
while the global Dice score dropped by 0.4%.
This performance degradation can be attribut-
ed to the high-variance noise introduced during
the weight estimation process, which offset any
potential improvements. Therefore, under the
dual constraints of imbalanced data distribu-
tion and computational efficiency, fixed-weight
average fusion represents an optimal point on
the simplicity-effectiveness Pareto frontier.
This approach achieves robust performance
enhancement while avoiding the introduction of
additional hyperparameters typically required
by complex post-processing methods.

The contribution of the training strategies is
equally important. Batch normalization signifi-
cantly stabilized gradient flow, allowing both
sub-models to converge within 40 epochs—
about 30% faster than training without batch
normalization. Meanwhile, data augmentation—
including random rotation, color dithering, and
elastic deformation—reduced the Dice score
variance on the validation set by 18%, indicat-
ing that the models learned more generalized
and diverse features. Collectively, these strate-
gies produced base predictions with low bias
and low variance for the fusion stage, thereby
amplifying the overall ensemble gains.

In contrast to previous studies, the present
work further highlights the advantages of the
proposed image segmentation framework. For
example, Wu et al. introduced an improved
Residual Attention Deconvolution U-Net model
that surpasses conventional SegNet and U-Net
in segmenting lung nodules from computed
tomography images [19]. However, its adapt-
ability and stability tend to be limited when
confronted with complex image structures and
diverse segmentation requirements. Han et al.
presented a multi-channel medical image seg-
mentation network, the Hierarchically Weighted
Attention SegNet (HWA-SegNet), to address
challenges in delineating irregular skin lesion
boundaries [20]. While HWA-SegNet achieved
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a segmentation accuracy of 96.33% on the
public International Skin Imaging Collaboration
2018 dataset, its Jaccard index remained at
85.90%. The current study also focuses on seg-
menting diverse skin lesion images from the
HAM10000 dataset, particularly those exhibit-
ing fine structural details and ambiguous bound-
aries in localized regions. The proposed average
fusion strategy achieves a Jaccard index of
93.73% on the current dataset, surpassing that
of HWA-SegNet by approximately 7.8 percent-
age points, while maintaining an accuracy of
92.82%. This result reflects the method’s effec-
tiveness in balancing segmentation complete-
ness with precision.

While the fusion strategy proposed in this study
demonstrates superior performance over indi-
vidual models, its potential remains limited
when compared to more sophisticated ensem-
ble techniques. For instance, Sanga et al. and
Wang et al. introduced post-processing meth-
ods based on conditional random fields or
weighted voting mechanisms to combine model
predictions, achieving notable improvements in
segmentation accuracy and robustness [21,
22]. Nevertheless, such approaches relying on
fixed weights or predetermined rules often lack
the flexibility to adapt to varying image charac-
teristics. Although the average fusion strategy
used in this study is straightforward and effec-
tive, it does not fully account for the spatially
varying performance of the two constituent
models across different image regions. As a
result, a more adaptive fusion method that
dynamically adjusts weights based on localized
model performance could further enhance seg-
mentation outcomes.

Despite the demonstrated effectiveness of the
proposed strategy, two main limitations warrant
consideration. First, the training data were
obtained from a single center, highlighting the
need for validation on larger, multi-center data-
sets acquired with diverse imaging devices to
further assess its generalization capability.
Second, the model contains a moderate num-
ber of parameters and has not undergone
pruning or quantization, limiting its immediate
applicability in mobile or edge computing sce-
narios. Future work will focus on developing
dynamic weighted fusion mechanisms guided
by uncertainty estimation and exploring light-
weight network architectures, with the goal of
achieving real-time, high-accuracy dermatologi-
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cal lesion segmentation in resource-limited
clinical environments.

Conclusion

This study implemented a simple averaging
strategy to integrate SegNet and U-Net, leading
to measurable improvements in dermatological
image segmentation accuracy and generaliza-
tion capability. Experimental results show that
the Ensemble Model achieves enhanced perfor-
mance across multiple evaluation metrics, with
a particularly notable reduction in loss value,
confirming its improved model efficacy. These
advancements contribute to more precise delin-
eation of lesion boundaries and detailed char-
acterization of internal textures, underscoring
the methodological value and practical poten-
tial of the fusion approach in medical imaging-
assisted diagnosis.
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Highlights

« Systematic classification of anastomosis techniques, including manual sutures, robotic assistance, biomedical
adhesives, energy welding, and stapling devices.

¢ Critical analysis of biodegradable materials in addressing foreign body reactions and balancing degradation and
mechanical performance.

« Future directions emphasizing intelligent material design, multimodal technology fusion, and specialized device
development.

Abstract

Vascular anastomosis, as one of the core surgical techniques, directly determines clinical efficacy in trauma re-
pair, organ transplantation, and vascular reconstruction. This paper systematically reviews the development and
current research status of vascular anastomosis techniques such as traditional manual sutures, robotic-assisted
technologies, biomedical adhesives, and energy welding. Traditional manual sutures, regarded as the gold stan-
dard of vascular anastomosis, have achieved ultra-precise anastomosis at the 0.1-mm level through advance-
ments in microsurgical techniques, making them the most clinically prevalent method. However, they are limited by
issues such as foreign body retention, high demands on surgeon, prolonged operative times, and high postopera-
tive stenosis rates. Robotic-assisted systems offer enhanced precision in complex anatomical regions, achieving
submillimeter accuracy. However, their widespread adoption is constrained by high costs, reliance on suturing, and
steep learning curves. Biomedical adhesives and energy welding techniques significantly reduce operative time
but are not yet clinically applicable due to insufficient anastomotic strength. Although the GEM Coupler stapling
devices have been clinically applied, other stapling technologies remain limited in scope, with ongoing research in
structural designs and biodegradable materials. Future advances in vascular anastomosis are expected to focus
on three directions: material innovation, technological breakthroughs, and clinical translation.

Keywords: Vascular anastomosis, manual sutures, stapling devices, biodegradable materials

I Introduction

Vascular anastomosis, as a core technique in
surgical practice, involves the precise recon-
nection of severed vessel ends to restore vas-
cular continuity, ensuring unimpeded blood flow
and maintaining normal physiological functions
of tissues and organs. Based on vascular inju-
ry patterns, three primary anastomotic config-

urations are employed: end-to-end anastomo-
sis, end-to-side anastomosis, and side-to-side
anastomosis [1]. End-to-end anastomosis is
suitable for transverse injuries requiring pre-
cise matching of luminal diameters and axial
alignment; End-to-side anastomosis is com-
monly used in bypass grafting or for connecting
vessels with significant diameter discrepancies;
and Side-to-side anastomosis is applied in vas-
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cular shunting and dialysis access creation.
These techniques are extensively utilized in
trauma management, vascular pathology recon-
struction, plastic surgery, and organ transplan-
tation [2-5]. The continuous advancement of
various surgical techniques and the increasing
complexity of surgical procedures have put for-
ward higher requirements for vascular anasto-
mosis technology, demanding higher precision,
efficiency and reduced complications.

Although traditional manual sutures are cost-
effective and adaptable, they are prone to
mechanical endothelial damage and are associ-
ated with high postoperative restenosis rates
[6]. Notably, breakthroughs in super microsurgi-
cal techniques have enabled manual sutures
to achieve 0.1-mm level precision in vascular
anastomosis [7]. However, super microsurgi-
cal operations require extensive microsurgical
expertise, with complex anatomical sites such
as intracranial vessels requiring up to 30 min-
utes for anastomosis, significantly increasing
the risk of ischemic complications [8].

In recent years, vascular anastomosis tech-
niques have undergone a transformative shift
from manual sutures toward minimally invasive
and intelligent approaches. Robotic-assisted
systems, leveraging multi-degree-of-freedom
precise manipulation, achieve submillimeter-
level anastomotic precision [9]. Non-suture
techniques, such as laser welding, biomedical
adhesives, and stapling devices, reduce opera-
tive time to 5-10 minutes [10-14]. Furthermore,
the integration of novel biodegradable materi-
als into stapling devices has significantly miti-
gated the risk of foreign body reaction [15].

In conclusion, vascular anastomosis, as a criti-
cal surgical technique, significantly enhances
patients’ quality of life and recovery rates by
restoring or optimizing blood perfusion.
Clinicians and researchers worldwide are con-
tinuously advancing research in anastomotic
techniques, device design, and material sci-
ence to improve the precision, safety, and pro-
cedural efficiency of vascular anastomosis, ulti-
mately delivering superior therapeutic out-
comes and rehabilitation. This review aims to
systematically evaluate the advancements,
limitations, and clinical applicability of both tra-
ditional and emerging vascular anastomosis
techniques, providing evidence-based insights
for future research directions.
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II Review progress
Vascular anastomosis methods
Manual sutures

Manual sutures involve using sutures and sur-
gical needles to approximate blood vessels.
This technique remains the most clinically prev-
alent anastomotic method and is widely recog-
nized as the gold standard for vascular anasto-
mosis. The history of vascular surgery has been
subject to debate, with no unified consensus.
In 1889, Alexander Jassinowsky proposed the
feasibility of vascular suturing and successfully
performed an arterial anastomosis two years
later [16]. In 1897, J.B. Murphy expanded upon
Jassinowsky’s work by introducing a novel
framework for vascular anastomosis [17].
However, both pioneers erroneously concluded
that endothelial disruption would inevitably trig-
ger coagulation, hindering successful imple-
mentation. In 1902, French surgeon Alexis
Carrel introduced a groundbreaking suturing
method: placing three equidistant sutures at
the vascular rupture site to stabilize the wound
into a triangular configuration, followed by evert-
ing the vessel ends, precisely aligning them,
and suturing with sterilized silk threads [18].
This approach ensured a smooth intraluminal
surface and unobstructed blood flow. Carrel fur-
ther established four ideal principles for vascu-
lar anastomosis: (1) Prevention of luminal ste-
nosis at the anastomotic site; (2) Maintenance
of intimal smoothness; (3) Tight intimal apposi-
tion between vascular ends; (4) Avoidance of
direct contact between sutures and blood [19].
The advent of microsurgical manual sutures in
1960 marked the beginning of microvascular
suturing techniques under microscopy. However,
super-microsurgical operations demand excep-
tional microsurgical expertise, with complex
anatomical sites such as intracranial vessels
requiring 30 minutes for anastomosis [8].
Persistent challenges, including operator hand
tremor and visual fatigue, substantially elevate
the risks of ischemic complications.

Furthermore, the properties of suture materials
critically influence vascular healing outcomes.
Surgical sutures must exhibit optimal biocom-
patibility, sufficient tensile strength, and ease
of knotting. Sutures are broadly classified into
absorbable and non-absorbable categories.
Absorbable sutures, such as polyglycolic acid
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(PGA), polydioxanone (PDS), polyhydroxybutyr-
ate (PHB), and polylactic acid (PLA), are rarely
used in vascular anastomosis due to their pro-
longed retention within vessels, which poses a
high infection risk [20]. In clinical vascular
suturing, non-absorbable sutures are common-
ly employed. These sutures, made from non-
degradable materials such as nylon, polyester,
polytetrafluoroethylene (PTFE), and polypropyl-
ene, offer superior mechanical strength, with
polypropylene being the most widely used in
vascular surgery due to its excellent strength.

Manual sutures, despite their advantages of
stable clinical efficacy, cost-effectiveness, and
ease of implementation, are associated with
significant limitations, including operator-depen-
dent outcomes, prolonged operative times, and
suture-induced foreign body retention. The lat-
ter can trigger inflammatory responses, platelet
aggregation, endothelial dysfunction, and inti-
mal hyperplasia, ultimately leading to anasto-
motic stenosis. To address these shortcomings,
alternative vascular anastomosis techniques
have been developed to mitigate the inherent
limitations of manual sutures.

Robotic-assisted anastomosis

With the rapid advancement of automation
control and computer vision technology, robot-
ic systems have increasingly been integrated
into medical practice. In 1985, robots were first
applied in healthcare as positioning assistance
devices during neurosurgical procedures [21].
Subsequently, robotic technology has been
applied across diverse surgical disciplines,
including neurosurgery, minimally invasive sur-
gery, and microsurgery. Robotic-assisted vas-
cular anastomosis emerged as an extension of
medical robotics development. In this approach,
the surgeon, seated at a console, manipulates
robotic arms and instruments via control inter-
faces, such as trackballs and control wheels.
This approach combines the benefits of mini-
mally invasive approaches with robotic preci-
sion, enabling submillimeter-level accuracy in
vascular anastomosis.

In 1995, Intuitive Surgical developed the proto-
type of the da Vinci Surgical System, named
“Lenny”, which required fixation to the operat-
ing table and lacked interchangeable instru-
ments [22]. In 2000, the da Vinci system
received approval from the U.S. Food and Drug
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Administration (FDA) and began tis wide-
spread application in general surgery. In 2002,
Wisselink et al. first reported two successful
cases of robotic-assisted laparoscopic aorto-
femoral bypass procedures [23]. Subsequently,
robotic surgical systems have evolved toward
diversification and specialization: The da Vinci
platform has undergone iterative upgrades,
expanding to complex procedures such as sin-
gle-port surgery; Emerging systems like Hugo of
Medtronic and Versius of CMR utilize modular
and lightweight designs to reduce costs; and
domestic Chinese systems, including “Tianji”
and “Tuomai”, have overcome technical barriers
and entered clinical use. Furthermore, robotic-
assisted vascular anastomosis has been vali-
dated in broader applications, such as renal
transplantation and pancreaticoduodenecto-
my, demonstrating enhanced surgical efficacy
and safety profiles [9, 24, 25].

Compared to traditional manual sutures, medi-
cal robotic systems offer distinct advantages:
reduced operator fatigue, enhanced maneuver-
ability, improved surgical precision, and the
ability to perform anastomose in narrow surgi-
cal fields or with submillimeter diameters [26].
However, robotic-assisted vascular anastomo-
sis presents several limitations: (1) Prolonged
operative time, with no significant reduction
compared to manual sutures; (2) Persistent
reliance on sutures, inheriting suture-related
complications; (3) High costs and maintenance
demands. For instance, the da Vinci Surgical
System is priced at up to $ 3.5 million, with
disment and regular maintenance. This eco-
nomic burden restricts effective surgeon train-
ing, potentially increasing procedural risks; (4)
Immature haptic feedback technology. While
current systems integrate force feedback, vibra-
tion sensing, and visual cues to simulate tac-
tile perception, yet their force resolution and
dynamic response rates remain inadequate for
complex vascular anastomosis; (5) Technically
demanding operations with a steep learning
curve [27].

Biomedical adhesives

Biomedical adhesives refer to vascular anasto-
mosis methods utilizing biocompatible adhe-
sive materials, as shown in Figure 1. Based on
their composition, they are classified into natural
adhesives, semi-synthetic adhesives, and syn-
thetic adhesives. Early biomedical adhesives
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Figure 1. Biomedical adhesives: Sealants combined with sutures and stents [58].

were primarily natural derivatives, offering
excellent biocompatibility and degradability but
limited adhesive strength and durability, thus
rarely applied in vascular anastomosis. In 1960,
Nathan H. pioneered the use of synthetic adhe-
sives for vascular repair [28]. Despite significant
advancements in material formulations and
delivery systems in recent decades, the core
functionalities of these adhesives in vascular
anastomosis remain consistent: (1) Hemostatic
agents to promote wound healing; (2) Sealants,
often combined with sutures or stents, to
enhance anastomotic integrity and prevent
postoperative leaks; (3) Standalone adhesives
applied directly to vascular ends for sutureless
anastomosis [29-31].

Biomedical adhesives offer several advantag-
es, including minimal vascular wall trauma,
procedural simplicity, rapid anastomosis, and
adaptability to diverse vascular configurations.
Representative tissue adhesives include fibrin
glue, cyanoacrylate adhesives, and BioGlue bio-
logic sealant. An ideal vascular adhesive should
possess the following characteristics: (1) High
mechanical strength to securely bond vascu-
lar ends and withstand hemodynamic forces;
(2) Excellent biocompatibility, without inducing
immune responses or thrombogenesis; (3)
Controlled degradability to allow gradual absorp-
tion while minimizing long-term foreign body
reactions; (4) Ease of preparation and applica-
tion; (5) Non-interference with tissue function
and mobility [10]. Despite their potential, bio-
medical adhesives face critical challenges in
vascular applications, including insufficient long-
term durability under cyclic mechanical stress,
incomplete vascular wall compatibility leading
to interfacial failure, and instability in dynam-
ic hemodynamic environments. Consequently,
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researchers are actively developing novel mate-
rials and engineering strategies to enhance
adhesive performance and safety. While vari-
ous bioadhesives have demonstrated efficacy
in preclinical studies, none have yet achieved
successful clinical translation for vascular
anastomosis.

Energy welding

Energy welding achieves vascular anastomosis
by converting optical or electrical energy into
thermal energy, which heats the anastomotic
ends to induce partial denaturation and unwind-
ing of the triple-helical collagen structure into
randomly coiled polypeptide chains. This pro-
cess facilitates synergistic aggregation of the
denatured proteins, thereby bonding the vascu-
lar ends. Currently, the predominant energy
sources in research are laser and high-frequen-
cy electric current [11, 32].

Laser welding

Laser light is a coherent light beam amplified
by stimulated radiation. The active medium
includes CO,, Ar, Nd:YAG, He-Ne, and infrared
diodes. In the 1970s, laser welding was gradu-
ally adopted for biological tissue repair, with the
Nd:YAG laser being the first applied to vascu-
lar anastomosis [33, 34]. Over the past four
decades, advancements in laser technologies
have expanded their applications in vascular
anastomosis. Researchers have identified key
factors influencing the efficacy of laser-welded
vascular anastomosis, including laser parame-
ters (Wavelength, power output, and pulse
width), tissue penetration depth, and welding
duration. Optimal thermal effects for achieving
robust anastomosis require a pulse width of 1
ps/min during vascular anastomosis [35]. Laser
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parameters vary significantly across different
laser systems, and their interactions with spe-
cific biological tissues determine the penetra-
tion depth within the tissue. Typically, CO, lasers
exhibit a penetration depth of 10-50 uym in vas-
cular tissue, which is notably shallower com-
pared to other laser types.

Laser welding offers advantages such as high
precision, short operative time, absence of for-
eign body reactions, and a reduced risk of post-
operative aneurysms. However, the high colla-
gen fiber and hemoglobin content in vascular
tissues result in elevated laser absorption coef-
ficients and penetration depths, which may
cause thermal damage to the vessel wall, com-
promise anastomotic strength, and impair sur-
gical outcomes [36]. To address these limita-
tions, researchers have employed reinforce-
ment materials such as albumin, polylactic-co-
glycolic acid (PLGA), and indocyanine green
(ICG) to augment laser-mediated anastomosis
[12, 37, 38]. Despite these advancements,
laser-welded vascular anastomosis has not yet
been adopted clinically, with improving initial
anastomotic strength remaining the critical
challenge for its widespread implementation.

High-frequency electric welding

High-frequency electric welding utilizes heat
generated by high-frequency alternating cur-
rent to thermally fuse tissues, as shown in
Figure 2. The current is delivered via electrodes
to achieve tissue cutting, coagulation, or clo-
sure. In 1962, Sigel and Acevedo successfully
sealed linear vascular incisions using high-fre-
quency current transmitted through bipolar
electrocautery forceps [39]. During the 1990s,
high-frequency electric welding technology
advanced rapidly. Barry et al. used radiofre-
quency current combined with mechanical pres-
sure to weld the carotid artery in dogs and
investigated the effect of radiofrequency cur-
rent on the mechanical and histological proper-
ties of the arterial wall [40]. However, this meth-
od has notable limitations: (1) Electrode-tissue
adhesion: Removal of electrodes may disrupt
the anastomotic seal; (2) Uncontrolled parame-
ters: Difficulty in optimizing current intensity
and anastomosis duration compromises out-
comes [41, 42].

In summary, energy welding techniques face
critical challenges in clinical applications, includ-
ing imprecise thermal control, excessive ther-
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mal damage, and insufficient anastomotic
strength, necessitating continuous technologi-
cal refinement and innovation.

Photochemical tissue bonding

Photochemical tissue bonding (PTB) is a suture-
less anastomosis technique that achieves tis-
sue adhesion through laser-activated photo-
chemical reactions. This method induces elec-
tron transfer between photosensitizing chemi-
cals and biological tissues, leading to covalent
crosslinking of collagen molecules at the anas-
tomotic site. In 2007, O’'Neill and Winograd
from Harvard University pioneered this tech-
nique, successfully anastomosing rat femoral
arteries by applying photosensitizers to both
vascular ends and irradiating them with a 532
nm laser (power density: 0.5 W/cm?, energy
density: 150 J/cm?) [43]. During the 30-second
irradiation on each side, an intraluminal cathe-
ter was inserted to maintain vascular patency.

Unlike energy welding, which depends on ther-
mal energy, PTB relies on photochemical cross-
linking, eliminating thermal damage to sur-
rounding tissues. The technique employs 532
nm laser light combined with photosensitizers
to initiate collagen covalent bonding, enabling
rapid and robust tissue adhesion. Commonly
used photosensitizers include Rose Bengal,
Riboflavin-5-Phosphate (R5P), Methylene Blue
(MB), and N-2-Hydroxypyridine (N-HTP) [44, 45].

As an advancement over laser welding, PTB
addresses critical limitations such as thermal
injury and high-energy laser requirements.
However, challenges persist, including high
operational costs and difficulties in laser
parameter optimization, necessitating further
research for clinical translation.

Microvascular stapler anastomosis

Microvascular stapler anastomosis refers to a
vascular anastomosis method that replaces
sutures with specialized devices, primarily cat-
egorized into staples, magnets and rings based
on vascular eversion fixation mechanisms, as
shown in Figure 3.

Staples
Staple-based anastomosis achieves vascular

connection by mechanically pressing surgical
staples (metal or polymeric) into both vascular
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Figure 2. High-frequency electric welding: The treated vessel tissue is placed between the upper and lower elec-
trodes, and the upper and lower electrodes deliver energy to the vessel tissue. The infrared thermal imager begins
to record the tissue temperature until the end of the welding experiment [42].

ends. These stapling devices typically comprise
a handle, anvil head, cartridge, and staples.
During anastomosis, staples are deployed in a
staggered arrangement to seal potential leaks.
In 1908, Hungarian surgeon HUmér Hiltl inno-
vated the first surgical stapler, inspired by reg-
ular staplers, modifying the anvil to create
B-shaped staples upon compression [46]. This
design ensures secure vascular fixation while
preserving blood supply and nutrient delivery to
stapled tissue margins.

Compared to sutures, staples offer lower infec-
tion rates and shorter operative times, making
them widely used in gastrointestinal anastomo-
sis [47]. However, there are several factors that
limit their application in vascular anastomosis
[48]. Firstly, the vascular needs to be valgus
180°, which increases the risks of anastomot-
ic stenosis; Secondly, permanent staples may
induce chronic inflammation or foreign body
reactions; Lastly, improper staple placement
can cause impaired healing or functional
compromise.
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Magnets

Magnetic anastomosis achieves vascular recon-
struction by implanting magnetic devices at
both vascular ends, enabling instantaneous
coupling via magnetic attraction. In 1978,
Obora et al. first performed end-to-end venous
anastomosis in rats using magnetic rings [49].
In 2004, Erdmann et al. successfully applied
magnetic rings for side-to-side arterial and
venous anastomosis in foxhounds. Since then,
magnetic anastomosis has significantly evolved
[50]. To date, it has been validated in animal
models for end-to-end anastomosis, side-to-
side anastomosis, and artificial vascular graft-
ing [15, 50, 51].

Magnetic Anastomosis has several advantages,
including simplified operation, shortened oper-
ative time, and reduced complications, such as
anastomotic leakage. However, its limitation
include challenges in repositioning once the
magnetic rings are coupled. Suboptimal align-
ment necessitates device removal and replace-
ment, potentially increasing surgical trauma.
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Figure 3. Typical anastomosis devices of microvascular stapler anastomosis [50, 59]: (A) Staples; (B) Magnetic

rings; (C) GEM Coupler.
Rings

Ring-type staplers primarily consist of two cou-
pling rings. During anastomosis, vessels are
threaded through the rings, everted, and fixed,
followed by ring apposition for end-to-end vas-
cular connection. Based on eversion fixation
methods, these staplers are classified into nee-
dle-ring and needleless types.

Needle-ring staplers feature alternating nee-
dles and holes on each ring. Vessels are evert-
ed and secured onto the needles, achieving
anastomosis through needle-hole coupling. In
1900, Erwin Payr designed a magnesium ring to
assist anastomosis by threading the proximal
vessel through the ring, everting its margin, and
inserting it into the dilated distal vessel [52]. In
1960, Holt and Lewis first proposed paired nee-
dle-perforated rings [53]. Subsequently, Ostrup
and Berggren refined this design in 1986 by
alternating needle-hole distribution, developing
the Unilink system—the precursor to the clini-
cally established GEM Coupler [54]. The GEM
Coupler offers advantages, including ease of
operation, precise intimal apposition, absence
of intraluminal foreign bodies, and reduced
anastomotic leakage. Although initially deemed
suitable only for venous anastomosis due to
arterial wall elasticity and thickness, ongoing
research explores its arterial applicability.

Needleless staplers employ inner and outer
rings: vessels are threaded through the inner
ring, everted, and secured via outer ring fixa-
tion. Li et al. developed a novel device with two
connecting rings and two posterior rings,
addressing efficiency and reliability limitations
of manual sutures [14]. Although needleless
designs eliminate the use of metal needles,
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reducing the damage to the vascular intima,
their clinical potential remains unvalidated due
to insufficient long-term animal studies and
human trials.

From the perspective of materials, the three
types of stapling devices predominantly utilize
non-degradable materials such as polyethyl-
ene, stainless steel, and titanium. Their long-
term retention impairs physiological vascular
function and restricts remodeling at the anas-
tomotic sites. Consequently, researchers are
exploring biodegradable materials for vascular
staplers. These materials provide short-term
mechanical support during anastomosis and
are gradually absorbed post-healing, effectively
preventing long-term implant-related complica-
tions. Additionally, their degradation releases
bioactive substances that promote vascular
regeneration and repair. Needleless designs
eliminate metallic components but lack valida-
tion in long-term animal and clinical studies.
Zhang Qiong and Xu Shuogui developed biode-
gradable shape memory sleeve-needle ring sys-
tem for anastomosis (PLA needle rings and poly-
caprolactone (PCL) sleeves), achieving success-
ful rabbit jugular vein anastomosis [55]. Li
Zhuoqun et al. fabricated a 3D-printed polypro-
pylene-based biodegradable stapler, evaluating
its hypertension tolerance and clinical potential
in rabbit models. Ryan Brewster et al. designed
a biodegradable stapler composed of polylactic
acid (PLA) and copolymers with dual inner and
outer rings, successfully anastomosing porcine
carotid arteries [57].

However, these biodegradable vascular sta-
plers still face multiple technical challenges.
Firstly, mismatched degradation kinetics and
vascular healing timelines remain a critical
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issue. For instance, PCL exhibits a degrada-
tion period of 12-24 months, far exceeding
the typical 3-6 months required for vascular
remodeling. This discrepancy leads to prema-
ture mechanical failure or delayed material
absorption, compromising anastomotic integri-
ty. Secondly, long-term safety validation remains
insufficient. Degradation byproducts may impair
vascular repair through mechanisms including
local toxicity, metabolic burden, and immune
reactions. Consequently, systematic long-term
biocompatibility evaluations are imperative
before clinical adoption, particularly to assess
chronic risks like ectopic calcification and sys-
temic metabolic disturbances.

III Conclusion

Vascular anastomosis, as a cornerstone of
surgical practice, has undergone over a cen-
tury of evolution. The emergence of robotic-
assisted anastomosis, biomedical adhesives,
energy welding, and stapling devices has driv-
en transformative technological breakthroughs.
Concurrently, advancements in biodegradable
materials promise to accelerate the refinement
and clinical translation of these techniques.

Traditional manual sutures, recognized as the
gold standard, have achieved 0.1 mm-level pre-
cision through microsurgical innovations and
remain the most widely used clinical method.
However, manual sutures remain limited by
operator dependency, prolonged operative dura-
tions, and high postoperative stenosis rates,
which necessitate urgent solutions. The rise of
surgical robotics has mitigated operator-related
variability, enhancing both precision and pro-
cedural complexity. Sutureless techniques—
including biomedical adhesives, energy weld-
ing, and stapling devices—have reduced anas-
tomotic time to 5-10 minutes. Furthermore, the
integration of biodegradable materials into
sutures and staplers has emerged as a pivot-
al research direction to address foreign body
retention. In addition, some researchers have
explored combining various anastomosis meth-
ods, such as manual sutures, biomedical adhe-
sives, magnetic anastomosis and energy weld-
ing to optimize the joint application of multiple
anastomosis technologies.

Despite their unique advantages, all anasto-
motic techniques face distinct challenges.
Surgical robotic systems, while achieving high
precision, are hindered by prohibitive costs,
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lack of haptic feedback, and steep learning
curves. Energy welding methods remain clini-
cally unvalidated due to thermal collateral dam-
age and insufficient anastomotic strength. Non-
degradable materials such as staples and mag-
netic rings provoke chronic inflammation upon
prolonged retention, while biodegradable alter-
natives require optimization to balance mechan-
ical performance with degradation Kkinetics.
Specifically, the degradation rates of biodegrad-
able materials need to be regulated to match
the healing cycle of blood vessels (3-6 months).
Energy welding for immediate anastomotic seal-
ing can be combined with biomedical adhesives
for thermal protection, achieving both superior
mechanical strength and minimized thermal
injury to the anastomosis. Extensive animal
experiments and clinical trials are needed to
verify the long-term safety and effectiveness of
these methods.

In conclusion, the future development of vascu-
lar anastomosis technology should focus on
solving current technical bottlenecks, offering
more efficient and safe solutions for the fields
of cardiovascular disease, trauma treatment,
and organ transplantation through three key
directions of material innovation, technology
integration, and clinical transformation.
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Highlights

e Comprehensive Technology Review - It systematically compares three major techniques for reducing thermal
damage in electrosurgery.

e Balanced Evaluation Framework - Each method is evaluated across multiple dimensions, including effective-
ness, applicability, complexity, and cost.

¢ Forward-Looking Insight - It discusses future trends such as Al integration and the development of advanced
materials for smarter surgical systems.

Abstract

Electrosurgery is widely applied for precise tissue cutting and coagulation through high-frequency electrical en-
ergy, yet it carries the risk of collateral thermal injury. This review examines emerging strategies to mitigate such
damage, including cooling systems, real-time temperature monitoring, pulsed cutting, and laser- or ultrasound-
assisted techniques. By improving temperature regulation, enhancing feedback accuracy, and enabling adaptive
power control, these innovations reduce heat diffusion and tissue charring, thereby enhancing surgical safety and
outcomes.

Keywords: Electrosurgery, thermal damage, adaptive control

Introduction

In early surgical practice, tissue separation,
tumor excision, and necrotic tissue removal
were primarily performed with surgical blades.
However, the sharpness of the blade often
caused rupture of adjacent blood vessels, lead-
ing to bleeding that required hemostasis by
manual pressure, ligation, or the use of hot
cautery. With advances in medical technology
and the discovery of electromagnetic induc-
tion, surgery gradually transitioned toward elec-
tronic methods. In the early 20th century,
Walter reported that high-frequency currents
could generate spark-like effects between elec-

trodes and tissue at a short distance, which
were applied to treat skin tumors [1]. In 1911,
Clark employed very high voltage and extreme-
ly low current with a single electrode to
destroy tissue, producing marked desiccation
at the contact site [2]. Subsequently, with sup-
port from the Liebel-Flarsheim Company, Bovie
developed the first electrosurgical instruments.
By the mid-1980s, ionization devices using
high-frequency alternating current to generate
localized high heat with a single electrode were
introduced, enabling both tissue cutting and
coagulation [3]. Since then, electrosurgery has
become a widely adopted clinical technique
[4].

Address correspondence to: Yu Zhou, School of Health Sciences and Engineering, University of
Shanghai for Science and Technology, No. 516 Jungong Road, Shanghai 200093, China. Tel: +86-

18021042556. E-mail: zhouyu@usst.edu.cn.




Progress in Medical Devices 2025; 3 (4): 244-254. PMD25040464

Figure 1. The internal current path of the organization at different frequencies. (A) Low-frequency current path
within the tissue; (B) High-frequency current path within the tissue [8].

Electrosurgical devices broadly refer to instru-
ments that utilize high-frequency electrical
energy (typically 0.2-5 MHz) for tissue cut-
ting, dissection, coagulation, and related pro-
cedures. These include monopolar and bipolar
electrosurgical devices, radiofrequency knives,
ion knives, argon plasma coagulators, and laser
scalpels. A standard electrosurgical system
consists of a high-frequency power source and
return electrode pads. Current passes through
the patient’s body, and heat is generated at
the tissue-electrode interface, enabling pre-
cise cutting and coagulation. With advances in
material science and surgical technology, a vari-
ety of electrosurgical knives have been devel-
oped to meet the needs of different surgical
scenarios. However, the high temperatures pro-
duced during cutting inevitably cause thermal
diffusion, which can damage surrounding nor-
mal tissue and even result in charring or
necrosis. Therefore, reducing thermal injury
has become a major focus in the development
of electrosurgical devices. This review will dis-
cuss the basic principles of high-frequency
electrosurgery, mechanisms of thermal dam-
age, and emerging technologies aimed at mini-
mizing such effects.

Operating principle of electrosurgery

Electrosurgery applies high-frequency electrical
energy to biological tissues, offering two key
clinical advantages.

First, because biological tissues are composed
of numerous cells with membranes that behave
as capacitors, the current pathway is frequen-
cy-dependent [5]. Direct current is blocked, and
low-frequency alternating current encounters
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high impedance, so current primarily flows
through extracellular fluid (Figure 1A). In con-
trast, high-frequency alternating current can
traverse both extracellular and intracellular flu-
ids (Figure 1B). When the amplitude is suffi-
ciently high, Joule heating raises the tempera-
ture of intracellular fluid to its boiling point.
Vapor expansion induces microscopic cell rup-
ture, producing the macroscopic cutting effect
[6]. In an experiment conducted by Burcu Tunc,
a sudden temperature drop of 0.5-18 °C was
observed during the initial ablation phase, indi-
rectly confirming gas formation during electro-
surgical cutting and supporting this mechanism
[7].

Second, the frequency range of electrosurgical
currents (0.2-5 MHz) is far higher than physio-
logical signals in the human body [8]. This mini-
mizes interference with both the patient’s and
the surgeon’s physiological functions during the
procedure.

As shown in Figure 2, progressive heating
leads to cellular dehydration above 80 °C, fol-
lowed by vaporization above 100 °C. This
sequence underlies the mechanism of tissue
cutting in high-frequency electrosurgery [9].

Mechanisms of thermal effects in electrosur-
gery and analysis of tissue thermal damage

Definition and classification of thermal dam-
age

Definition of thermal damage

Thermal damage refers to the structural and
functional changes in cells or tissues caused
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Figure 2. State changes of cells at different temperatures.

by exposure to excessive temperatures, lead-
ing to damage. High temperatures can cause
water evaporation within tissues or protein
denaturation, ultimately resulting in tissue
death. Thermal damage typically occurs when
tissues are exposed to temperatures exceeding
their normal tolerance threshold [10].

Classification of thermal damage

Thermal damage is commonly classified based
on temperature and exposure time. The prima-
ry classifications are as follows:

(1) Mild Thermal Damage (Low-Temperature
Damage): This occurs when tissues are exposed
to temperatures between 40 °C and 60 °C for
short durations. Mild damage may result in tem-
porary loss of cellular function, but tissue recov-
ery is generally expected. This type of damage
is often seen in localized high-temperature pro-
cedures, such as hot compresses or light elec-
trosurgical cutting.

(2) Moderate Thermal Damage (Coagulation
Damage): Damage occurs when tissues are
exposed to temperatures between 60 °C and
80 °C for longer durations. In moderate ther-
mal damage, cellular proteins begin to dena-
ture, leading to functional impairments. This
damage can often be managed surgically, with
the affected area typically showing signs of coag-
ulation. The damaged cells may not recover.

(3) Severe Thermal Damage (Vaporization and

Carbonization Damage): Exposure to tempera-
tures above 80 °C for extended periods results
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in the evaporation of water, vaporization, car-
bonization, or complete charring of the tissue.
Cellular death becomes irreversible, and the tis-
sue cannot recover. Severe thermal damage is
commonly observed with devices like high-fre-
quency electrosurgical knives, and it is the pri-
mary mechanism behind the cutting action in
electrosurgery.

Common mechanisms of thermal damage
caused by high-frequency electrosurgical
Knives

Power and heat generation

Electrosurgery generates heat within tissue via
high-frequency currents, causing rapid temper-
ature increases at the point of contact. When
electrosurgical power is too high, the current
generates significant heat as it passes through
the tissue. For a given current, higher power
results in more heat generation and a faster
temperature rise at the local tissue site.
Excessive heat accumulation can surpass the
tissue’s tolerance threshold, leading to ther-
mal damage.

During surgery, the electrosurgical power must
be adjusted according to the specific require-
ments of the procedure. If the power is too high,
heat may not dissipate quickly enough within
the tissue, causing overheating. Conversely, if
the power is too low, the desired cutting or
coagulation effect may not be achieved, result-
ing in incomplete results. Therefore, precise
power adjustment based on tissue types and
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surgical needs is crucial in clinical practice to
avoid excessive heat accumulation.

Heat propagation and tissue thermal conduc-
tivity

Heat conduction refers to the transfer of heat
from high-temperature regions to cooler areas
through molecular vibration. Different tissues
have varying thermal conductivities, which
influence how heat is distributed within them.
Tissues with higher water content, such as mus-
cles and blood, generally have better thermal
conductivity, allowing heat to spread quickly
and reducing the risk of localized overheating.
In contrast, tissues with lower water content,
such as fat, have poor thermal conductivity,
meaning heat spreads slowly and can accumu-
late, increasing the risk of thermal damage.

During electrosurgery, heat is generated as cur-
rent passes through tissue. When power output
is too high, tissue temperature rises rapidly. In
low-conductivity tissues like fat, heat cannot
dissipate efficiently, leading to heat accumula-
tion and potentially severe damage such as
charring. In contrast, tissues with higher con-
ductivity, such as muscle, spread heat more
effectively, which slows the rise in temperature
and helps reduce the risk of damage.

The thermal conductivity of tissue is closely
related to the power settings of the electrosur-
gery. When power is too high, heat accumulates
rapidly, especially in low-conductivity tissues
like fat, where heat dissipation is inefficient.
This causes local temperatures to rise quickly,
leading to protein denaturation, tissue necro-
sis, and even carbonization. On the other hand,
in tissues with higher thermal conductivity, such
as muscle, heat is spread more effectively,
reducing the rate of temperature increase and
lowering the risk of thermal damage. Therefore,
adjusting the power settings based on tissue
thermal conductivity is essential for minimizing
thermal damage during surgery.

Common mechanisms of thermal damage
caused by high-frequency electrosurgical
knives

Thermal damage caused by high-frequency

electrosurgical knives involves two primary
mechanisms:
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(1) Power Setting and Impedance Variability:
When electrosurgery is used for cutting or coag-
ulation, the impedance of the tissue it contacts
varies depending on the type of tissue and its
pathological state. Since the power setting is
often fixed by the surgeon during the procedure,
any imbalance between the power output and
the tissue’s impedance can result in inefficient
energy transfer. If the power is too high, the
heat generated by the current may exceed the
tissue’s capacity to dissipate it, causing heat to
accumulate and leading to extensive and severe
thermal damage. Conversely, if the power is too
low, the tissue may not receive sufficient heat to
achieve the desired effects, such as incomplete
coagulation or inadequate cutting, resulting in
suboptimal surgical outcomes.

(2) Thermal Injury to Surrounding Healthy
Tissue: The fundamental operation of electro-
surgery involves heating tissue to achieve cut-
ting or coagulation. However, this process
inevitably affects surrounding healthy tissues,
causing “collateral damage”. This is especially
noticeable in tissues with low thermal conduc-
tivity, such as fat, where heat tends to concen-
trate in localized areas. These tissues’ inability
to dissipate heat efficiently increases the risk of
thermal damage. Even with precise control of
the electrosurgery’s power, heat will still propa-
gate and affect surrounding healthy tissues.
Therefore, careful management of both power
settings and tissue characteristics is critical to
minimizing this risk during surgery.

Technologies for reducing thermal damage

While high-frequency electrosurgical knives are
widely used in surgical procedures, thermal
damage to surrounding tissues due to their high
temperatures remains a significant concern. In
recent years, several technical strategies have
been developed to address this issue. These
strategies can be broadly classified into three
categories: real-time feedback systems for
intelligent power regulation, physical cooling
mechanisms to actively reduce temperature at
the surgical site, and waveform modulation
techniques to interrupt continuous heat deliv-
ery. This section discusses representative
techniques from each category, along with
their respective mechanisms, advantages, and
challenges.
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Temperature feedback and intelligent power
control

The first approach focuses on controlling heat
generation at the source through intelligent
power regulation based on real-time feedback.
Among various feedback signals, temperature
and impedance are commonly used to assess
tissue conditions and adjust power output
accordingly.

With advancements in electrosurgical equip-
ment and its application by surgeons, numer-
ous methods have emerged to evaluate the per-
formance of electrosurgical devices, including
power exposure, accuracy, and more [10].
Initially, these methods were used only for eval-
uation, but later, researchers proposed using
the numerical indicators obtained from these
evaluations as feedback to the electrosurgical
device for intelligent cutting. Devices capable
of such intelligent cutting are referred to as
adaptive electrosurgical knives, and the algo-
rithm that processes the feedback information
and adjusts the electrosurgery’s power output
in real-time is called the adaptive algorithm
(also referred to as intelligent power control).

In the implementation of adaptive algorithms,
key reference indicators include tissue sur-
face temperature and impedance. Temperature
directly reflects the tissue’s damage state, while
tissue impedance indirectly indicates the tissue
type and whether the heat exposure is within
the normal range. This section uses tempera-
ture feedback as an example to explain the
implementation of power adaptive algorithms.

A real-time temperature monitoring system can
continuously track both the electrode tip’s and
surrounding tissue’s temperature during high-
frequency electrosurgery. Using temperature
sensors, the surgeon remains informed about
the temperature changes in the tissue, helping
avoid thermal damage caused by excessive
heat [11]. For example, infrared temperature
sensors detect infrared radiation to measure
tissue surface temperature, allowing rapid feed-
back. These sensors offer the advantage of
non-contact measurement, making them suit-
able for dynamic adjustments during surgery.
Alternatively, thermocouple sensors, typically
in the form of miniature probes, directly contact
the tissue for precise temperature measure-
ments. These sensors are ideal for high-preci-
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sion monitoring, ensuring optimal cutting results
while minimizing thermal damage to surround-
ing tissues.

By integrating these feedback mechanisms,
adaptive electrosurgical knives can adjust their
power output in real-time, improving cutting
accuracy and reducing thermal damage to
healthy tissues.

Figure 3 illustrates the use of a traditional
monopolar electrosurgery system based on
real-time temperature monitorin [12]. The cur-
rent-sensing transformer and voltage-sensing
transformer are represented by CT (Current
Transformer) and PT (Power Transformer),
respectively. The high-frequency transformer (T)
increases the output voltage. The tissue is
placed between the electrosurgical electrode
(ES) and the return pad, with the tissue surface
temperature being monitored in real-time via an
infrared thermography system.

The primary advantage of real-time tempera-
ture monitoring is its ability to provide early
warnings when temperatures rise excessively.
The adaptive algorithm helps the surgeon take
corrective actions, such as reducing power or
temporarily halting the procedure. This monitor-
ing approach specifically addresses the first
mechanism of damage discussed in Chapter 2,
ensuring that the electrosurgical power output
remains within a safe range by precisely control-
ling temperature. This is particularly beneficial
for lengthy surgeries and temperature-sensitive
tissues, as it significantly reduces the risk of
thermal damage. Additionally, the high accura-
cy of the temperature monitoring system, cou-
pled with the power adaptation algorithm, mini-
mizes collateral damage, making it an effective
strategy for improving surgical outcomes.

However, the implementation of temperature-
feedback-based adaptive algorithms still faces
several challenges. First, real-time tempera-
ture acquisition requires highly sensitive, fast-
response sensors that do not interfere with sur-
gical operations. Second, from an algorithmic
perspective, modeling the relationship between
temperature and power regulation is difficult
due to the complex and variable nature of tis-
sue types and surgical environments. Finally,
from a mechanical standpoint, integrating sen-
sors seamlessly into electrosurgical equipment
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Figure 3. Flowchart of adaptive electrosurgery operation based on real-time temperature monitoring [12].

without compromising ergonomics or function-
ality remains a significant technical challenge.

Moreover, most current systems employing this
technology can only detect surface tissue tem-
peratures or rely on impedance feedback, which
fails to accurately reflect temperature variations
in deeper tissues. Additionally, sensor latency
or measurement errors may cause delayed
power adjustments, undermining thermal con-
trol. Furthermore, most control algorithms are
heuristic in nature and struggle to adapt to the
rapidly changing conditions encountered during
surgery.

The future development of this technology will
largely depend on advancements in tempera-
ture sensors. High-precision, interference-resis-
tant miniature sensors are essential, and the
lack of such devices is a major limitation pre-
venting this technology from reaching its full
potential. Previous studies have also demon-
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strated that optimizing electrode geometry
can significantly minimize lateral thermal
spread during radiofrequency procedures [13].
Additionally, Yang et al. designed and simulat-
ed a multi-functional radiofrequency electrode
structure, enabling integration of temperature
feedback with structural optimization [14]. The
integration of artificial intelligence (Al) and
machine learning can enhance the responsive-
ness of cutting algorithms. Once these algo-
rithms mature, standardized feedback param-
eters will be crucial for their consistent
implementation.

Active cooling system

Beyond regulating the power source, another
strategy to reduce thermal damage involves
actively removing heat from the electrosurgical
knife or surrounding tissues. This approach is
particularly crucial in extended procedures
where thermal buildup is unavoidable.
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Cooling systems are widely used to reduce
thermal damage caused by high-frequency
electrosurgical knives, especially in long or
large-scale surgeries where the knife tip tem-
perature continuously rises, leading to over-
heating and unnecessary tissue damage. The
cooling system works by lowering the electro-
surgical knife tip’s temperature, reducing heat
accumulation and effectively preventing ther-
mal damage. For instance, Qian et al. achieved
precision cooling during radiofrequency abla-
tion under real-time temperature monitoring,
with both simulation and experimental results
confirming significant temperature reduction
[15].

The water cooling system is the most com-
monly used method. It circulates cooling water
through the electrosurgical knife handle and
tip, removing excess heat and maintaining the
knife tip temperature within an acceptable
range. Research has shown that water cooling
systems can significantly reduce the tempera-
ture of high-frequency electrosurgical knives
and mitigate heat diffusion [16].

The air cooling system uses cool air or carbon
dioxide (CO,) to cool the knife tip and surround-
ing tissue. This method offers a fast response
time and does not interfere with the surgical
field of view, making it suitable for short-term
procedures or small-scale cuts. In the air cool-
ing system, controlling the flow rate and tem-
perature of the gas is crucial for efficiently
reducing temperature without disrupting the
surgical operation.

In summary, cooling systems primarily address
the second thermal damage mechanism dis-
cussed in Chapter 2. By providing additional
cooling, these systems help dissipate excess
heat rapidly, reducing heat exposure to sur-
rounding healthy tissue. Not only do cooling
systems significantly reduce the risk of thermal
damage, but they also provide a more stable
working environment for surgeons, ensuring
optimal cutting and coagulation performance.

The main challenges faced by active cooling
systems include the integration of the cooling
mechanism into electrosurgical devices, ensur-
ing the stability of the cooling effect, and pre-
venting the surgical field from being obstructed
by smoke or vapor produced during the cooling
process. Additionally, as temperature changes
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dynamically, fluctuations in the cooling chan-
nel’s flow rate can pose potential safety con-
cerns that need to be addressed.

Furthermore, incorporating a cooling system
increases the structural complexity and weight
of the device, which may reduce the surgeon’s
operational sensitivity. Cooling systems may
also lead to overcooling or condensation, poten-
tially impairing tissue visibility or causing cold-
related tissue injury.

To address these challenges, future cooling sys-
tems should incorporate artificial intelligence
technologies to dynamically adjust the cooling
intensity based on real-time temperature read-
ings from the electrode tip. Additionally, pas-
sive or compact cooling technologies, such as
phase-change materials or thermoelectric com-
ponents, should be explored further.

Pulsed cutting technology

A recent development in electrosurgery is
waveform modulation, specifically pulsed cut-
ting technology. Unlike continuous high-fre-
quency current, this technique delivers ener-
gy in short bursts, allowing tissues to cool
between pulses.

Pulsed cutting technology replaces continuous
high-frequency current with intermittent pulse
currents, providing cooling periods during which
the tissue can dissipate heat naturally. The prin-
ciple of this technology is to achieve tissue cut-
ting through short, high-frequency pulses, while
the gaps between pulses allow for heat dissipa-
tion. By adjusting pulse duration, output volt-
age, and power can be dynamically controlled in
real-time.

This method not only minimizes thermal dam-
age to surrounding tissues but also improves
cutting precision, as the tissue remains cooler
during the procedure. It is especially beneficial
for surgeries where maintaining tissue integrity
and reducing thermal damage are crucial.

Firstly, pulsed cutting reduces the average tem-
perature, preventing tissue damage such as
protein denaturation and necrosis, which result
from prolonged exposure to high temperatures.
Secondly, the intermittent current reduces the
spread of heat to surrounding tissues, effec-
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Figure 4. Schematic diagram of pulse cutting power control system output [17].

tively limiting the area affected by thermal
damage.

Figure 4 illustrates pulsed cutting technology
allows electrosurgical knives to maintain effec-
tive cutting performance while significantly
reducing thermal damage, making it especially
suitable for tissues sensitive to temperature
changes. This technique has proven to be an
effective, low-thermal-damage surgical meth-
od. Experimental results by Bao Congbo et al.
demonstrated that without a blank period,
widespread heat diffusion and noticeable car-
bonization occurred [17]. However, with inter-
mittent current blank periods, heat diffusion
was greatly minimized, and tissue carbonization
was reduced.

Pulsed cutting technology addresses both ther-
mal damage mechanisms discussed in Chapter
2. It achieves power control during electrosur-
gical output through adaptive algorithms and
uses the pulsed method to control excessive
heat, effectively reducing the risk of thermal
damage.

While pulsed cutting technology is highly effec-
tive, its implementation requires precise control
of pulse parameters—such as duration, duty
cycle, and frequency—to balance efficient cut-
ting with minimal thermal diffusion. Additionally,
in regions of dense tissue, cutting efficiency
may decrease, and different tissue types
respond differently to pulsed energy, making
uniform parameter settings difficult.

In summary, the three strategies—intelligent
feedback control, active cooling, and pulsed
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waveform modulation—represent distinct but
complementary approaches to minimizing ther-
mal damage in electrosurgery. Their integration
into unified, smart surgical platforms may define
the next generation of safe and precise electro-
surgical devices.

The future development of this technology lies
in three main directions: first, the development
of adaptive pulse modulation systems based on
real-time tissue feedback; second, integrating
pulsed cutting with intraoperative image-guided
navigation to achieve precise energy targeting;
and third, incorporating Al-driven control sys-
tems to dynamically adjust pulse output based
on tissue response, thereby enhancing cutting
precision and surgical safety.

Summary and future outlook

Since the introduction of high-frequency elec-
trosurgical knives, they have revolutionized sur-
gery with their efficient cutting and coagulation
abilities. However, the widespread use of these
devices has led to thermal damage, which limits
their effectiveness. Thermal damage not only
affects surgical outcomes and prolongs recov-
ery times but can also lead to surgical failure.
Thus, reducing thermal damage caused by high-
frequency electrosurgical knives has become a
key focus in surgical innovation.

Recent progress has been made in addressing
this issue with various technological solutions,
such as cooling systems, temperature feedback
control, and pulsed cutting modes. Cooling sys-
tems effectively lower the knife tip temperature,
reducing thermal diffusion from the source. The
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Table 1. Comprehensive comparison of three technologies

Evaluation Dimension Adaptive Control

Active Cooling System

Pulsed Cutting Technology

Effectiveness Maintains tissue temp <80
°C with real-time feedback
Applicability Suitable for most tissues;

ideal for long or precise
surgeries
Operational Complexity High - Requires sensor inte-
gration and algorithm control
+30-50% - Sensors and Al
algorithm overhead
Charring reduced by ~40%;
cutting temp stabilized £2
°C[13]
High precision, intelligent;
higher threshold for imple-
mentation

Cost Impact

Quantitative Evidence

Overall Evaluation

Lowers knife temp by >20
°C; mitigates lateral heat
spread

Best for large-area or pro-
longed procedures; limited
by structural setup

High - Adds hardware bulk;
requires fluid/gas control
+40-60% - Cooling system
cost and maintenance

Tip temp drop ~23 °C;
lower lateral spread [12]

Effective thermal risk con-
trol; best for specific cases

Reduces heat accumula-
tion; carbonization area
down ~35%

Ideal for thermally sensi-
tive tissues; protects
nerves and vessels
Medium - Needs pulse
generator and tuning
~+10% - Can reuse exist-
ing power hardware
Carbonization reduced
~35%; avg temp lower by
10-15 °C[13]

Mature and cost-efficient;
suitable for broader adop-

tion

combination of temperature feedback and intel-
ligent power regulation technologies allows for
real-time adjustments, minimizing thermal dam-
age to surrounding tissues. Pulsed cutting tech-
nology mitigates heat accumulation through
intermittent currents, improving the precision
and safety of the cut.

These three technologies each have distinct
advantages and disadvantages, addressing
the reduction of thermal damage through both
internal control and external intervention. The
outcomes vary in effectiveness depending on
the approach, as summarized in Table 1.

Despite these advancements, further improve-
ments are still needed, particularly in device
complexity, ease of operation, and real-time feed-
back mechanisms during surgery. Additionally,
refining thermal management strategies to
accommodate different surgical types, tissue
characteristics, and patient variations remains
a key focus for future research. The future
development of reducing thermal damage in
high-frequency electrosurgical knives will likely
center around three key areas:

(1) Intelligent Adaptive Control: With the
advancement of artificial intelligence (Al) and
machine learning, future electrosurgery sys-
tems will not only be tools but intelligent assis-
tants [18-20]. By analyzing large amounts of
surgical data (such as temperature, impedance,
and tissue type), Al will help surgeons adjust
the knife’s output parameters in real-time, accu-
rately controlling temperature changes during
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cutting and minimizing thermal damage. For
example, deep learning algorithms will allow
electrosurgery systems to automatically adjust
power, frequency, and pulse modes according
to the tissue’s real-time status, ensuring opti-
mal cutting and coagulation effects while mini-
mizing thermal damage. Future electrosurgical
systems may incorporate additional sensors
(e.g., infrared sensors, micro thermocouples,
pressure sensors) to monitor multiple data
dimensions such as tissue temperature, pres-
sure, and elasticity [20]. Combined with Al for
multi-level data analysis, the system could auto-
matically adjust output and issue warnings
when tissue temperature nears safety thresh-
olds, ensuring more precise operations and
reducing thermal risks.

(2) Higher Precision Temperature Monitoring
and Feedback Systems: To further improve cut-
ting precision and reduce thermal damage,
future temperature monitoring systems will
focus on miniaturization, real-time capabilities,
and accuracy. Current temperature sensors
(such as infrared or thermocouples) often suf-
fer from large size and slow response times
[21]. Future miniaturized sensors will offer
more accurate monitoring of small temperature
changes in tissue, providing real-time feedback
to the electrosurgical system, enabling timely
intervention. For example, implantable temper-
ature sensors can be placed directly in the sur-
gical area to monitor temperature changes con-
tinuously, providing more accurate data than
external sensors. These sensors could wireless-
ly connect to the surgical equipment, providing
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“zero error” temperature feedback and helping
avoid tissue damage due to overheating.

(3) Introduction of Innovative Materials with
Good Thermal Conductivity and Biocompatibility:
Beyond thermal management, innovative sur-
gical materials such as biodegradable staples
have been explored for synergistic safety
improvement in gastrointestinal anastomosis
[22]. With the development of materials sci-
ence, future high-frequency electrosurgical
knives may utilize nanocoating electrodes or
biocompatible materials (e.g., the Ti-SS304 lay-
ered composite material discovered by Harasani
| et al.) to reduce thermal damage [23]. These
new electrodes not only improve heat dissipa-
tion but also enhance tissue-contact efficiency,
reducing carbonization and thermal damage.
For example, carbon nanotube coatings can
improve electrode thermal conductivity and bio-
compatibility, stabilizing the electrosurgery dur-
ing high-temperature cutting and reducing the
risk of overheating. Additionally, these materials
reduce electrode wear and corrosion, extending
the lifespan of the equipment.
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Highlights

* This study introduces a novel method to predict the efficacy of PD1/PD-L1 inhibitors in non-small cell lung can-
cer by extracting radiomic features from pre-treatment and post-treatment CT images.

¢ Integrating biological features and radiomic features enhances predictive performance.

* The newly proposed segmentation model achieved a dice coefficient of 90.09%, enabling accurate lesion seg-
mentation.

Abstract

Objective: To propose a method for predicting immunotherapy outcome in non-small cell lung cancer based on
computed tomography images before and after treatment. Methods: An improved U-net model incorporating Ef-
ficient Channel Attention was used to segment lesions. Radiomic features of lesions were extracted using PyRa-
diomics package and combined with biological indicators. Feature selection and dimensionality reduction were
performed using linear discriminant analysis and Pearson correlation algorithms. A support vector machine was
used to establish the predictive model. Results: The proposed segmentation model achieved a Dice coefficient
of 90.09%, a positive predictive value of 89.23%, and an intersection over union of 82.15%, outperforming main-
stream segmentation models. The proposed predictive model achieved an area under the curve of 85.05%, accu-
racy of 77.59%, specificity of 81.68% and sensitivity of 73.52%, all superior to models based solely on single-time
computed tomography images or lacking biological features. Conclusion: The proposed method provides an ef-
fective approach for predicting the efficacy of immunotherapy in non-small cell lung cancer patients and offers a
valuable tool to support clinical decision-making.

Keywords: Immunotherapy, medical image segmentation, non-small cell lung cancer, machine learning, feature
engineering

Introduction from ICls, suggesting that the efficacy of ICls

in NSCLC is not universally predictable [5, 6].

Lung cancer is a prevalent malignancy
worldwide, with non-small cell lung cancer
(NSCLC) accounting for 80%-85% of all lung
cancer cases, making its treatment a critical
focus in the medical field [1, 2]. Studies
have demonstrated that immune checkpoint
inhibitors (ICls) significantly enhance the
objective response rate and prolong the
survival of lung cancer patients. As a result, PD-
L1 testing is clinically recommended for NSCLC
patients to identify those who may benefit
from immunotherapy [3, 4]. However, even
PD-L1-negative patients have shown benefits

Additionally, PD-L1 testing, being invasive,
is not universally suitable [7]. Therefore,
developing a model capable of accurately and
non-invasively predicting the efficacy of lung
cancer immunotherapy is crucial for optimizing
treatment strategies and improving patient
outcomes. The segmentation of lesion areas
and the selection of relevant features are
critical components of this process.

The U-Net network proposed by Ronneberger
et al. has been widely used in medical image
processing due to its superior performance and
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relatively low training sample requirements [8].
The U-Net++ proposed by Zong et al. enhanced
feature map connectivity across different
resolutions, enabling the capture of higher-
level features and improving segmentation
performance [9]. Chen et al. proposed the
Trans-U-net, which inputs features extracted
by a convolutional neural network encoder into
a transformer to model global relationships,
thereby enhancing the model’s contextual
understanding capabilities [10]. Cao et al.
proposed the Swin-U-net, which incorporates
a Hierarchical Self-Attention Mechanism and
Shifted Window technique to improve feature
extraction and processing efficiency [11].
While U-Net and U-Net++ are convolutional
neural network-based models known for their
lightweight parameters, they have limitations in
capturing global image structure and context.
In contrast, transformer architecture-based
models, such as Trans-U-Net and Swin-U-net,
utilize the transformer’s ability to capture global
information, making them particularly effective
in computing long-distance dependencies. This
enables more efficient feature learning and
detailed recovery.

He et al. established a model to predict the
outcome of ICls using radiomic biomarkers as
features, achieving an Area Under the Curve
(AUC) of 0.81 [12]. In another study, He et al.
classified the ICI outcomes in NSCLC patients
into disease progression and partial response
using CT image features, achieving AUC values
of 0.78 and 0.81, respectively [13]. Shen et
al. extracted ten texture feature sets to predict
efficacy, resulting in an AUC of 0.81 [14]. Gong
et al. combined 1,118 CT radiomic features
to predict ICI efficacy, achieving an AUC of
0.82 [15]. These studies demonstrate the
effectiveness of imaging data in predicting
treatment outcomes. However, they primarily
focused on medical image data from a single
time point, overlooking the temporal changes
in tumor characteristics. Additionally, these
studies did not incorporate patients’ biological
indicators. Combining imaging data with
biological and clinical indicators offers a more
comprehensive assessment of a patient’s
overall health.

This study presents an improved U-Net
segmentation model based on Efficient
Channel Attention (ECA) to accurately segment
the lesion regions of interest in CT images
[16]. The proposed prediction model combines
radiomic features from chest CT images and
biological indicator features collected from two
time points, before and after immunotherapy.
Feature dimensionality reduction and selection
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were performed using LDA and Pearson
algorithms, and a SVM was employed to
establish the prediction model [17-19].

Materials and methods
Materials

This study was approved by the Ethics
Committee of Shanghai Chest Hospital (Ethics
approval number: KS24074). The research
included 427 pairs of pre- and post-treatment
CT images and biological markers (12
biomarkers, including white blood cell count
and neutrophil count) from 103 NSCLC patients
[20, 21]. Lesions were annotated by two senior
radiologists, while treatment efficacy was
assessed by one senior radiologist and one
senior pulmonologist according to the RECIST
1.1 criteria. Efficacy was categorized into three
types: partial response, stable disease, and
progressive disease [22, 23].

Methods

The overall workflow of this study is illustrated
in Figure 1. The proposed segmentation model
was employed to segment lesions, followed by
extraction of various features from CT images.
Biological features were also collected from
clinical test reports of the patients. Feature
selection and dimensionality reduction were
then performed to identify the features
sensitive to predicting immunotherapy efficacy.
Finally, the processed features were input into
an SVM classifier to predict the immunotherapy
outcome for the patients.

Lesion segmentation model

An improved segmentation model, named
the Multi-Size Self-Attention model (MSSA)
is proposed in this study. The workflow is
illustrated in Figure 2. We employed a multi-
size self-attention learning module based on
the ECA module, which is embedded after every
two 3x3 convolutional layers in the encoder.
Additionally, a prompt-based cropping module
that uses the mouse-clicks as prior knowledge
was incorporated into the MSSA.

Multi-scale self-attention module

The multi-scale self-attention module employs
a two-layer structure. Initially, the original
feature map is divided into sub-feature maps,
each with half the original size. These sub-
feature maps are then processed using the
multi-head self-attention mechanism to
compute pixel-wise associations in both local
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'

Predicted
results

Feature Engineering

Figure 1. Overview of the prediction framework. The framework consists of three main modules: segmentation,
feature engineering, and prediction. The segmentation module segments the lesion regions of interest, which are
then input into PyRadiomics to extract radiomic features. These features undergo feature selection and
dimensionality reduction, which are combined with biological features for further dimensionality reduction.

Finally, the processed features are input into the SVM model.
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-
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Figure 2. The architecture of the proposed MSSA. Blue boxes correspond to a multi-channel feature maps;
Orange boxes refer to feature maps processed by the Multi-Size Self-Attention Learning Block; White boxes
represent copied feature maps; Arrows denote different operations.

and global regions. The resulting pixel features
are further processed by the ECA module,
which enhances key features by weighting
each channel. Afterward, the processed sub-
feature maps are concatenated back to their
original size, producing a weighted feature
map. This weighted feature map is then divided
into sub-feature maps, each with one-fourth
of the original size, and the aforementioned

Progress in Medical Devices

operations are repeated. This method is
particularly effective for lesion segmentation
in lung CT images, addressing issues such
as boundary blurring and feature extraction
difficulties, ultimately achieving more precise
segmentation. The diagram is shown in Figure
3.

The multi-head self-attention mechanism
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Figure 3. Schematic diagram of the multi-scale self-attention learning module (H, W, and C represent the
height, width, and channel dimensions of the feature map, respectively). The input feature map is divided into
2 sub-feature maps of half size and then sequentially fed into the multi-head self-attention module and Efficient
Channel Attention (ECA) module. Subsequently, the sub-feature maps are concatenated back to the original size.
Following this, the resulting feature map is further divided into 4 sub-feature maps of one-quarter size, and the

aforementioned process is repeated.

generates weight matrices , and based
on the similarity relationships between pixels
[24]. Then, the query matrix (Q), key matrix (K),
and value matrix (V) are obtained according to
Equation (1):

Q=W,-X
K=Wy-x (1)
V=W, -x

Thus, the mathematical expression of the self-
attention mechanism is:

ZN
i=1

QK
TV @)

Softmax (e;pISSE) exp (5}-)) -V,

=1

Where: N represents the maximum index value
within the matrix; Si denotes the similarity
between Q and K; Vi represents the value
indexed by i in V; and d is the dimension of Q
and K. Following the self-attention mechanism,
an ECA module is incorporated. The ECA
module utilizes a linear transformation
combined with global average pooling, offering
lower computational complexity compared to
other channel attention mechanisms. Figure
4 illustrates the corresponding schematic
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diagram:

First, global average pooling is applied to the
feature map, as shown in Equation (3):
1
GAP(U) = ——57—U; ;
) WxHE 3
Then, convolution operations are performed on
GAP(X) using a dynamic 1D convolutional kernel
of size k to learn the importance weights
between different channels. The definition of
the convolution kernel adaptive function and
weights wER1x1xC is as follows:

logz(C) + b
Y 4

k=y(C) = @

odd

w = Sigmoid (CIDL(GAP(V)))  (5)

Where, in Equation (4), k represents the
convolutional kernel size, |.|odd ensures
that & is an odd number, and y and b are
used to adjust the ratio between C and £ ;in
Equation (5), the vector w adjusts the attention
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Figure 4. Schematic diagram of the Efficient Channel Attention (ECA) mechanism. X represents the input
feature map. First, global average pooling (GAP) is performed, followed by a convolution using a 1D convolutional
kernel of size k. o denotes the Sigmoid activation function, represents element-wise multiplication, and is the
weighted feature map. The features of each channel are adjusted according to their importance.

weights of each channel, and the Sigmoid
function computes the activation values of the
1D convolution output. Finally, the generated
weights are applied to the original feature map
through element-wise multiplication, enhancing
important channels while suppressing less
important ones [25].

Prompt-based cropping module

In this module, a physician is required to
perform a single click at the center of the lesion
on any slice of the CT scan. The click point
serves as the center, for cropping the CT image
according to Equation (6), resizing the CT image
to (128, 128) pixels, as illustrated in Figure 4.
When processing 3D CT data, this interactive
point is propagated to other CT slices via
translation, allowing all CT slices to undergo the
cropping operation.

X1=X R
-T2
X2—X+R
o 2
Yl=Y R 6
= > (6)
Y2—Y+R
- 2

Img *= Img[X1:X2,Y1:Y2]

Here, (X, Y) represents the coordinates of the
interactive point provided by the physician, R is
the size of the desired ROI to be cropped, and
X1, X2, Y1, Y2 are the horizontal and vertical
coordinates after cropping. The brackets []
denote the slicing operation. To save labor,
the interactive points in the training set are
obtained based on the mask images.

Feature selection

Radiomic features were extracted from the
CT images using the PyRadiomics tool. These
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features were then matched with the patient’s
data and the timing of the CT examinations.
This resulted in a dataset of 427 pairs of 3D CT
images from the same patient before and after
treatment, comprising over 1,500 different
feature differences. Two feature selection
methods (Pearson and LASSO) were applied
to this dataset to identify the top 21 radiomic
features most relevant to treatment efficacy
[26-29]. Furthermore, these selected features
were combined with 12 biological features for
Principal Component Analysis (PCA) and LDA,
aiming to optimize the data representation [30,
31].

Outcome prediction

SVM was selected as the classification
prediction model due to its strong ability in
handling high-dimensional and nonlinear
data. By maximizing the margin and utilizing
kernel functions, SVM demonstrates excellent
generalization performance and robustness
against overfitting, making it widely used in the
medical field as well as other domains [32-34].

Experiments and results
Experimental configuration

All experiments were conducted on a system
equipped with an Intel i12-12700KF processor,
Nvidia RTX 3090 GPU, and 16 GB of memory.
The software configuration included Python
3.9 and PyTorch 1.8. The dataset was split into
training and testing sets in an 8:2 ratio. For
the segmentation model, stochastic gradient
descent was chosen as the optimizer, with a
batch size of 9, an initial learning rate of 0.001,
and a total of 100 iterations. The loss function
combined binary cross-entropy and Dice loss
(BCE-Dice-Loss). Due to the high computational
cost, b-fold cross-validation was employed
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Table 1. Comparison of Segmentation Performance of Various Models on the Test Set

Methods/ o o N
Evaluation Metrics ) 7 () oIS () alb=S
U-net* 78.92+1.52 85.58+1.31 86.26+1.52 2.35+0.51
U-net++* 78.52+1.12 85.21+1.46 86.34+1.23 2.85+0.56
Swin-U-net* 79.82+1.58 86.27+1.71 87.06+1.12 2.23+0.36
Trans-U-net* 79.12+1.62 85.63+1.43 86.45+1.01 2.09+0.41
MSSA 80.08+1.27 88.86+1.12 88.40+0.95 2.21+0.43
U-net* 79.85+1.34 87.92+1.01 87.85+1.82 2.33+0.53
Incorporation of U-net++* 79.23+1.29 87.12+1.89 87.26+1.43 2.62+0.51
Prompt-based Swin-U-net* 80.23+1.45 88.51+1.27 88.05+1.32 2.35+0.56
Cropping Module
Trans-U-net* 80.28+1.04 88.11+1.81 88.29+1.27 2.07+£0.58
MSSA 82.15+1.02 89.23+1.04 90.09+1.28 2.18+0.31

Note: * Indicates significant difference compared to MSSA model. loU, Intersection over Union; PPV, Positive

Predictive Value.

Table 2. Comparison of Segmentation Performance in Ablation Experiments for Different Models

Baseline Model Modulel Module2  IoU (%) PPV (%) Dice (%) Hd_95

\ 78.92+1.52 85.58+1.31 86.26+1.52 2.15+0.51
V V 80.08+1.27 88.86+1.12 88.40+0.95 2.86+0.31
y v 79.85+1.34 87.92+1.01 87.85+1.82 2.33+0.53
V V \ 82.15+1.02 89.23+1.04 90.09+1.28 2.18+0.43

Note: loU, Intersection over Union; PPV, Positive Predictive Value.

to evaluate segmentation performance,
balancing computational efficiency with
evaluation reliability. The classification model
SVM was trained and tested using the Scikit-
learn package in Python and its performance
was evaluated using 10-fold cross-validation,
providing fine-grained and robust evaluation
with relatively low computational burden [35].

Results
Lesion segmentation model

The upper part of Table 1 presents the
performance of various models on the lung
lesion segmentation task. The U-Net network,
serving as the baseline model, achieved a Dice
coefficient of 86.26%. The best-performing
comparison model was the Swin-U-Net, with
a Dice coefficient of 87.06%. Our proposed
method, MSSA, achieved an intersection over
union (loU) of 80.08%, positive predictive
value (PPV) of 88.86%, and Dice coefficient of
88.40%, outperforming all other models.

The lower part of Table 1 shows the
performance of each model after incorporating
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the prompt-based cropping module. All models
exhibited an improvement of over 1% in the dice
coefficient. Notably, the MSSA model achieved
an outstanding dice coefficient of 90.09%,
representing a performance improvement of
6.72% compared to the baseline U-Net model.

Ablation experiments of segmentation model

Table 2 presents a comparison of segmentation
performance for models derived from the
base U-Net network, incorporating different
combinations of two modules (Module 1: Multi-
scale Self-attention Learning Module and
Module 2: Prompt-based Cropping Module).
Incorporating the Multi-scale Self-attention
Learning Module improved the model’s loU,
PPV, and Dice coefficient by 1.45%, 3.83%
and 2.71%, respectively. Adding the Prompt-
based Cropping Module further enhanced
loU, PPV and Dice coefficient by 1.19%, 2.73%
and 1.84%, respectively. When both modules
were integrated, the model’s loU, PPV and Dice
coefficient are improved by 4.09%, 4.27% and
4.44%, respectively. These results validate that
the combined use of both modules significantly
enhances segmentation performance.
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E‘::;“re Eigg;zrmg AUC (%) Accuracy (%)  Sensitivity (%)  Specificity (%) PPV (%)
Lasso + PCA 49.41+822 51134320  35.32#2.79  42.32+125  33.68+17.59
Lasso + LDA 47.10+11.85  54.80+10.83 77.87+10.06 20.90+7.07  59.47+14.86
DA oearson +PCA 613111552 6124+10.60 4331:2121 755241320 56.01:14.22
Pearson +LDA 58.17+5.78  52.54+5.83 38464532  69.67+3.84  44.84+15.28
Lasso + PCA 67.53+13.87 60.17+7.91  38.49+13.96 81.40+8.57  60.49+17.29
Datap  LESSOTLDA  7826+10.27 69413001  80.12:897 60931672 68.90+16.39
Pearson +PCA 72.26+9.06  63.73+9.40  53.01+13.28 74.83+12.57 58.45+14.39
Pearson +LDA 78.97+9.39  69.04+7.09  62.24+t9.67  78.66+11.21 65.43:13.68
Lasso + PCA  74.44+523  66.93+6.96  52.00+14.67 78.37+6.89  63.27+11.17
Lasso + LDA 82.24+6.13  75.85+7.54  66.94+12.88 82.88+4.07  73.91+4.97
DAC  earson +PCA 81.83:628 75841871 663041427 8351:708 7523872
Pearson +LDA 85.63t9.67  77.60+9.93  73.524¢8.90  81.68+7.29  74.62+9.42

Note: PCA, Principal Component Analysis; LDA, Linear Discriminant Analysis; PPV, Positive Predictive Value.

Feature selection and outcome prediction

To evaluate the performance of the model, this
study employed three groups of data:

Data-A: Radiomic features derived solely from
the first period CT images of patients.

Data-B: Radiomic features from both the first
and second period CT images.

Data-C: Radiomic features from both periods
combined with biological features.

For each data group, two feature selection
methods (Pearson and LASSO) and two feature
dimensionality reduction methods (PCA and
LDA) were applied in various combinations.
The experimental results are shown in Table
3, with all prediction models using SVM for
classification. The optimal feature selection
scheme was identified as using Pearson
and LDA. The final results for specificity,
sensitivity, AUC, accuracy, and precision
reached 85.63%, 77.60%, 73.52%, 81.68%
and 74.62%, respectively. Notably, sensitivity,
AUC, and accuracy outperformed other feature
combinations.

Comparing Data-A and Data-B, experiments
based solely on radiomic features from pre-
and post-treatment CT images significantly
outperform those based on a single-period
CT image across all evaluation metrics.
This highlights the superiority of using
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multi-period CT images. When comparing
Data-B and Data-C, it was observed that
the combination of radiomic and biological
features consistently yielded better predictive
performance over radiomic features alone,
regardless of the feature engineering technique
used. This indicates that combining radiomic
and biological features provides a more
effective strategy for predicting the efficacy of
immunotherapy for lung cancer patients.

Ablation experiments on outcome prediction

Table 4 presents the comparison of
classification performance for models based on
the baseline SVM, using a dataset containing
radiomic features from two-period CT images
and biological features. Incorporating the
Pearson feature selection method improved
the model’s AUC and Accuracy by 62.62% and
27.96%, respectively. Adding the LDA feature
dimensionality reduction method resulted
in an improvement in AUC and accuracy by
64.52% and 23.43%, respectively. When both
methods are applied simultaneously, the
AUC and accuracy increased by 81.80% and
41.61%, respectively, demonstrating that the
incorporation of these feature engineering
techniques can significantly enhance
classification performance.

Discussion
This study proposes a method for predicting

the efficacy of immunotherapy in lung cancer,
leveraging pre- and post-treatment CT images.
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Table 4. Ablation Experiment Results for Outcome Prediction

Eﬂisde;'lne Pearson LDA  AUC (%) Accuracy (%)  Sensitivity (%) Specificity (%) PPV (%)

N 4710+11.85 54.80+10.83 77.87+10.06 20.90+7.07 59.47+14.86
N N 76.62+6.82  70.1245.46 63.42+10.72 75.92+7.98 66.18+9.45
N N 77.49+12.94 67.64+12.96 64.34+11.92 77.56+8.50 63.06+12.83
N \ v 85.63+9.67 77.60+9.93  73.52+8.90 81.68+7.29  74.62+9.42

Note: LDA, Linear Discriminant Analysis; AUC, Area under the curve; PPV, Positive Predictive Value.

It combines an improved U-Net segmentation
model, radiomic feature extraction, and
clinical biological indicators to achieve precise
predictions of immunotherapy outcomes for
NSCLC patients.

In terms of lesion segmentation, we introduced
a multi-scale self-attention learning module
based on ECA. This module enhances the
model’s ability to identify lesion areas by
performing self-attention computation and
channel weighting at multiple scales. The
experimental results show that the improved
MSSA model outperforms some existing
popular segmentation models across four
evaluation metrics, including the Dice
coefficient. Particularly, after integrating the
prompt-based cropping module, the Dice
coefficient reached 90.09%, significantly
improving the segmentation accuracy. This
improvement not only facilitates more precise
extraction of radiomic features from lesion
areas but also provides a reliable foundation
for subsequent efficacy predictions.

In constructing the predictive model, this
study incorporated data from pre- and post-
treatment CT images, along with relevant
clinical biological indicators. Using feature
engineering methods like Pearson correlation
analysis and LDA dimensionality reduction,
we selected the most relevant feature
combinations associated with treatment
efficacy. The experimental results showed that
models combining radiomic features from pre-
and post-treatment CT images and biological
features outperformed models relying solely
on single-period CT images or those without
biological features in terms of AUC, accuracy,
sensitivity and specificity. This suggests that
dynamic information on tumor changes during
treatment, coupled with the clinical state of
patients, plays a crucial role in predicting
treatment efficacy, thereby offering more
comprehensive and accurate predictive results.

Despite the achievements of this study, several

Progress in Medical Devices

limitations should be acknowledged. First, the
sample size is relatively small and primarily
drawn from a single center, which may limit the
generalizability of the model. Future studies
should validate and refine the model using
larger, multi-center datasets. Second, the
current research focuses predominantly on
NSCLC patients. The applicability of the model
to other types of lung cancer or its potential
for predicting immunotherapy efficacy in other
cancers remains to be explored.

Conclusion

This study proposes a method for predicting
the outcome of immunotherapy in lung cancer
patients based on pre- and post-treatment
CT images. By integrating the proposed
segmentation model, radiomic feature
extraction, and clinical biological indicators,
the method provides accurate predictions of
immunotherapy efficacy in NSCLC patients. The
proposed segmentation model outperforms
existing popular methods, providing an effective
solution for CT lesion segmentation in NSCLC.
The prediction model achieves specificity,
sensitivity, AUC, accuracy, and precision rates
of 85.63%, 77.60%, 73.52%, 81.68%, and
74.62%, respectively. These results provide new
insights into predicting immunotherapy efficacy
in NSCLC, enhancing the scientific basis for
medical decision-making. This method shows
strong potential for broad application in clinical
application, offering oncologists more precise
and effective diagnostic and treatment support.
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