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Highlights

* The effect of electrode-tissue contact force on the efficacy and safety of ablation of atrial fibrillation was reviewed
in detail.

* The existing contact force sensing catheters on the market are compared and introduced.

* Three impedance-related methods for assessing catheter adherence are introduced.

Abstract

Atrial fibrillation is a common cardiac arrhythmia with an annually increasing global prevalence. Ablation of atrial
fibrillation is @ minimally invasive procedure that treats atrial fibrillation by using a catheter to deliver radiofrequen-
cy energy to heart tissues generating abnormal electrical potentials. The success of this procedure relies signifi-
cantly on the adhesion between the catheter and the heart tissue, presenting a challenge in accurately assessing
the contact force (CF) during surgery. To improve the safety and success rate of surgery, researchers are commit-
ted to developing various methods to evaluate or detect catheter-tissue CF. Among these, some studies integrated
optical fibers or magnetic elements into the catheter tip to create CF sensing catheters that monitor CF in real
time; other studies used impedance measurement, electrical coupling index, local impedance and other methods
to evaluate the CF between the catheter and the tissue by measuring changes in electrical signals. These methods
have achieved certain success in clinical practice, offering new ways to improve the effectiveness and safety of

cardiac radiofrequency ablation surgery.
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Introduction

Atrial fibrillation (AF) is a common cardiac ar-
rhythmia typically caused by irregular electrical
signals generated by the two upper chambers
of the heart, causing erratic atrial contrac-
tions. This abnormal atrial activity affects the
pumping function of heart, and patients may
experience symptoms including palpitations,
shortness of breath, chest pain, fatigue, dizzi-
ness, and other symptoms. AF not only dimin-
ishes quality of life but also heightens the risk
of severe health problems, including stroke,
heart failure, and other arrhythmia diseases.
Globally, the incidence of AF is on the rise.
Data from the Framingham Heart Study indi-
cate a three-fold increase in the number of AF

patients worldwide over the past 50 years [1].
Research by Miyasaka et al. pointed out that
by 2050, the number of patients with AF in the
United States could increase to 15.9 million
[2]; Krijthe et al. pointed out that by 2060, the
number of patients with AF in European Union
countries could reach 17.9 million [3]. Asia, the
most densely populated region in the world,
might experience an even steeper increase, po-
tentially reaching 72 million AF cases by 2050,
with around 2.9 million of these patients suffer-
ing AF-related strokes [4]. Over time, the prob-
ability of AF progressing from initial paroxysmal
AF to long-term persistent or permanent AF is
as high as 15%, with rates increasing to 27-
36% over ten years of follow-up [5]. Numerous
factors contribute to the onset of AF. Age is the
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most important factor affecting AF. The preva-
lence of AF increases sharply after the age of
65, affecting about 5% of those over 65 [6]. In
addition, traditional influencing factors such as
diabetes and hypertension also paly roles, with
more than one-fifth of AF cases attributed to
hypertension and a small proportion to diabe-
tes [7]. Affected by modern life, some mental
sub-health states can lead to illness in young
people. For example, research by Rosman et al.
shows that post-traumatic stress disorder is as-
sociated with an increased risk of AF in young
people [8]. Some unhealthy lifestyles including
alcohol abuse, obesity, smoking, and obstruc-
tive sleep apnea also increase the incidence of
AF [9].

There are some commonly used methods to
treat AF, including medication, cardiac RF abla-
tion, cardiac ablation, electrical cardioversion
and pacemaker. Drug therapy is one of the
most common treatments for AF. Antiarrhythmic
drugs are usually used to maintain a normal
heart rate, while anticoagulant drugs help pre-
vent blood clots and reduce the risk of stroke.
Compared with other treatments, drug therapy
is simpler and carries lower risks, but long-term
use of drugs may lead to some drug resistance
and side effects. Defibrillation is a medical pro-
cedure in which doctors use an electric shock
to reset the heart’s electrical signals, restoring
a normal heart rhythm. While effective in quick-
ly normalizing heart rate, this treatment is not
a cure for AF and carries certain risks, espe-
cially for patients with other health issues. For
patients requiring long-term heart rate control,
a cardiac pacemaker is recommended. This
small device, implanted in the chest, primarily
adjusts heart rate by sending electrical signals
to the heart, effectively alleviating symptoms
of AF. However, it does not cure the underlying
condition. Cardiac ablation is a procedure that
involves destroying or removing heart tissue
causing AF, aiming to restore a normal heart
rhythm. This method has the potential to com-
pletely cure AF, but relatively high-risk due to
the open-chest surgical approach, which also
extends recovery time. RF catheter ablation,
including procedures like AF ablation and cath-
eter ablation, is a minimally invasive surgery
that utilizes catheters and RF energy to de-
stroy abnormal tissue in the heart atrium that
generates irregular electrical signals. This ap-
proach is suitable for patients with inadequate
responses or adverse reactions to medication.
Compared to drug therapy, this treatment meth-
od offers a more enduring effect, potentially
reduce dependence on medication, and may
also lower the stroke risk when combined with
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anticoagulant therapy. Compared to open-chest
surgical procedures like cardiac ablation, RF
catheter ablation has a more precise treatment
target and involves lower surgical risks. Studies
have shown that ablation, as a first-line treat-
ment for AF, can significantly reduce arrhythmia
recurrence, improve arrhythmia-related symp-
toms and improve patients’ quality of life, and
reduce the incidence of adverse reactions [10].

The incidence of AF is on the rise worldwide,
underscoring the important to improve both the
effectiveness and safety of AF surgery. AF abla-
tion, a procedure that uses radiofrequency (RF)
energy delivered via a catheter to treat affected
areas of the heart, relies heavily on the adhe-
sion between the catheter and heart tissue.
This article focuses on the relationship between
catheter-tissue adhesion and AF ablation, the
impact of catheter adhesion on AF ablation
outcomes, and the current characterization
of catheter-tissue contact. Research indicates
that contact force (CF) is the most intuitive
factor characterizing the degree of adhesion,
as appropriate CF can significantly improve
the effectiveness and safety of treatment. The
study of catheter-tissue contact methods can
be categorized into four main approaches: CF
sensing catheter, electrical coupling index (ECI),
electrode-tissue interface impedance (IR) and
local impedance (LI).

The relationship between catheter adhesion
and AF ablation

Cardiac RF ablation is a minimally invasive
medical procedure performed using a thin,
long, and unidirectional / bidirectional flexible
catheter with one or more electrodes at its
tip to record signals and deliver energy to tis-
sue. The catheter is inserted through a small
incision in the patient’s groin and navigated
through the femoral vein to the heart, where
the tip is positioned against the target tissue.
By releasing RF energy, the procedure aims to
destroy the tissue responsible for generating
abnormal electrical signals [11, 12]. While
cardiac RF ablation offers many advantages
compared with traditional thoracotomy and
drug treatment, it also presents unique chal-
lenges. This remote-controlled surgical opera-
tion mode makes it impossible for clinicians to
perceive the real force between the treatment
instrument and the tissue [13]. This loss of tac-
tile and kinesthetic feedback imposes certain
limitations: 1. Doctors may find it challenging to
accurately locate certain structures or evaluate
certain characteristics of tissues due to the
inability to palpate [14]; 2. It is hard to properly
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control of the applied force. Excessive force
may increase trauma or damage to surround-
ing healthy tissues, while insufficient force may
compromise the effectiveness of the treatment
[13]. Therefore, CF is crucial during cardiac RF
ablation.

To improve the safety and success rate of
surgery, many scholars have analyzed and
optimized cardiac RF ablation based on clini-
cal treatment and the results of some in vitro
experiments. Yokoyama et al. conducted ex-
periments using canine thigh muscles, and
confirmed that CF is the main determinant of
the effect of RF treatment [15]. With a fixed
RF power output, increasing the CF increases
leads to significantly higher tissue tempera-
ture and more thermal damage range, as well
as a higher probability of thrombus formation
and steam burst. Under the condition of 40 g
CF and 30 W RF output, the thermal damage
depth was greater than that at 10 g CF with
50 W RF output. Reddy et al. followed 34 pa-
tients with AF for 12 months and confirmed
that the CF between the catheter and tissue
affected the treatment results of RF ablation:
lower catheter-tissue CF can lead to a higher
AF recurrence rate [16]. When the average CF
during ablation was <10 g, the AF recurrence
rate was 100%. This rate reduced to 47% when
the average CF was between 10-20 g, and
further reduced to 20% when the average CF
exceeded 20 g. Shurrab et al. followed 1,428
adult patients for 10-53 weeks, comparing
those who used CF sensing catheters (n=552)
with those who used conventional catheters
during surgery [17]. The findings indicated that
patients undergoing surgery using CF sensing
catheters generally have lower recurrence rates
and shorter operative time. These catheters
also reduce the need for excessive reliance on
fluoroscopy during the procedure [17].

Moreover, the study suggested that the optimal
CF for cardiac RF ablation is approximately
1745 g, which balances the risks of recurrence
and complications such as cardiac tamponade
or effusion requiring intervention [17]. Nakaga-
wa et al. proposed that during the treatment
process, the RF output power can be controlled
according to the CF between the catheter tip
and the tissue to prevent steam bursts and im-
pedance rises that affect the effectiveness of
the treatment [18]. In their study, 18 patients
with symptomatic refractory paroxysmal AF
were treated with AF ablation using CF-con-
trolled RF output power. Settings were adjusted
based on CF: 35-45 W for <10 g, 25-34 W for
11-30 g, 15-24 W for 31-50 g, and 5-14 W for
>50 g. A transthoracic echocardiogram was
performed on the second day after surgery to
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rule out pericardial effusion and other com-
plications. As a result, no complications such
as pericardial effusion, cardiac tamponade, or
stroke were observed, except one case devel-
oped atrial tachycardia. There were no steam
bursts, rising impedance, or electrode eschar
during the treatment.

In summary, CF is a crucial indicator of the de-
gree of catheter-tissue contact during cardiac
RF ablation, directly impacting the procedure’s
effectiveness and safety. Conditions such as
steam explosion, impedance rise, and electrode
eschar that affect RF energy output will gradu-
ally increase as the CF increases. Appropriate
CF can reduce the recurrence rate of AF and
greatly improve the results of cardiac RF ab-
lation. Therefore, ongoing research is focused
on refining methods to characterize the cathe-
ter-tissue contact to further improve treatment
results.

Related studies characterizing catheter-tissue
contact

CF sensing catheter

CF measurement has a positive impact on op-
eration time and postoperative recurrence rate,
which has made CF sensing irrigation cathe-
ters widely used clinically in recent years [19].
Current electrodes for AF ablation catheters
include monopolar catheters (usually 3.5-4.0
mm), with or without a CF catheter; and mul-
tipolar catheters designed to encircle the pul-
monary veins to deliver RF energy to targeted
tissue areas [20]. Operating these catheters is
highly challenging, typically requiring the oper-
ator to control the catheter end effector on the
proximal handle by pushing, pulling, rotating,
and bending [21]. In view of the difficulty in per-
forming catheterization procedures, there have
been many studies on integrating tactile sen-
sors to the catheter tip. CF sensors in catheters
are mainly divided into optical fiber CF sensors
and magnetic CF sensors [22].

Common designs for fiber optic CF sensors in
catheters include intensity-modulated sensors
(sensing the CF by measuring changes in the
intensity of the optical signal), phase-modu-
lated sensors via Fabry-Perot interferometry
(the CF information is inferred by measuring
changes in the phase of the optical signal), and
a wavelength-modulated sensor with a fiber
Bragg grating (a fiber Bragg grating is a period-
ic structure that senses CF by modulating the
wavelength of light. When the abutment force
changes, the periodic structure of the grating
undergoes slight deformation, resulting in a
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Table 1. Comparison of five types of catheters

Catheter

Catheter name Brand Sensor type outer Forf:e mea- Deviation EIe.ctr.ode de-  Additional
. suring range scription features
diameter
Tacticath™ Quartz  Abbott Optical fiber 8F Unknown <3¢ Unknown Unknown

Acutus . )
AcQBlate®Force Medical Optical fiber 8F
ThermoCool Smart- Johnson&- Electromag- ]F
Touch® Johnson netic
Intellanav Sta- Boston Electromag- 75F
blepoint™ Scientific  netic '
ThermoCool Smart- Johnson&- Electromag- aF

Touch® SF Johnson netic

0-60 g <3g Gold electrode Rinse and cool
Embedded
0-60 g Unknown Six electrodes temperature
sensor
Local imped-
Unknown <5¢g Four electrodes ance combined
with CF
0-70 g <3g Six electrodes Rinse and cool

Note: CF, contact force; SF, surround flow.

change in wavelength, thereby enabling the
measurement of the abutment force). These
designs enable precise sensing of both axi-
al and lateral forces at the catheter tip [23].
Magnetic CF sensing catheters are usually
equipped with magnetic materials such as
magnets or magnetic alloys at the tip. These
magnetic elements generate an electric field,
while magnetic field sensor located at the prox-
imal end of the catheter detects changes in
the magnetic field generated by the catheter
tip. When the tip contacts tissue, the magnetic
field changes, allowing the system to calculate
the CF between the catheter and the tissue,
thereby enabling real-time monitoring of the CF
between the catheter tip and the tissue.

Tacticath™ Quartz (Abbott, Abbott Park, IL, USA)
and AcQBlate® Force (Biotronik, Berlin, Ger-
many), which are frequently used clinically, are
optical fiber CF sensing catheters. Tacticath™
Quartz uses the Fabry-Perot interferometry
method to measure how a flexible titanium
alloy structure deforms upon contact with
tissue, from which both the magnitude and
direction of the CF can be deduced [22, 24].
The AcQBlate® Force uses a fiber Bragg grating
wavelength-modulated sensor that changes its
length at the corresponding portion of the fiber
when the catheter tip contacts tissue [24]. Mag-
netic CF sensing catheters include ThermoCool
SmartTouch® (Biosense Webster, Diamond
Bar, CA, USA), Intellanav Stablepoint™ (Boston
Scientific, Marlborough, MA, USA), and Smart-
touch® SF (Johnson&Johnson, New Brunswick,
NJ, USA). The ThermoCool SmartTouch® is
a saline flush catheter with a magnet signal
transmitter at the distal end of the spring and
three magnetic position sensors near the spring
that measure the micro-deflection of the spring
to calculate the force magnitude and angle on
the tip electrode. The tip of Stablepoint™ is
equipped with a precision-machined spring with

Progress in Medical Devices

three inductive sensors made of ferromagnetic
cores and coils near the catheter tip. Contact
with tissue causes the coils to move inwards,
and the axial and transverse forces acting on
the tip can be calculated from Hooke’s law.
The tip of Smarttouch® SF is equipped with a
machined precision spring with three magnetic
sensors distributed in relatively close parts of
the catheter. The sensors detect changes in sig-
nal received by the sensor coil when the cathe-
ter tip encounters force, enabling calculation of
the force and direction based on Hooke’s law
[24-26]. CF-sensing catheters have been used
in clinical procedures, which can provide re-
al-time feedback of the force exerted between
the catheter tip and the myocardium, improving
the effectiveness and safety of complex abla-
tion procedures [26]. See Table 1 for details.

The CF between the catheter tip and tissue is
crucial to ablation surgery. In addition to CF
sensing catheters, researchers are also work-
ing on other characterization methods. Some
researchers have proposed that impedance
changes can be monitored to estimate the
physical contact between the catheter tip and
the tissue, as well as the effect of RF ablation
[27, 28]. Real-time changes in impedance
during ablation are a direct physical conse-
quence of actual lesion formation, and there-
fore, impedance serves as the only commercial-
ly available and clinically accessible indicator
that directly reflects real-time biophysical status
of the tissue during ablation [29].

The method of ECI

The method of assessing electrode-tissue con-
tact by measuring the LI between the catheter
tip and the tissue using a three-terminal cir-
cuit model was pioneered by Yokoyama et al.,
which has been tested in animal studies and
demonstrates the feasibility of evaluating the
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and ECI measurements were
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Figure 1. ECI three-terminal impedance measurement circuit model. ECI,

electrical coupling index.

degree of contact using LI measurements [15].
Based on this research, Piorkowski et al. em-
ployed the EnSite Contact™ system to measure
the complex impedance between the catheter
tip and the tissue [30]. They mathematically
combined the real and imaginary parts of the
collected impedance to obtain the ECI. Figure
1 shows the three-terminal circuit model used
by ECI. In a clinical application involving 12
patients undergoing RF ablation for AF, various
parameters such as electrocardiogram ampli-
tude, pacing threshold, and the impedance at
the catheter-tissue interface were concurrently
measured [30]. When the catheter touched
the tissue, the ECI changed significantly, from
(118+15) to (145+24). The average ECI differ-
ence between contact and non-contact sites
was (32.7+11.6) ECI units, and the ECI of vas-
cular tissue was significantly higher than that
of trabecular tissue and smooth myocardium.
This study not only confirmed the practicality of
measuring catheter LI at the catheter-tip tissue
interface during AF ablation, but also explored
the impact of patch location, operator, body
mass index (BMI), and type of AF on the ECI
calculation results [30].

An N-way analysis of variance showed that
these factors had no significant impact on ECI.
The research by Deno et al. indicated that the
ECI could convey information about the effec-
tive delivery of RF ablation energy to the tissue,
serving as a useful indicator for monitoring
the RF catheter ablation process for AF [31].
In their study, the researchers derived a fitting
formula for ECI based on pig experiments. They
compared ECI with clinical judgments, pacing
thresholds, electrogram amplitudes, ablation
lesion depth, and transmural effects, affirming
the specificity of catheter-tissue impedance
and ECI for assessing tip electrode-tissue con-
tact or coupling. Three-terminal impedance
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Skin patch electrode C

impedance in the experimen-
tal data compared to pacing
and electrophysiology system
yielded an impedance weight
of 5.1 times resistance. The re-
lationship between ECI, force,
and catheter position (distance and angle) was
validated in isolated bovine myocardium. Im-
pedance and ECI were found to be insensitive
to the surface and above distances until the
electrode tip was approximately 2 mm from the
impedance. In the range of 0-20 g, ECI changes
were nearly proportional to the applied force
and depth (an increase of 1.5 ECI units per
gram of force). The results indicate that the
catheter-tissue contact angle has no significant
impact on ECI outcomes.

The method of IR

ECI is determined by applying a small high-fre-
quency current between the catheter electrode
and the first skin patch, while simultaneously
measuring the voltage difference between this
electrode and another skin patch. This process
calculates the impedance, both resistance and
reactance, of the electrode-tissue contact, ul-
timately determining the ECI value. While ECI
provides reliable measurements within the left
atrium, it can erroneously indicate good con-
tact even when the electrode is floating within
the pulmonary veins, likely influenced by the
nearby high-impedance lung tissue. There-
fore, Van et al. proposed an improved method
for measuring the IR, as depicted in Figure 2
[32]. Unlike ECI, the IR method is suitable for
multi-electrode catheters. It involves applying
current between the target electrode and ad-
jacent electrodes, simultaneously measuring
the voltage between the target electrode and
the skin patch to calculate impedance. This
method concentrates the driving current in a
small area around the target electrode, effec-
tively avoiding the influence of distant tissues
on ECI measurements. Researchers compared
the IR method with ECI alongside CF sensing
catheters in both in vivo and in vitro pig exper-
iments. In vitro experiments used PVC pipes
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Figure 2. Comparison diagram of IR and ECI. (A) A schematic diagram of the principle of the IR method. It is nec-
essary to apply a current between the target electrode and the adjacent electrode, to measure the voltage be-
tween the target electrode and the skin patch electrode; (B) A schematic diagram of the principle of the ECI meth-
od. It is necessary to apply a current between the target electrode and the skin patch electrode, to measure the
voltage between the target electrode and another skin patch electrode. IR, electrode-tissue interface impedance;

ECI, electrical coupling index.

Figure 3. Schematic diagram of local electric field under the action of floating and contact with LI method. (A) A
schematic diagram of the electromagnetic field when the electrode is suspended; (B) A schematic diagram of the
electromagnetic field when the electrode is in contact with tissue. LI, local impedance.

to simulate high impedance at the distal end.
When the catheter was placed inside the pipe,
ECI and IR measurements increased by 32.2%
and 3.2%, respectively. IR demonstrated a sig-
nificantly lower sensitivity to distal impedance
compared to ECI. In the in vitro experiments,
ECI and IR were measured 237 and 288 times,
respectively, along with synchronous imped-
ance readings and CF sensor readings. The cor-
relation coefficient (R2) for the fitted power was
0.84, indicating a clear relationship between
impedance and force for both measurement
methods. The results from in vitro experiments
were further validated in in vivo experiments.
A total of 373 CF and IR measurements were
taken during in vivo experiments, showing a
significant correlation (P=0.64) between CF
and impedance increases. When the electrode
moved in vivo from the inferior vena cava to the
right atrium, the ECI value increased by 20%.
However, the IR value remained stable when
the catheter shifted between the right atrium,
inferior vena cava, or superior vena cava. These
data suggest that the IR method is convenient
for assessing the contact level between cir-
cular multi-pole ablation catheters and tissue
interfaces, and it is less susceptible to the influ-
ence of high-impedance tissues at a distance.
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The method of LI

To address the susceptibility of impedance
measurements to distant structures such as
muscles, lungs, and bones, Sulkin et al. pro-
posed the LI method, which eliminates the
need for skin surface patch electrodes [32-34].
This system is applicable to multi-electrode
catheters, where the catheter tip is equipped
with at least three microelectrodes. The LI
method employs a four-electrode impedance
measurement technique. A small current (5.0
MA, 14.5 KHz) is applied between the tip elec-
trode and the proximal electrode to generate
a local electric field. The microelectrodes and
the distal electrode can measure the potential
difference generated by nearby heart tissue or
high-resistance myocardial tissue contact. The
impedance is then calculated by dividing the
voltage by the applied current. The schematic
diagram in Figure 3 illustrates the local electric
field formed by the small current in the LI meth-
od during both floating and contact states. This
system rigorously tested through in vivo and in
vitro experiments. The results demonstrated
that the LI method can effectively distinguish
healthy myocardium from blood. Importantly,
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the measurements provided by LI method are
independent of catheter orientation and tissue
thickness. The LI method showed high sensitiv-
ity to tissues with different resistivities, allowing
for a clear differentiation between contact and
non-contact states between the catheter and
tissue.

Conclusion

Catheter ablation presents significant advan-
tages in treating AF; however, challenges per-
sist during the surgical process, particularly
in accurately assessing the degree of contact
between the catheter tip and the tissue. This
paper views various assessment of catheter
tip-tissue contact in AF ablation and introduces
existing methods for evaluating contact.

The assessment of contact between the cath-
eter and tissue is crucial in ablation surgery.
Appropriate CF can significantly enhance the
effectiveness of treatment and reduce recur-
rence rates. Conversely, excessive CF may
increase the risk of thrombus formation and
steam pops, while insufficient CF can lead to a
higher recurrence rate of AF. This paper primar-
ily delves into the in-depth study of evaluation
methods, including CF-sensing catheters and
LI, used in current research.

In clinical AF ablation surgeries, operators ma-
nipulate the catheter using techniques such
as pushing, pulling, rotating, and bending. To
improve surgical precision and ease the pro-
cedure for physicians, CF sensors are placed
at the catheter tip to monitor real-time CF be-
tween the catheter and tissue. The sensors em-
ployed in CF-sensing catheters, including fiber
optic sensors and magnetic CF sensors, such
as Tacticath™ Quartz, AcQBlate® Force, and
ThermoCool SmartTouch®, are widely used in
clinical treatments.

Additionally, three-terminal circuits were utilized
to collect LI between the catheter tip and tissue
for evaluating CF. The ECI method mentioned
in this paper uses a configuration with one
treatment electrode and two skin patch elec-
trodes to calculate impedance. The IR method,
developed to address the impact of high imped-
ance in pulmonary vein tissue on ECl measure-
ments, uses a configuration with two treatment
electrodes and one skin patch electrode to
calculate impedance. Some researchers found
that, apart from pulmonary vein tissue, oth-
er high-impedance tissues in the body, such
as bones and lungs, could potentially affect
contact assessment. To address this issue, re-
searchers proposed using a configuration with
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three intracardiac treatment electrodes to cal-
culate impedance in the LI method.

In summary, various methods for assessing
catheter-tissue contact can assist catheter op-
erators in performing AF ablation procedures
more easily and accurately. Future research
and technological developments will further
improve the accuracy of evaluations, allowing
these methods to gain broader applications in
clinical practice.
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Highlights

¢ Machine learning can enhance the individualization of treatment in Chinese massage.

¢ An intelligent system improves the efficiency of Traditional Chinese Medicine massage therapy.

¢ The integration of Traditional Chinese Medicine Massage Therapy with machine learning represents a new trend
in future healthcare.

Abstract

The growing demand for healthcare has brought Traditional Chinese Medicine (TCM) massage therapy into the
spotlight in academic circles. Numerous studies have underscored the effectiveness of TCM massage in health
promotion, disease amelioration, and quality of life enhancement. However, the field faces challenges such as
inconsistent training and inadequate transfer of experiential knowledge. Recently, machine learning has shown
potential in the medical field and its application in TCM massage therapy offers new developmental opportunities.
This paper reviews key research areas exploring the synergy between machine learning and Chinese massage
therapy, including acupoint localization and identification, massage practice, and personalized treatment plans.
It summarizes progress and identifies the challenges in integrating these technologies. Despite potential risks,
merging these technologies is poised to be a trend in future healthcare, driven by advances in computer technolo-
gy and the needs of TCM practitioners.

Keywords: Traditional Chinese medicine, machine learning, massage therapy

Introduction

With the increasing demand for healthcare
services, Traditional Chinese Medicine (TCM)
massage therapy is receiving heightened atten-
tion and recognition within academia. Research
and clinical practices have confirmed the
significant benefits of TCM massage in health
improvement, illness treatment, and life quality
enhancement [1-3]. These endeavors have es-
tablished a robust scientific foundation and pro-
vided insights into the therapeutic mechanisms

of TCM massage therapy. Despite these ad-
vances, the field still grapples with issues such
as inadequate knowledge transfer, inconsistent
training standards, and unclear criteria for ther-
apeutic outcomes, which impede further de-
velopment and adoption [4-6]. Additionally, the
high doctor-patient ratio increases the workload
of practitioners. Addressing these challenges
through modern engineering technology could
revolutionize TCM massage techniques, making
them more scientific and standardized. This
approach would enhance the effectiveness of
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massage therapy and facilitate the delivery of
superior healthcare services.

In recent years, the evolution of computer
technology, particularly in artificial intelligence
with a focus on machine learning, has become
a prominent subject within engineering and
technology disciplines [7]. Machine learning
involves computer systems that learn by an-
alyzing and recognizing patterns in datasets,
enabling predictions, decisions, or task execu-
tions based on this data. Characterized by au-
tomation, generalization, iterative optimization,
data-centricity, and adaptability, machine learn-
ing is rapidly expanding across various sectors
[1, 2, 8, 9l.

In healthcare, machine learning is increasingly
used for image recognition, recommendation
systems, and medical diagnostics, enhancing
the development of intelligent technologies.
Notably, the application of machine learning in
TCM has gained momentum in academia, with
significant publications emerging. For example,
Xu et al. developed a dynamic treatment strat-
egy for rectal cancer using a survival cost-sen-
sitive classification learning algorithm, which
demonstrated clinical effectiveness [10]. Chen
et al. utilized a Convolutional Neural Network
(CNN) for symptomatic text classification in
TCM, achieving accurate symptom categori-
zation [11]. Moreover, Yang et al. introduced
the “Zhongjing” large language model tailored
for Chinese medicine, refined through expert
feedback, marking a significant advancement
in language model applications within the field
[12].

The potential for integrating machine learning
with Chinese massage therapy (Tui-na) is fur-
ther highlighted by the increasing number of
academic publications over the past decade,
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as illustrated in Figure 1, derived from Google
Scholar searches using keywords “Chinese
massage therapy”, “machine learning”, and

“Chinese Tui-na”.

Despite the growing evidence supporting the
efficacy of machine learning in TCM massage
therapy, a comprehensive review of this integra-
tion is still lacking. This study aims to critically
evaluate the risks and benefits by analyzing ex-
isting literature, which will not only inform clini-
cal decisions but also inspire further research.

Application of machine learning in Chinese
massage therapy practice

TCM massage, a cornerstone of Chinese
medicine, plays an essential role in regulating
meridians, qi, and blood circulation, aiming to
prevent and treat diseases, promote health,
and restore bodily balance [13]. It employs a
theoretical framework that includes concepts
of qi, blood, meridian systems, and meridian
points. Following evidence-based TCM princi-
ples, massage techniques are tailored to the in-
dividual symptoms and physical characteristics
of patients. TCM massage is proven effective
in clinical settings for treating a range of condi-
tions such as musculoskeletal pain, neurologi-
cal disorders, respiratory issues, and circulatory
disorders [14-16].

The advent of machine learning has marked
significant advancements in traditional Chinese
massage therapy, enhancing the integration
of engineering technology with alternative
massage systems. Currently, the application of
machine learning for quantitative and objective
assessments of massage therapy outcomes is
expanding. Scholars globally focus on three pri-
mary areas where machine learning intersects
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with Chinese massage therapy:

* Automated acupoint localization and identifi-
cation: Machine learning is applied to automate
the identification and localization of human
acupoints through image processing and pat-
tern recognition. Advances in deep learning al-
gorithms, utilizing extensive acupoint datasets
for model training, have significantly improved
the precision and efficiency of acupoint posi-
tioning, enhancing the practice of TCM mas-
sage.

¢ Intelligent massage assistance system: In-
tegrating machine learning with intelligent
sensing technologies, this advanced system
provides real-time monitoring and guidance for
TCM massage. Analyzing the effects of mas-
sage therapy and patient feedback, the system
supports data-driven decisions, aiding practi-
tioners in their therapeutic approaches.

¢ Personalized massage treatment plan: Ma-
chine learning facilitates the creation of cus-
tomized treatment plans by integrating individ-
ual health data and physiological parameters.
This system adapts massage techniques and
procedures to the patient’s specific conditions
and feedback, enabling dynamic adjustments
for more accurate and effective treatments.

Application of machine learning to automated
acupoint localization and identification

Acupoints are integral to Chinese medicine,
facilitating the flow of qi and blood, alleviating
pain, and regulating internal organs, thus play-
ing a vital role in maintaining physical health
[17, 18]. Accurate identification and application
of acupoints are critical in massage therapy.
Traditionally, locating acupoints has relied on
the experience and expertise of practitioners,
a process that can be subjective and time-con-
suming [19]. In contrast, automated acupoint
localization and recognition using machine
learning presents an effective solution to over-
come these limitations.

A common strategy involves the use of vision
devices for image recognition, where machine
learning techniques, particularly deep learning
algorithms like CNN, are applied to automati-
cally recognize acupoint images. This automa-
tion enhances the accuracy and efficiency of
acupoint localization. Research has shown that
leveraging bony joint feature points significantly
improves acupoint localization [20, 21]. Some
studies use neural networks to capture human
joint data and apply proportional geometric
measurements to understand acupoint geomet-
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ric relationships, combining this with three-di-
mensional information for precise acupoint
positioning. These methods have achieved an
average localization accuracy of 2.36 cm and
real-time performance of up to 14 frames per
second, demonstrating adaptability across var-
ious body types, environments, and postures
[22].

Further increasing accuracy, Wang et al. em-
ployed an Artificial Neural Network for more
refined acupoint identification. Their approach
includes image preprocessing to segment the
region of interest on the sole, mapping the Foot
Acupoint Profile to the foot image to accurately
locate reference massage points [23]. Addition-
ally, Zhang et al. developed an integrated deep
confidence network that merges manually la-
beled and rule-matched data, reducing manual
effort in acupoint localization and enhancing
model accuracy [24].

There are also advancements in acupoint visu-
alization techniques. Zheng et al. explored an
Augmented Reality overlay method for facial vir-
tual acupoints, where real-time computed facial
acupoint coordinates are superimposed onto
the actual scene, providing physicians with an
intuitive means of locating acupoints [25].

Ongoing research continues to explore new
methods utilizing machine learning in acupoint
localization. One study applied temperature
specificity detection and edge detection algo-
rithms to automatically pinpoint major chest
organs and localize acupoints based on the
physiological structures of the chest and upper
limbs, achieving a localization accuracy over
90.12% [26]. Another innovative approach in-
volves the fusion of RGB and depth images in a
deep CNN to create a novel 3D acupoint local-
ization method, as outlined in Table 1 [27].

Application of machine learning to intelligent
massage assistance systems

Intelligent massage assistance systems com-
bine artificial intelligence technologies with
traditional massage expertise to analyze data,
recognize and classify massage techniques,
conduct personalized health data analyses,
and provide real-time monitoring and feedback.
These systems employ machine learning, deep
learning, and sensor technology to enhance
the accuracy, personalization, and efficiency of
traditional massage practices [28, 29]. They
assist practitioners in selecting appropriate
techniques, adjusting treatment plans, and
delivering more scientifically informed and ef-
ficient therapy, thus contributing to the preser-
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Table 1. Comparative analysis of techniques related to acupoint localization in traditional Chinese medicine

massage
Localization approach Machine learning models Advantages Weaknesses
Traditional machine learning BP neural networks Robustness Gradient vanishing prob-

[26,27]

Deep learning [20]
Machine learning based on
temperature specificity [24]

Deep learning based on RGB
recognition [25]

Support Vector Machine

Convolutional Neural Network 3D localization

lem, Overfitting problem

Convolutional Neural Network Strong generalization ability Data quality limitations

Leverage individual physio- Data acquisition com-
logical features plexity

Data quality limitations

Note: BP, Backpropagation; RGB, red-green-blue.

Data
preprocessing

Data collection

Data analysis

Model training

Continuous
improvement

Model optimization

Model deployment

Figure 2. General framework for creating an intelligent massage assistance system.

vation and advancement of traditional Chinese
massage technology [30].

A crucial component in developing these sys-
tems is the precise acquisition of massage
techniques. Zhu et al. developed a manipula-
tion acquisition system using tactile sensors,
employing CNNs, long short-term memory net-
works, and attention mechanisms to identify
massage techniques with a 100% classification
accuracy [31]. This system deviates from tradi-
tional methods that focus only on force distri-
bution across different hand regions of a practi-
tioner. Instead, it utilizes a triaxial force sensor
to detect the magnitude and direction of spatial
forces, crucial for quantifying forces in TCM
physiotherapy practices like massage. Support
Vector Regression is then applied to translate
strain signals into force components, allowing
for the continuous recognition of varied force
magnitudes and directions [32].

Beyond mechanical data analysis, Jia et al.
explored capturing real-time image feature
data of patients’ joints and gestures during au-
tonomous massage sessions [33]. They used
a CNN to calculate human postures, providing
real-time cues for autonomous massage and
improving the accuracy of massage procedures.

The overarching goal in developing intelligent
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massage assistance systems is to quantify and
evaluate TCM massage techniques. Li et al. cre-
ated a learning framework that combines deep
learning with variable impedance control tech-
nology [34]. This framework determines the
necessary impedance gain and angle for each
joint of a massage robot, enabling autonomous
decision-making during massage operations
[32]. Additionally, these systems often utilize
various physiological signals. For example, Long
et al. developed muscle fatigue state classifi-
ers using surface Electromyography signals to
assess massage effects, and Zheng et al. used
the circular Hough transform for iris segmen-
tation from periocular images, evaluating the
effectiveness of periocular massage [35, 36].

These advancements illustrate a shared pro-
cess in developing intelligent massage assis-
tance systems that leverage machine learning
technologies, as depicted in Figure 2.

Application of machine learning to personal-
ized massage treatment plans

TCM Personalized Massage Therapy tailors
treatments based on TCM theories and indi-
vidual requirements, emphasizing the creation
of customized regimens. These plans consider
the patient’s constitution, condition, symptoms,
and specific needs, incorporating TCM meridian
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Table 2. The currently accessible LLMs for TCM

Name Release Time Service Area Supported Languages Data Entry
MedChatzH [42] 2024 Medical guidance Chinese, English 764,000
HuaTuo [43] 2023 Comprehensive Diagnosis  English

Qibo [44] 2024 Corpus English

TCM-GPT [45] 2023 Comprehensive Diagnosis  English 7 billion
Zhongjing [12] 2024 Medical guidance English 70,000

Note: LLMs, large language models; TCM, traditional Chinese medicine; GPT, generative pre-trained transformer.

theory and diagnostic techniques such as ob-
servation, olfaction, inquiry, and pulse diagno-
sis [37].

Although research in this area is still emerging,
several scholars have applied machine learning
algorithms to personalize recommendations for
comprehensive treatment plans that include
massage and acupuncture. For instance, Sun et
al. utilized Support Vector Machine algorithms
to select clinical acupoints for treating function-
al constipation, with comparative experiments
showing a total effective rate of 96.56% in the
experimental group, significantly higher than
the control group’s 75.02% [38]. Chae et al. ex-
plored artificial intelligence methods to quantify
the target disease for each acupoint, aiming to
improve the specificity of acupoint indications
[39].

Additionally, Large Language Models (LLMs)
are increasingly recognized as a valuable tool
in this domain. LLMs, which use deep learning
to generate coherent natural language texts,
are particularly useful for providing insights and
recommendations on TCM diagnosis, treatment
strategies, medication, and disease prevention
[40]. However, there are currently no LLMs
specifically designed for TCM massage therapy,
indicating a gap in the application of this tech-
nology. This paper highlights the need for such
models and provides an overview of existing
LLMs in TCM, as summarized in Table 2 [41].

Key challenges in integrating machine learning
with TCM massage and innovative solutions

Key challenges
Data access and labeling issues

TCM massage encompasses a wealth of clin-
ical experience and theories, representing a
vast pool of unstructured knowledge passed
down through teaching and practice. This
knowledge, which includes a diverse range of
manual techniques, diagnostic methods, and
treatment concepts, often lacks the structured
data format crucial for analysis by machine
learning algorithms. The primary challenge lies
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in effectively using existing data to refine labels
for machine learning applications. Labeling in
machine learning refers to the assignment of
correct labels or categories to data for train-
ing and testing algorithmic models, a critical
process in supervised learning where models
rely on existing labels to make predictions and
classifications. The task of efficiently gathering,
organizing, and annotating massage movement
data to create suitable datasets for machine
learning applications requires the integration of
expert knowledge, modern technology, and ad-
vanced data processing methods. Addressing
this challenge is essential for integrating TCM
massage principles with machine learning, pro-
pelling the scientific and modern evolution of
TCM massage practices.

Model training and optimization issues

The diversity and variability inherent in TCM
massage contribute to differences in tech-
nigues among patients, conditions, and prac-
titioners. Constructing a model capable of
accommodating such diversity is a significant
challenge. The model must account for indi-
vidual variances and unique circumstances to
ensure the efficacy and safety of the therapy.
Numerous studies have focused on develop-
ing a versatile and adaptable massage model
through continuous exploration and optimiza-
tion efforts.

Clinical validation and credibility issues

Implementing machine learning techniques in
TCM massage necessitates clinical validation
to verify the therapeutic efficacy and safety of
the interventions. Clinical validation assesses
the model’s performance in real-world settings,
testing its adaptability and effectiveness across
different scenarios. Additionally, verifying the
model’s credibility is crucial to ensure the ac-
curacy and reliability of the results produced by
the machine learning algorithm. Through rigor-
ous clinical validation and credibility verification
processes, the effectiveness and safety of mas-
sage therapy can be guaranteed, advancing the
sustainable development and application of
machine learning technology within the realm
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of TCM massage.
Innovative solutions
Standardized TCM massage techniques

To create a standardized dataset for TCM mas-
sage, expert knowledge and practitioner experi-
ence have been extensively utilized. Numerous
studies aim to catalog massage actions, detail-
ing techniques, intensity, and targeted areas
[46, 47]. Advanced technologies such as deep
learning and computer vision are employed to
process images and videos of massage move-
ments, extracting key features and annotating
the data accordingly. Additionally, natural lan-
guage processing is applied to analyze TCM
massage-related literature semantically, further
refining and enhancing data annotation [31,
33]. Integrating these technologies facilitates
the systematization and standardization of TCM
massage knowledge, laying a solid foundation
for incorporating machine learning within the
field.

Selection of highly adaptive models

The integration of deep learning has emerged
as a prominent academic solution, enabling the
design of complex neural network structures
and extensive data training to meet diverse
massage needs. Transfer learning techniques
are also employed, allowing knowledge transfer
from one domain to another to enhance model
generalization and adaptability. Furthermore,
reinforcement learning is used to allow the
model to continuously optimize its strategies
through interaction with the environment, thus
adapting to varying massage requirements [24].
By leveraging these advanced methodologies,
a more intelligent and adaptive massage model
can be developed, enhancing the potential for
advancement and application in TCM massage
practices.

Building cooperation mechanisms

A collaborative mechanism is proposed to inte-
grate machine learning technology with clinical
practice, aligning with the health promotion
principles of the Healthy China Policy [48]. This
involves creating evidence-based experimental
protocols and evaluation criteria to validate
the effectiveness and safety of combining TCM
massage with machine learning models [49].
This collaborative approach aims to modern-
ize TCM massage, elevate therapy standards,
and support the overarching goal of promoting
health and well-being.
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Conclusion and outlook

Reflecting on the research findings and cur-
rent literature, integrating TCM massage with
machine learning technology holds significant
potential and promises notable advancements.
Machine learning introduces novel perspec-
tives and methods to TCM massage therapy,
enabling personalized treatment, efficient
diagnosis, and optimization of treatment strat-
egies. This technology facilitates the analysis
and collection of clinical data for practitioners,
identifies individual treatment factors, and
automates the generation of treatment plans.
Personalized treatment, a highlight of machine
learning, involves constructing models that
predict patient conditions and recommend
tailored treatment plans, thereby enhancing
the relevance and effectiveness of therapies.
Additionally, the digitization of traditional med-
icine represents a significant shift for TCM,
where databases created for machine learning
become valuable training and benchmark data,
supporting the inheritance and innovation of
TCM Tuina techniques.

However, the integration of machine learning
with TCM massage is not without risks. One
major concern is the potential for model misdi-
agnosis. Machine learning models, which make
predictions based on training data, may not be
perfectly adapted to every individual, leading
to incorrect diagnostic and treatment decisions
that could impact patient health. Additionally,
TCM practitioners require further training and
technical support to collaborate effectively
with engineers in dataset construction. Social
acceptance is another crucial factor, especially
for new health-related technologies, which of-
ten face public skepticism and distrust initially;
thus, increasing public acceptance of machine
learning technologies is essential.

In conclusion, integrating TCM massage with
machine learning involves various risks and
challenges that necessitate a comprehensive
consideration of technology, law, and ethics. It
requires gradual development and careful ap-
plication to achieve optimal clinical outcomes
while ensuring patient safety and therapeutic
efficacy. Enhanced collaboration between ac-
ademic institutions and healthcare facilities
is vital to advance the application of machine
learning in TCM massage, continuously improv-
ing the quality and efficacy of therapy.

Looking ahead, as machine learning tech-
nology further advances in the medical field,
the integration of TCM massage and machine
learning is expected to deepen and become
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more refined. Through collaborative efforts,
more comprehensive datasets and models can
be developed to better support and guide TCM
massage therapy. This collaborative approach
will also promote in-depth research and preser-
vation of TCM massage techniques, cultivate a
new generation of professionals skilled in both
medical practices and machine learning, and
inject new vitality into the evolution of mas-
sage therapy. Ultimately, this integration aims
to enhance the widespread adoption of TCM
massage in healthcare, offering safer and more
effective treatment options to a broader patient
base and benefiting the community as a whole.
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Highlights

¢ A V-shaped vascular clamp featuring a locking mechanism and transverse teeth has been developed.

* Comparative analysis of clamps with various inner diameters reveals optimal closure with specific configurations.
e The designed clamp presents superior stress-strain response, robust clamping force, and consistent corrosion
resistance.

Abstract

Purpose: This study investigates the effects of varying inner diameter of a vascular clamp made from an Mg-Nd-
Zn-Zr alloy on its functional performance. The primary objectives are to optimize the clamp’s structure, assess
its performance across different inner diameters, and ultimately determine the optimal configuration. Methods:
We developed a V-shaped vascular clamp equipped with a locking mechanism and transverse teeth. The study
involved comparing vascular clamps with various inner diameters (0.35 mm, 0.4 mm, 0.5 mm and 0.6 mm, denot-
ed as R0.35, RO.4, RO.5 and RO.6, respectively), achieved by modifying the clamp design. Finite element analysis
simulated the closure process of these clamps, both with and without blood vessels, to analyze stress and strain
distribution. Subsequently, we manufactured a clamp with the optimized design and conducted performance
evaluations, including a closing strength test and an in vitro immersion test. Results: Among the tested vascular
clamps, the RO.5 clamp demonstrated the lowest strain (0.50798) and minimal stress on blood vessels (0.7629
MPa). Notably, the RO.5 clamp remained intact during clamping fracture experiments and demonstrated a maxi-
mum closing force of 334.98+15.4 mmHg. Regarding corrosion resistance, the clamped position showed a higher
corrosion rate (0.179+0.00551 mg.cm?.day™) compared to the open clamp (0.161+0.00306 mg.cm?.day™). Con-
clusion: The RO.5 clamp demonstrated superior performance in finite element analysis, showing effective vascular
closure, strong clamping force, and uniform corrosion behavior. Overall, these results highlight its potential as an
effective tool for vascular closure.

Keywords: Degradable magnesium alloy, hemostatic clip laparoscopic, surgery structural design, finite element
analysis, corrosion behavior

Introduction

The vascular clamp, a pivotal advancement in
medical technology, plays an essential role in
surgical clamping and closing blood vessels,
and it can also serve as a tool for secure
attachment [1]. Currently, pure titanium (T) or
titanium alloy vascular clips are extensively
used in abdominal surgery, favored for
their high strength, excellent ductility, and

biocompatibility, which ensure secure and
complete vascular occlusion. However, the
use of titanium alloy clips can present certain
drawbacks.

A significant drawback of titanium alloys is
their slow degradation rate in the human body,
leading to permanent implantation. This can
potentially cause long-term allergic reactions [2,
3]. Moreover, the X-ray absorption coefficient of
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titanium alloys is substantially higher than that
of human tissues, posing risks of interference
with imaging exams and possible misdiagnoses.
Postoperative complications associated with
titanium clips include loosening, displacement,
and premature detachment. These problems
can lead to medical complications such as
biliary leakage or bleeding, requiring a second
surgery for clip removal [3].

In response to these challenges, the
development of biodegradable Lapro-Clips,
made from polymers, represents a significant
innovation. These clips naturally degrade and
are absorbed by the body after fulfilling their
hemostatic role, thereby eliminating the risks
associated with permanent clips. However,
these polymer clips have a significantly
lower strength compared to metal clips. To
compensate for their reduced elastic modulus
and strength while enhancing clamping
force, the size of Lapro-Clips needs to be
increased [4]. Additionally, the complexity of
their structure can hinder their widespread
application and implantation in the human
body.

Magnesium and its alloys increasingly
employed as biomedical metals in medical
devices such as bone nails, cardiovascular
stents, anastomosis nails, and vascular
clamps. Magnesium alloys are also renowned
as revolutionary metallic implant materials [5,
6]. Vascular clamps made from magnesium and
its alloys provide promising biodegradability,
biocompatibility, mechanical compatibility,
and safe and reliable clamping performance,
making them a low-cost and easy-to-use option,
potentially eliminating the need for secondary
operations [7].

Compared to traditional vascular clamp
materials, magnesium alloy stands out with
its lower density, higher specific strength and
stiffness, and an elastic modulus similar to
human bone [8-11]. However, due to the low
corrosion resistance of magnesium alloys,
apical cracks and excessive corrosion often
occur during the use, resulting in poor sealing
effects [12]. Additionally, the poor malleability
of magnesium alloy makes them prone to
deformation and excessive stress and strain,
resulting in the rupture of the vascular clamp
[13, 14].

To overcome these drawbacks, ongoing
research efforts aim to refine the properties of
magnesium alloy through innovative structural
designs and advanced processing techniques.
For example, Ikeo N et al. recently developed
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a Mg-Zn-Ca vascular clamp with improved
ductility via casting, extrusion, blanking, and
heat treatments [15]. Additionally, Ding et al.
designed a circular, “V” shaped clamp using
Mg-2Zn-0.2Ca and Mg-4Zn-0.2Ca materials,
specifically preventing fracture during the
clamping process [4].

Magnesium alloys are at the forefront of
research as promising implant materials,
with various alloys like AZ91, AZ31, WE43,
WE54, and the biodegradable Mg-Nd-Zn-Zr
being extensively studied [16]. Commercial
magnesium alloys like AZ31 and WE43 were
primarily designed for structural applications,
emphasizing mechanical properties such
as strength and toughness. However, when
used as degradable biomaterials, they exhibit
notable limitations. Furthermore, most AZ
series magnesium alloys contain aluminum (Al),
which, in physiological conditions, can act as
a neurotoxin, potentially leading to Alzheimer's
disease or muscle fiber damage [17, 18].

In physiological environments, the main issue
with magnesium and magnesium alloys is their
poor corrosion resistance, which may result
in insufficient mechanical performance of
implants during tissue healing, hindering their
clinical application [19]. In contrast, Mg-Nd-Zn-
Zr alloy (abbr. JDBM), designed specifically as a
degradable biomaterial, offers better corrosion
resistance and superior mechanical properties
and biocompatibility compared to commercial
alloys [20].

This research builds on prior studies, employing
finite element analysis to optimize the clamp’s
structure for effective blood vessel occlusion.
Subsequently, we employed a laser cutting
process to fabricate the clamp according to
the optimized design. We performed tests to
measure the clamping force and assess the
likelihood of clamp rupture. Additionally, we
conducted in vitro immersion tests to evaluate
the corrosion behavior of the magnesium alloy
vascular clamp in artificial plasma, enhancing
our understanding of the corrosion process
involved.

Materials and methods
Structural design and optimization

The magnesium alloy vascular clamp
studied here was meticulously represented
using SolidWorks, as shown in Figures 1A-
B, highlighting a 0.4 mm radius. Figure 1C
displays the clamp’s structural dimensions,
while Figure 1D shows the tooth profile
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Table 1. Size parameters of transverse tooth parameter

Tooth length Tooth height Tooth pitch
Transverse tooth parameter L1 (mm) L2 (mm) h (mm) p (mm)
0.1 0.2 0.1 0.1

Table 2. Mooney-Rivlin 5 Model Parameters

Input parameters

€10 = 1.89x10" Pa
€01 =2.75%10° Pa
C20 = 8.572x10" Pa
C11 = 5.9043x10° Pa

C02 =0 Pa

Mooney-Rivlin 5 model

Incompressible parameters D1 = 5x10° Pa™

| AR

Finite element simulation analysis

During blood vessel clamping,
the mechanical properties of
the vascular clamp undergo
changes. We employed the
finite element analysis software
ANSYS Workbench to assess the
stress and strain experienced
by the vascular clamp under two
conditions: non-blood vessel
closure and blood vessel closure.
Vascular clamps were fabricated
using Mg-Nd-Zn-Zr alloy. The chosen
intermediate venous segment had
an internal diameter of 2.5 mm, a
wall thickness of 0.25 mm, and a
length of 10 mm. The blood vessel

Figure 1. Modeling and structural dimensions of the designed vascular material was modeled using the
clamp. (A) Geometric model of the vascular clamp; (B) Lateral tooth Mooney-Rivlin 5 model with rubber-
details of the vascular clamp; (C) Schematic diagram of vascular clamp  |ike properties. The parameters of

and structure size; (D) Transverse tooth structure dimension diagram.

parameters: L2 is the lower tooth length and
L1 is the upper tooth length (L2=2L1); h is the
tooth height; and p is the tooth pitch. Detailed
parameters are provided in Table 1.

The clamp wall is intentionally designed with a
gradually increasing thickness from the end to
the top, effectively preventing breakage at the
top during clamp usage. The top of the clamp
is rounded and features a smaller opening,
making it easier for the clamp to snugly fit
against the blood vessel wall and clamp
the vessel. To enhance friction between the
clamp and the blood vessel wall and minimize
clamp slippage, small transverse teeth are
incorporated within the clamp design [21].
Additionally, a locking structure is introduced
at the upper end of the left arm of the vascular
clamp, improving its closure performance and
preventing potential shifting or detachment
during later stages of use.
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this model are detailed in Table 2.

In the simulation, the assembly model of the
magnesium alloy clamp and the blood vessel
was imported into ANSYS Workbench 19.2 for
finite element analysis and mesh generation.

Both blood vessel closure and non-blood
vessel closure simulation processes employed
hexahedral grids, with grid refinement applied
to regions prone to stress concentration. The
presence of transverse teeth led to non-uniform
and relatively sparse grid generation on the
transverse tooth cross-sections, necessitating
grid refinement on these two lateral surfaces
to achieve grid uniformity. The sweep method
was utilized for further optimization of the
vascular clamp grid, with the outer cross-
sections serving as source faces and the entire
vascular clamp as the target face. To ensure
convergence of the calculation for closing the
vascular clamp around the vessel, further grid
refinement of the vessel is necessary. The
transverse sections on both sides of the vessel
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Pressure Gauge

Syringe

T-tee Tube

Latex Tube /

Figure 2. Test device for mechanical properties. (A) Theoretical diagram of mechanical properties test device;
(B) Actual mechanical properties test device. Figure 2B is from the Research Center for Shanghai Institute for
Minimally Invasive Therapy, School of Health Science and Engineering, University of Shanghai for Science and

Technology.

Table 3. Simulated body fluids (artificial plasma) parameters

Reagent name Capacity(g/L)

NaCl 6.8

NaHCO, 2.2
Simulated body fluids (artificial KClI 0.4
plasma) Na,HPO, 0.126

CaCl, 0.2

MgSO0, 0.1

NaH,PO, 0.026

are selected for Face Meshing, which generated
mapped grids. The internal grid layers of the
selected faces were adjusted to refine the
grid count of the vessel. Meanwhile, mapped
grids, known for their precision, facilitate faster
solution speeds compared to free grids.

In finite element analysis, appropriate boundary
conditions were established to reflect the real-
world behavior of the vascular clamp during
the vessel clamping process. The model’s
boundary conditions included applying opposite
and moving displacements to the two arms of
the clamp and securing the outer arc surface
with Fixed Support to prevent shifting. To
handle simulated deformation and hyperelastic
material incorporation, the Large Deflection
switch was activated. Additionally, the Analysis
Settings were adjusted to include an automatic
load step with additional manual load steps
configured. To simulate blood vessel closure,
the cross-section of one side was stabilized
with Fix Support, and Nonlinear Adaptive
Region was used to address convergence
difficulties caused by blood vessel mesh
deformation.

Closing strength property

To simulate and test the mechanical properties
of the vascular clamp in vitro, we utilized a
testing device as illustrated in Figure 2A.

This device consists of a pressure gauge, a
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latex tube with an inner diameter of 2 mm
and an outer diameter of 4 mm, a T-tee tube,
and a syringe. The images of the mechanical
property testing device are depicted in Figure
2B. Here, the latex tube serves as a blood
vessel substitute. The T-tee tube facilitates
the connection between the pressure gauge
and the latex tube. One side of the latex tube
is clamped using the clamp to simulate the
closure of the blood vessel, while the other side
is connected to a syringe containing simulated
body fluid. Details of the simulated body fluid
are provided in Table 3.

The procedure begins by securing the left
side of the latex tube with the vascular clamp.
Next, simulated body fluid was then gradually
injected into the tube via the syringe. As the
clamp fails to fully occlude the latex tube, the
pressure gauge needle will move, indicating
leakage from the rubber tube. The maximum
pressure noted on the gauge at this point was
recorded. Finally, the experiment was repeated
thrice to calculate the average maximum
closing force exerted by the vascular clamp.

In vitro corrosion performance

The corrosion behavior and degradation
patterns of the magnesium alloy vascular
clamp were meticulously examined through an
in vitro immersion test using artificial plasma,
with parameters outlined in Table 3. Both open-
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Table 4. Comparison of tip deformation, maximum equivalent plastic strain and maximum stress of vascular

clamp with different inner diameters

Vascular clamp diameter

RO.35 RO.4 RO.5
Tip deformation (mm) 3.2398 3.2354 3.0889
Maximum equivalent plastic strain 0.51065 0.56558 0.49335
Maximum equivalent stress (MPa) 221.05 221.65 213.5

A B

1439
1.0794
0.71963
0.35981
0 Min

1.079
0.71934
0.35967

0.

0.16933 66.346 0.081068
0.11288 44.231 0.054323
0.056442 22115 0027579
0 Min 8.2059e-5 Min 0.00083434 Min

Figure 3. Mechanical simulation cloud image of vascular clamp (R0.35, R0.4, R0.5). (A-C) Deformation cloud
images of the clamps (R0.35, R0.4, R0O.5); (D) Equivalent plastic strain distribution of RO.5 clamp after vascular
closure; (E) Diagram of stress distribution of blood vessels clamped by RO.5 clamp; (F) Strain distribution of blood

vessels clamped by RO.5 clamp.

clamp and closed-latex tube clamps were tested
simultaneously.

The immersion test followed the ASTM-G31-72
standard. The ratio of artificial plasma volume
(ml) to the vascular clamp surface area (cm?)
was 1.8 ml/mm?. The solution was maintained
in a thermostatic water bath at 37+0.5 °C and
changed every 24 hours to simulate a dynamic
physiological environment. After soaking for
24 hours, the hydrogen gas produced from the
degradation of the magnesium alloy vascular
clamp was measured using an inverted scale
pipette.

The pH value of the solution after 24 hours of
immersion was measured using a pH meter.
After the designated period, the sample was
removed, rinsed, dried, and cleaned with a
standard chromic acid solution. The clamps
were then weighed. The difference in weight
before and after immersion represents the
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weight loss.

Three sets of parallel samples were taken
for each group. The corrosion rate (CR) of the
magnesium alloy vascular clamp in artificial
plasma was calculated using the formula:
CR=(8.76 x 104 x W) / (Ax T x D)

Where:

W (g) is the weight change of the clamp.

A (cm?) is the surface area of the clamp.

T (hours) is the immersion time.

D (g/cm?) is the density of the magnesium alloy.

Results

Mechanical simulation results and analysis
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Figure 4. The maximum equivalent plastic strain and the maximum equivalent stress of blood vessel with
different inner diameter clamp. (A) the finite element analysis results of three types of vascular clamps (R0.35,
RO.4, and RO.5); (B) the decreasing trends of maximum strain and stress in vessels with different clamp

diameters (R0.35, R0.4, R0O.5, RO.6).

This section presents the results of finite
element simulation aimed at elucidating the
impact of various inner diameters on vascular
occlusion in the absence of blood vessels. As
detailed in Table 4, a key finding is the inverse
relationship between the inner diameter of the
vascular clamp and the maximum equivalent
plastic strain. Specifically, the strain reached
its lowest, 0.49335, at an inner diameter of
0.5 mm, indicating the most favorable outcome
among the tested diameters.

Among the three inner diameters, the R0.4
vascular clamp exhibited the highest maximum
equivalent stress at 221.65 MPa. Conversely,
the R0O.5 vascular clamp demonstrated a
slightly lower maximum stress of 213.5 MPa,
representing a 3.68% reduction compared to
the R0O.4 vascular clamp. The differences in tip
deformation across the three vascular clamps
were relatively minor, yet the R0.35 clamp
exhibitsed more deformation, whereas the R0.5
clamp showed the least.

Based on these results, it can be concluded
that the RO.5 scheme is optimal for minimizing
tip deformation, achieving the lowest maximum
plastic strain, and generating the smallest
maximum equivalent stress.

Figures 3A-C illustrate the deformation cloud
images of the vascular clamps for blood vessels
with different inner diameters (R0.35, R0.4,
RO.5). Notably, the tip deformation across all
three clamp sizes was consistent, approximately
3.2 mm. These images clearly demonstrate
the clamps’ effective closure mechanism,
highlighting their ability to completely occlude
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blood vessels without leaving any gaps, thus
meeting surgical requirements.

Figure 3D displays the distribution of equivalent
plastic strain in the RO.5 vascular clamp after
vessel closure. The maximum plastic strain
occurred at the inner arc of the top section
of the clamp, aligning with the area of the
highest stress concentration. Examining the
stress distribution cloud diagram in Figure 3E,
the maximum stress recorded is 199.04 MPa.
Figure 3F presents the strain cloud diagram
of a blood vessel closed by the RO.5 clamp,
showcasing the maximum strain of 0.24153
experienced by the blood vessel. Despite the
inevitable local stress concentration after the
vessel clamping, a well-designed structure
can minimize stress within the blood vessels,
achieving the smallest maximum plastic
strain of the vascular clamp and reducing the
maximum equivalent stress on the particular
blood vessel segment.

Figure 4A presents the finite element analysis
results of three types of vascular clamps: R0.35,
RO.4, and R0O.5. The maximum equivalent
plastic strain was 0.54551 for the R0.4 clamp,
0.5279 for the R0.35 clamp, and 0.50798 for
the RO.5 clamp, with RO.5 clamp exhibiting
the lowest strain. As the inner diameter of the
vascular clamp increases, the maximum strain
gradually decreases. The maximum stress was
3.1388 MPa for the R0.35 clamp, 1.9215 MPa
for the RO.4 clamp, and 0.7629 MPa for the
RO.5 clamp, representing a 75.7% decrease
from the R0.35 clamp and a 54.9% decrease
from the RO.4 clamp, indicating superior
performance.
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Figure 5. Mechanical simulation cloud image of RO.

C

B 0.36986 Max
0.32877
0.28768
0.24659

0.20551

0.16442
0.12333
0.082243
0.041155
6.71152-5 Min

6 vascular clamp. (A) Deformation cloud image of the R0O.6

clamp; (B) Stress distribution cloud map of the clamp; (C) Stress distribution diagram of blood vessels clamped by

RO.6.

Table 5. Maximum closing force of magnesium alloy

vascular clamp.

R0O.5 magnesium alloy vascular clamp

Sample 1
Sample 2
Sample 3
Mean pressure (kPa)/ (mmHg)

43 kPa
46 kPa
45 kPa
44.66+2.05 kPa / 334.98+15.4 mmHg

Figure 4B illustrates the decreasing trends
of maximum strain and stress in vessels
with increased clamp diameters. However,
subsequent analysis with the inclusion of the
RO.6 clamp closure reveals that although it
further reduces stress and strain, it fails to
meet the requirements for vessel closure
performance due to its inability to fully close the
vessels.

The finite element simulation results clearly
demonstrate the superior performance of the
RO.5 vascular clamp over its counterparts with
smaller inner diameters. To rigorously assess
the structural efficacy of the RO.5 clamp, the
study introduces the RO.6 vascular clamp,
featuring an increased internal diameter.
Vascular clamping simulations were conducted
using blood vessels, and the outcomes are
presented in Figure 5.

The results indicate that, despite the smaller
strain after blood vessel closure (0.46138) and
lower stress on blood vessels (0.36986 MPa)
exhibited by the R0O.6 clamp compared to the
RO.5 clamp (strain: 0.50798, stress: 0.7629
MPa), there are noticeable shortcomings. The
tip deformation of the RO.6 clamp (3.4571)
exceeded that of the RO.5 clamp (3.237).
Moreover, during the vascular clamping
simulation, it was observed that there were
significant gaps between the two arms of
the clamp, resulting in incomplete closure
of the blood vessels. This phenomenon
hinders effective hemostasis and may
lead to postoperative bleeding, ultimately
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compromising the success of the procedure.
Consequently, the structural optimality of the
RO.5 clamp is re-affirmed.

Test result of closure strength

The experimental results on closure strength
are presented in Table 5. The average pressure
of the RO.5 magnesium alloy vascular clamp
was measured to be 44.66+2.05 kPa,
corresponding to 334.98+15.4 mmHg. Normal
systolic blood pressure in humans ranges from
90-140 mmHg, while individuals with grade
Il hypertension typically have a systolic blood
pressure of around 180 mmHg (24 kPa), which
is considerably lower than the pressure gauge
reading of 300 mmHg. Therefore, it can be
inferred that the maximum average pressure
value (334.98+15.4 mmHg) measured by
the experiment for the vascular clamp during
actual closure exceeds the normal blood
pressure range for humans and even surpasses
the systolic blood pressure of hypertensive
individuals, indicating a notable capacity to
tolerate high pressures.

In vitro corrosion performance

The corrosion characteristics of Mg-Nd-Zn-Zr
vascular clamps were investigated through in
vitro immersion tests, assessing both hydrogen
evolution and pH value measurements. Figure
6A illustrates the daily hydrogen evolution
volume of Mg-Nd-Zn-Zr vascular clamps
immersed in artificial plasma, indicating a
volume below 0.3 ml/cm?. Over the 10-day
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Figure 6. Results of in vitro immersion tests for magnesium alloy vascular clamp. (A) Daily hydrogen evolution
of RO.5 vascular clamp in artificial plasma solution; (B) PH value of artificial plasma for the immersion of R0.5
magnesium alloy vascular clamp; (C) Corrosion rate of magnesium alloy vascular clamp.

experimental period, the closed clamp exhibited
a higher average hydrogen evolution sum
(1.63+0.1539 ml/cm?) compared to the open
clamp (1.58+0.1334 ml/cm?), as demonstrated
by experimental data analysis.

Figure 6B depicts the pH dynamics of the
artificial plasma over the immersion time
for the Mg-Nd-Zn-Zr vascular clamp. It is
evident from Figure 6C that within the initial
24 hours of immersion, the pH value of the
of the immersion medium for Mg-Nd-Zn-Zr
vascular clamp increased rapidly from 7.4
to approximately 8.9. Subsequently, the pH
changes gradually leveled off, stabilizing around
8.9 after the second day of immersion.

The corrosion rate of the Mg-Nd-Zn-Zr vascular
clamp was determined using weight loss
experiments, and the corresponding bar graph
is displayed in Figure 6C. The average corrosion
rate for the closed magnesium alloy vascular
clamp was calculated as 0.179+0.00551
mgcm>day”, while the average corrosion rate
for the open magnesium alloy vascular clamp
was 0.161+0.00306 mg-cm™day ™. These
results align with the corrosion rate derived
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from weight loss, indicating a higher corrosion
rate for the closed vascular clamp compared to
the open vascular clamp in the artificial plasma
solution.

Discussion

Laparoscopic surgery often encounters
challenges related to bleeding and the need
for timely hemostasis. The development of
the vascular clamp represents a significant
advancement in medical hemostatic tools.
Traditional hemostatic tools, such as surgical
sutures and anastomosis nails, have their
limitations. Sutures may not always provide
reliable hemostasis or secure closure [22].
Anastomosis nails, on the other hand, often
require multiple nails, which may increase the
risk of blood leakage [23]. In comparison, the
vascular clamp is smaller and more flexible,
making it particularly advantageous for
application in narrow tissue depths and areas
that are challenging to access with standard
hemostatic clamps. The vascular clamp offers
improved maneuverability and precision
in achieving effective hemostasis during
laparoscopic surgery.
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Previous studies on magnesium alloy vascular
clamps primarily focused on the material’s
biodegradability and biocompatibility, while
our design also emphasizes its mechanical
reliability and ease of use [24]. The introduction
of a locking mechanism to the upper end of the
clamp’s left arm is an essential improvement,
addressing the issue of clamp displacement
and detachment that was prevalent in earlier
designs [25]. This feature ensures a more
secure and stable closure, reducing the risk of
post-surgical complications.

In laparoscopic surgery, the circular inner
diameter opening at the top of the vascular
clamp is pivotal in successfully closing blood
vessels. The optimal size of this opening is
crucial as it ensures a snug fit against the
vessel wall, thereby facilitating a successful
closure. However, it is also necessary to
consider the structural integrity of the clamp
[26].

A smaller diameter often results in a tighter
curvature at the bend between the clamp’s
arms, leading to significant change in thickness
across these components. This leads to a
phenomenon called stress concentration,
where the maximum stress in a localized area
is much higher than the average stress the
structure endures. Stress concentration can
cause fracture in brittle materials and even
induce fatigue cracks in ductile materials [27].

The top inner part of the vascular clamp is
particularly susceptible to stress concentration
due to the sudden change in shape during
the clamping action. Therefore, optimizing
the design of this area is a key focus of this
research. We aim to find a balance between
minimizing the circular inner diameter opening
for efficient vessel closure and ensuring
structural integrity to avoid stress concentration
and potential fractures.

Based on the existing design of vascular clamp,
we propose an optimized design by changing
the inner diameter of the bottom side of the
clamp. In addition to the existing vascular
clamp of 0.4 mm, two other inner diameters
were designed, 0.5 mm and 0.35 mm. The
stress and strain conditions of the three inner
diameters were compared to select the best
structure of the vascular clamp. At the same
time, the optimal performance of the vascular
clamp was verified by further increasing the
inner diameter of the vascular clamp.

One of the primary objectives of the vascular
clamp design is to ensure complete closure of
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the blood vessel, thus guaranteeing its safety
and stability. Through finite element simulations,
our study has shown that the vascular clamp
with an inner diameter of 0.5 mm exhibits
the most favorable stress-strain performance
during complete blood vessel closure. It has
been demonstrated that clamps with larger
inner diameters possess superior stress-strain
characteristics during complete closure of the
blood vessel. We observed that as the inner
diameter increases, the stress concentration
at the bend of the vascular clamp gradually
diminishes, leading to a gradual reduction in
stress strain. However, at an inner diameter of
0.6 mm, the contact area between the blood
vessel and the clamp decreases, preventing
the clamp from adequately fitting the blood
vessel. Consequently, an inner diameter of 0.6
mm fails to meet the practical requirements for
closing blood vessels effectively during clinical
surgeries.

Conclusion

Based on the findings from two sets of
simulation analyses comparing vascular clamps
with varying inner diameters, the vascular
clamp with an inner diameter of 0.5 mm
demonstrated the most favorable mechanical
properties among the three variations tested.
Subsequently, an optimized Mg-Nd-Zn-Zr alloy
vascular clamp was fabricated using a laser
cutting method.

In the gripping force test experiment, the RO.5
vascular clamp exhibited a maximum closing
force of 334.98+15.4mmHg, surpassing
both the normal blood pressure value of the
human body and the systolic blood pressure
value of the hypertensive group (180 mmHg).
This indicates that the clamp possesses
strong gripping capability. Moreover, corrosion
rate analysis revealed that the closed clamp
(0.179+0.00551 mg.cm™.day™) exhibited a
slightly faster corrosion rate compared to the
open clamp (0.161+0.00306 mg.cm™.day™).

Consequently, the newly developed Mg-Nd-
Zn-Zr alloy vascular clamp holds significant
promise as an effective instrument for closing
blood vessels during laparoscopic surgery.

There are several limitations to our study
that should be acknowledged. Firstly, the
accuracy of our results may be influenced by
the assumptions and simplifications inherent in
the simulation model. Moreover, the simulation
analysis was conducted solely under static
conditions, whereas the mechanical behavior
of the vascular clamp in real-life situations is
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influenced by additional factors, such as blood
flow.

Further investigation into the biodegradability,
a critical attribute for reducing long-term
complications, are recommended. Conducting
animal experiments to examine the corrosion
behavior of the degradable magnesium
alloy vascular clamp within the body could
help simulate real surgical scenarios more
accurately. Such studies would ideally include
evaluations of the vascular clamp’s impact
through blood biochemical analysis and
histological examinations, further validating its
clinical applicability and safety.
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Highlights

¢ The study evaluated five machine learning algorithms in analyzing urinary non-formed components. Among them,
the Random Forests model demonstrated the highest accuracy, precision, recall, and F1 score, suggesting its
effectiveness in analyzing urinary non-formed components.

* A technological innovation is introduced for home urinalysis, offering the potential to enhance medical efficiency
and patient experience.

Abstract

Objective: Machine learning can automatically extract valuable insights from vast datasets, predict and classify
diseases, and evaluate drug efficacy. To assess the effectiveness of machine learning algorithms in analyzing non-
formed components in urine, real medical data were processed and annotated. Methods: Five models, including
K-Nearest Neighbors, Decision Trees, Random Forests, Support Vector Machines, and Gaussian distributions,
were constructed to quantitatively analyze 12 non-formed urine components, such as vitamin C, white blood cells,
and urinary bilirubin. The efficacy of these models was then compared. Results: It was found that the Random
Forest model outperformed others, achieving the lowest mean squared error, high recall rate, accuracy, and area
under the curve. Conclusions: These findings indicate that machine learning offers significant potential for study-
ing non-formed urine components, potentially enhancing the precision and effectiveness of disease detection and
providing valuable support for clinical decision-making.

Keywords: Home urine component analysis, machine learning models, quantitative results

Introduction
The medical industry has extensively leveraged

Urine composition analysis is a widely utilized
medical diagnostic technique that accurately
reflects various physiological characteristics,
such as bilirubin, protein, and glucose levels [1].
Beyond its application in diagnosing and moni-
toring diseases of the kidneys and urinary tract,
urine dry chemical analysis is crucial for as-
sessing individual health, drug usage, auxiliary
diagnosis, and monitoring occupational diseas-
es. It also plays a significant role in diagnosing
conditions affecting other organs. However,
traditional urine analysis often proves costly
and impractical for home use due to the need
for specific tools and laboratory settings [2].

machine learning, particularly in areas such as
wearable sensors, medicinal chemistry, brain
and cancer research, and medical imaging. The
unique strength of machine learning algorithms
lies in their ability to analyze large datasets to
uncover patterns, elucidate underlying phe-
nomena, and identify correlations, which can
significantly aid medical professionals in better
understanding and diagnosing patients [3].
For many diseases, machine learning-based
approaches have shown potential to enhance
the performance, accuracy, predictability, and
reliability of diagnostic systems.

Address correspondence to: Rongguo Yan, School of Health Sciences and Engineering, University of
Shanghai for Science and Technology, No.516 Jungong Road, Shanghai 200093, China. E-mail: yan-
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Figure 1. URIT 12-pads Test strips (A) and its color charts (B).

The field of urine analysis and related domains
offer a broad array of applications for machine
learning. Technological advancements in color
recognition, sensor technology, and related
fields have significantly enhanced the analy-
sis of urine components. Moreover, research
efforts aimed at improving user experience,
portability, and the development of intelligent
analytical systems hold potential to make urine
detection technology more practical and widely
applicable [4-6].

This study processed and annotated real med-
ical data to develop models based on K-Near-
est Neighbors (KNN), Decision Trees, Random
Forests, Support Vector Machines (SVM), and
Gaussian distributions. These models were
used for the quantitative analysis of 12 non-
formed components in urine, including vitamin
C, white blood cells, urobilinogen, etc. The pri-
mary objective was to investigate the efficacy
of machine learning algorithms in analyzing
urinary non-formed components. Additionally,
the study compared the recognition capabilities
of the five models.
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Material and methods
Principles of urine dry chemistry test

Urine analysis using the dry-chemistry strip
method is the most prevalent detection tech-
nique, as depicted in Figure 1. In this method,
a urine sample is directly applied to a dry test
strip [7, 8]. The water content of the urine acts
as the solvent, causing specific elements in the
urine to chemically react with materials in the
test strip pad, resulting in a color change. Dark-
er shades indicate higher concentrations of the
tested components, establishing a correlation
between color intensity and component con-
centration [9]. Quantitative analysis of these
non-formed components was conducted by
comparing the color-changed test strip with a
urine analysis color chart, as illustrated in Fig-
ure 2. The simplicity and rapidity of dry chem-
istry urine analysis make it a favored option for
home use, as well as in clinics and other medi-
cal settings.

Principles of machine learning algorithm
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Figure 2. Comparison of the results of different Machine Learning algorithm. SVM, Support Vector Machines;
KNN, K-Nearest Neighbors; AUC, Area Under the Curve; MSE, Mean Squared Error.

KNN

The KNN technique is a widely employed meth-
od for both regression and classification tasks.
Central to KNN is the premise that a sample is
likely to belong to a certain class if the majority
of its KNN in the feature space are members of
that same class [10].

The KNN algorithm operates through several
steps. Initially, it constructs a feature space
model using labeled training examples. Then,
it identifies the k training samples closest to
the new, unlabeled sample within this feature
space. Based on the labels of these k neigh-
bors, the algorithm predicts the classification or
regression outcome for the new sample [11].

The KNN algorithm is valued for its simplicity
and ease of understanding, along with its ef-
fectiveness in handling non-linear problems.
However, it has some drawbacks, particularly
when applied to large datasets. The algorithm
is sensitive to noise and outliers in the feature
space, which can adversely affect its accuracy.
Additionally, it is computationally demanding,
as it involves calculating the distance between
samples for each query, which increases the
computational complexity.

Decision tree

A popular method for constructing decision
trees is known as Classification and Regression
Trees. This approach uses a greedy algorithm

to split data at each node, aiming to maximize
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information gain or minimize Gini impurity [12].
The algorithm continues to divide the data into
two subsets until a stopping condition is met,
such as reaching the maximum tree depth or
having only a minimal number of samples at a
node. The result of this process is a binary tree
structure, where each leaf node represents a
class label or prediction value, and each inter-
nal node corresponds to a feature.

Classification and Regression Trees algorithms
are highly effective due to their ability to handle
both numerical and categorical data, and they
provide a straightforward method for visualizing
and interpreting the correlations between fea-
tures and outcomes. However, they are prone
to overfitting. This issue can be mitigated with
techniques such as pruning, which helps to
simplify the model and improve its generaliz-
ability by removing sections of the tree that pro-
vide little predictive power.

Svm

SVM is a robust supervised learning method
effectively used for both binary and multi-
class classification challenges. Based on the
principles of the perceptron model, SVM seeks
to find a line (in two-dimensional space) or a
hyperplane (in three-dimensional or higher-di-
mensional spaces) that optimally separates
data points of different classes [13]. The ideal
hyperplane is the one that maximizes the mar-
gin between these classes, with the most sig-
nificant data points, known as support vectors,
defining this decision boundary.
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For multi-class classification tasks, SVM can
be implemented using two primary approach-
es: the “one-versus-rest” (also known as “one-
versus-all”) and the “one-versus-one” (also
referred to as “pairwise”) methods [14, 15]. In
the “one-versus-rest” approach, an SVM model
is trained for each class, where the specific
class is treated as the positive class and all
others are combined into a negative class. This
requires training multiple SVM models—one for
each class. On the other hand, the “one-versus-
one” method involves training an SVM model
for every possible pair of classes, resulting in
n(n-1)/2 models for n classes. To ascertain the
final classification, a voting or scoring mecha-
nism is used, where the class that receives the
highest score from the SVM models is selected.

In this study, we utilized 8,036 sets of color
data from urinalysis multi-test strips to train
an SVM-based color classification algorithm
employing the “one-versus-rest” approach. We
designated 1,004 sets of color data for testing
and an additional 1,004 sets for validation of
the method. The polynomial kernel function
was chosen for the SVM model to optimize the
classification process.

Random forest

Random Forest is an ensemble learning tech-
nique that constructs multiple decision trees
and aggregates their predictions through vot-
ing or averaging. Each tree is developed using
bootstrap samples from the original dataset, in-
volving random sampling with replacement [16].
Additionally, during the construction of each
tree, a random subset of features is selected
for node splitting. This means that each node
decision is made based on a limited subset of
features, rather than the entire feature set. This
strategy not only increases the diversity among
the trees but also helps reduce overfitting,
thereby enhancing the robustness and overall
performance of the model. Random Forest is
particularly effective for both classification and
regression tasks, capable of managing high-di-
mensional data and providing valuable insights
into feature importance [17, 18].

Gaussian naive bayes

Gaussian Naive Bayes is a specialized form of
the Naive Bayes classifier designed to handle
continuous data, assuming that the distribution
of features follows a Gaussian (normal) distri-
bution. This forms part of the broader Naive
Bayes algorithmic framework, which posits that
each feature is independent given the class
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label [19, 20]. Although this independence as-
sumption may not always align with real-world
data complexities, it simplifies the computation-
al process significantly. Despite its simplicity,
Gaussian Naive Bayes can perform effectively
across a variety of practical applications.

Analysis of urinary non-formed components
based on machine learning algorithms

Data collection

In this study, the standard urine poly-reagent
band was photographed, and its color was ex-
tracted using a smartphone. Due to the limited
amount of standard data available, the color
data of the collected standard urine poly-re-
agent band was expanded using the interpola-
tion method, resulting in a comprehensive stan-
dard color dataset consisting of 1908 entries.
Additionally, actual urine color information from
935 patients was obtained from the hospital to
further enhance the model’s functionality.

Data cleaning

In the data cleaning process, several key steps
need to be considered:

¢ Handling Missing Values: Various techniques
can be employed to address missing values, de-
pending on the rate of missing data and its sig-
nificance. These techniques include eliminating
fields, imputing missing values, or recollecting
data [21]. Approaches for filling in missing infor-
mation can utilize the mean, median, quantiles,
mode, random values, interpolation, and other
methods. Additionally, business knowledge or
experience can guide this process. Virtual vari-
ables that map to high-dimensional space can
also be introduced, or a model for missing data
prediction can be constructed.

e Format and Content Processing: Ensuring
the correctness and integrity of data formats
and content is crucial for data processing. This
involves transforming, purifying, and standard-
izing the data in an appropriate manner to facil-
itate further analysis and modeling.

¢ Duplicate Data Removal: Removing redundant
entries helps prevent their influence on the
model. This can be achieved by identifying and
eliminating duplicate data from the dataset
through the comparison of content or record
identifiers.

¢ Noise Data Handling: Anomalous or errone-

ous data points are referred to as noise data.
An excessive amount of noisy data can hinder
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the model’s ability to generalize, while an ap-
propriate amount of noise data can help avoid
overfitting. When working with noisy data, it is
important to assess the situation and handle
noise in data by data cleaning, outlier detec-
tion, and smoothing.

Feature extraction

This study selected 11 features, including
brightness, contrast, saturation, color distance
etc., and performed feature extraction on the
dataset [22-25]. Some of the formulas used

are as follows:

brightness = R_FG% [€))

Relative brightness:

1=0.2126 *R+0.7152 *G+0.0722 *B  (2)

12=02126+0.7152+0.0722 A3)
I11+0.05
contrast = (@)
12+0.05
turation = ———
saturation RiBiG )

Xis the maximum value among R, G, and B.

R
color temperature = E(B #0) ©

color distance =/(1-R)* +(1-G)*+(1-B)> (D

Labeling

The data were labeled based on the detection
outcomes corresponding to the input data us-
ing Arabic numerals to ensure compliance with
the required data format for machine learning
model training. The correlation between the
label numbers and the respective detection
outcomes was recorded for future reference.

Training, validation, and testing sets

This study employed a random sampling ap-
proach to allocate the data into training, valida-
tion, and testing sets. Specifically, 80% of the
data are designated as training samples, 10%
as validation samples, and the remaining 10%
as test samples.

Results

Assessment methods

Seven metrics were calculated using the valida-
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tion set to assess the models’ performance:

* Area Under the Curve (AUC): The accuracy of
the classifier in multi-class classification issues
was indicated by the area under the ROC curve.
Higher AUC values indicate greater classifier
performance [26].

» Accuracy: The ratio of the number of samples
correctly predicted by the model to the total
number of samples. The accuracy was calculat-
ed as follows [271]:

TP+TN
Accuracy = 3
TP+ FP+TN+ FN

The number of positive examples that the mod-
el correctly predicted is represented by TP (True
Positive), the number of negative examples that
the model correctly predicted is represented
by TN (True Negative), the number of negative
examples that the model incorrectly predicted
as positive examples is represented by FP (False
Positive), and the number of positive examples
that the model incorrectly predicted as negative
examples is represented by FN (False Nega-
tive).

e Mean Squared Error (MSE): The average of
the squared differences between the model’s
predictions and the true values [28].

¢ Confusion Matrix: A matrix used to evaluate
the accuracy of a classification model, contain-
ing the metrics of TP, TN, FP, and FN [29].

» Recall Rate (R): The proportion of positive ex-
amples correctly predicted by the model among
all positive examples. The Recall Rate was cal-
culated as follows [30]:

TP

R=—— (9
TP+ FN

* Precision Rate (P): The proportion of true pos-
itive examples among all samples predicted as
positive by the model. The Precision Rate was
calculated as follows [31]:

P= (10)
TP + FP

* F1 Score: The harmonic average of the recall
rate R and the precision rate P, providing a
weighted average that combines the accuracy
of the model. The F1 Score was calculated as
follows [32, 33]:
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Table 1. Results of different Machine Learning algorithms

AUC Accuracy Recall Precision F1 MSE

SVM 0.91 0.82 0.38 0.86 0.37 0.83

KNN 0.87 0.80 0.56 0.72 0.57 0.65

Decision Tree 0.82 0.87 0.66 0.73 0.68 0.47
Random Forest 0.92 0.89 0.55 0.80 0.63 0.22
Naive Bayes 0.86 0.81 0.53 0.72 0.56 1.36
Note: SVM, Support Vector Machines; KNN, K-Nearest Neighbors; AUC, Area Under the Curve; MSE, Mean Squared

Error.
Gaussian Naive Bayes models have lower F1
scores of 0.57 and 0.56, respectively. The SVM
Fl_ I%xPxR model has the lowest F1 score of 0.37.

P+R (11 « MSE: The Random Forest model has the
lowest MSE of 0.22, indicating the best per-
formance. The Decision Tree and KNN models

Discussion have MSEs of 0.47 and 0.65, respectively,

Comparative Analysis of Results

The performance of the five Machine Learning
algorithms employed in this study are com-
pared based on the results presented in Table
1.

¢ AUC: The Random Forest and SVM models
exhibit superior AUC scores of 0.92 and 0.91,
respectively, outperforming the KNN and
Gaussian Naive Bayes models, which scored
0.87 and 0.86, respectively. The Decision Tree
model has the lowest AUC score of 0.82.

¢ Accuracy Rate: The Random Forest model
achieves the highest accuracy of 0.89, followed
by the Decision Tree and SVM models with 0.87
and 0.82 accuracy, respectively. The Gaussian
Naive Bayes and KNN models have lower accu-
racy rates, both around 0.80.

¢ Recall Rate: The Decision Tree model has the
highest recall rate of 0.66, followed by the KNN
and Random Forest models with 0.56 and 0.55,
respectively. The Gaussian Naive Bayes and
SVM models have recall rates of 0.53 and 0.38,
respectively.

¢ Precision Rate: The SVM model attains the
highest precision score of 0.86, followed by the
Decision Tree and Random Forest models with
0.80 and 0.73, respectively. The Gaussian Na-
ive Bayes and KNN models have relatively lower
precision scores, both around 0.72.

e F1 Score: The Decision Tree and Random
Forest models demonstrate better F1 scores of
0.68 and 0.63, respectively, while the KNN and
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while the SVM and Gaussian Naive Bayes mod-
els have higher MSEs of 0.83 and 1.36, respec-
tively.

Error analysis of the test results

The Random Forest model exhibited the stron-
gest performance on the validation set, achiev-
ing high accuracy and reliability in detecting
non-formed components in urine samples. This
success can be attributed to the model’s ability
to handle complex relationships within the data
and reduce variance through ensemble learn-
ing techniques [34].

The SVM model demonstrated good precision
and AUC scores but had relatively lower recall
and accuracy. This could be due to the sensitiv-
ity of SVM performance to the choice of kernel
function and the optimization of hyperparam-
eters, which can be challenging when dealing
with nonlinear data [35].

The KNN model performed comparably to the
SVM model, but offered a slight advantage in
terms of recall and F1 Score. The number of
neighbors and the distance measure used in
the KNN algorithm can significantly influence
its performance, depending on the characteris-
tics of the dataset [36].

The Decision Tree model outperformed the
Random Forest and SVM models in terms of
recall and F1 Score, while also demonstrating
favorable accuracy and MSE. The performance
of the Decision Tree model can be influenced
by factors such as feature selection and the
presence of noise in the dataset [37].
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The Gaussian Naive Bayes model showed the
poorest performance, particularly in terms of
recall and precision. This can be attributed to
the model’s underlying assumption of feature
independence, which may not hold true for the
complex relationships present in the urine data
[38].

Conclusions

To summarize the findings, in conjunction with
the insights from Figure 2, the following conclu-
sions can be drawn:

¢ The Random Forest model demonstrated dis-
tinct advantages in terms of prediction perfor-
mance and generalization capacity. It achieved
the best results across several key metrics, in-
cluding AUC, accuracy, and MSE, indicating its
strong overall predictive ability.

¢ The Decision Tree model exhibited strong per-
formance in terms of recall rate and F1 score,
suggesting that it is particularly effective at
capturing and leveraging important information
within the data.

¢« The SVM model achieved the highest preci-
sion among the tested algorithms. However, it
performed relatively poorly in terms of recall
and F1 score, indicating that further parameter
tuning and optimization may be necessary to
enhance its overall effectiveness.

¢ While the Gaussian Naive Bayes and KNN
models did not demonstrate exceptional per-
formance, they exhibited relatively steady and
consistent results across a range of evaluation
metrics.

¢ These observed differences in model perfor-
mance can be primarily attributed to the vary-
ing adaptability of the different algorithms to
the specific characteristics and complexity of
the data.

Author Contributions: Yifei Bai performed data
acquisition, processing, analysis and model
building and wrote the manuscript. Yifei Bai,
Rongguo Yan, Yuqing Yang, and Chengang Mao
made substantial contributions to data analysis
and manuscript preparation.

References
[4] Yan RG, Wei RF, Shen JK, et al. Research prog-
ress on color determination methods of re-

agent strips in routine urinalysis. Int J Biomed
Eng 2019;42:532-536.

Progress in Medical Devices

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

[12]

[13]

(14]

[15]

(16]

(17]

(18]

Ryan D, Robards K, Prenzler PD, et al. Recent
and potential developments in the analysis of
urine: a review. Anal Chim Acta 2011;684(1-
2):8-20.

Shehab M, Abualigah L, Shambour Q, et al.
Machine learning in medical applications: A
review of state-of-the-art methods. Comput
Biol Med 2022;145:105458.

Wang JW. Design of a portable urine analyzer.
Chongging University 2020.

Wang F. Research and design of urine ana-
lyzer based on color sensor. Jilin University
2014.

Liu G, Hu N, Ma Z, et al. A portable ana-
lyzer based on a novel optical structure
for urine dry-chemistry analysis. J Instrum
2018;13(07):T07002.

Cui LS. Research on intelligent analysis sys-
tem for home urine detection. Southeast Uni-
versity 2022.

Li XY. Clinical value of combined use of urine
dry chemistry test method and urine sediment
test method for routine urine testing. Chin
Mod Drug Appl 2019;13(15):78-80.

Li YY, Yan GR, Qiu XY, et al. Application of FIA
algorithm in urine component detection. Soft-
ware 2018;39(06):40-45.

Liu XN, Wang K, Wang CD, et al. Research on
identification of college students with difficul-
ties based on KNN algorithm. Electron. Com-
pon Inf Technol 2023;7(08):88-92.

Jawthari M, Stoffova V. Predicting students’
academic performance using a modified kNN
algorithm. Pollack Periodica 2021;16(3):20-
26.

Ju MX, Zhou YX, Tang WN, et al. CART Decision
Tree power consumption anomaly detection
method based on data imbalance. Jilin Electr
Power 2024;52(01):53-56.

Li ZT. Development history and application
of Support Vector Machines. Inf Syst Eng
2024;(03):124-126.

Xu JH. An extended one-versus-rest support
vector machine for multi-label classification.
Neurocomputing 2011;74(17):3114-3124.
Guo RN. Ceramic raw material component
identification based on Support Vector Ma-
chine. Sci Technol Innovation 2024;(02):32-
35.

Guo ZY, Lao ZK, Chen YF, et al. Application
of Random Forest algorithm in prediction
of droplet diameter in electrospray printing.
Mech Des Manuf 2024;(03):153-157.

Liu HX, Li X, Ding JG, et al. Strip thickness
prediction based on Random Forest feature
selection and genetic algorithm optimization.
Steel Rolling 1-16.

Tin Kam H, Hull JJ, Srihari SN. Decision com-
bination in multiple classifier systems. IEEE
Trans Pattern Anal Mach Intell 1994;16(1):66-

122



[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

Progress in Medical Devices 2024; 2 (3): 116-123. PMD24040281

75.

Wang SH, Gao R, Du RJ. Dependency ex-
tension of naive Bayesian classifiers based
on Gaussian kernel function. Control Decis
2015;30(12):2280-2284.

Bao QQ, Sun CR. An improved naive Bayes
method applied to intelligent triage. Mod Hosp
2024;24(03):424-427.

Li JF, Zhang JY, Li LK, et al. Discussion on pro-
cessing methods of missing values in clinical
trials. J Peking Union Med Coll 1-15.

Shi KW. Neural basis of color brightness at
different time frequencies. Shanghai Universi-
ty of Sport 2023.

Chen LP, Zhou H, Zhang NY, et al. Color image
segmentation method based on improved
convex hull and color contrast. J Hebei Uniy,
Nat Sci Ed 2018;38(05):543-548.

Ibraheem NA, Hasan MM, Khan RZ, et al. Un-
derstanding Color Models: A Review. ARPN J
Sci Technol 2012.

Guo JJ, Li QW, Cheng HL, et al. Tree image
segmentation algorithm based on Lab color
distance and GMM. Inf Technol 2016;(02):1-
4+9.

Liu BW, Bu 'Y, Zou DH, et al. An improved tooth
color classification model based on residual
network. Software Eng 2024;27(03):52-57.
Liu JQ, Zhong SH, Li SZ, et al. patite source
rock identification method based on Machine
Learning. Geotectonics Miner 1-14.

Liu AL. Research on obesity level estimation
based on Machine Learning. Shaoxing Univer-
sity 2023.

Jin M. Research on pig behavior identification
and classification methods based on Machine
Learning. Shaoxing University of Arts and Sci-
ences 2021.

Zhang DS. Image classification algorithm

Progress in Medical Devices

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

based on parameterized quantum circuits
and Machine Learning. Nanchang University
2023.

Hu T, Wu MT, Hu W, et al. Classification pre-
diction of fly ash activity based on Machine
Learning. J. Cent South Univ (Sci Technol)
2023;54(10):3829-3839.

Huang KL. Research on voice fraud-related
behavior based on Machine Learning. Univer-
sity of International Business and Economics
2017.

Wang ZG, Zhang HY, Miao DQ. Automatic
selection method of non-maximum suppres-
sion threshold based on F1 valu. J Intell Syst
2020;15(05):1006-1012.

Cheng L, Chen XW, De Vos J, et al. Applying
a random forest method approach to model
travel mode choice behavior. Travel Behav Soc
2019;14:1-10.

Azadeh A, Saberi M, Kazem A, et al. A flexible
algorithm for fault diagnosis in a centrifugal
pump with corrupted data and noise based
on ANN and support vector machine with
hyper-parameters optimization. Applied Soft
Computing 2013;13(3):1478-1485.

Abu Alfeilat HA, Hassanat ABA, Lasassmeh O,
et al. Effects of Distance Measure Choice on
K-Nearest Neighbor Classifier Performance: A
Review. Big Data 2019;7(4):221-248.
Galathiya A, Ganatra A, Bhensdadia C. Im-
proved Decision Tree Induction Algorithm with
Feature Selection, Cross Validation, Model
Complexity and Reduced Error Pruning. Int
J Comput Sci Inf Technol 2012;3(2):3427-
3431.

Khalid H, Khan A, Zahid Khan M, et al. Ma-
chine Learning Hybrid Model for the Predic-
tion of Chronic Kidney Disease. Comput Intell
Neurosci 2023;2023:9266889.

123



Progress in Medical Devices
ISSN: 2957-5478

Research Article https://doi.org/10.61189/568091unpkqk

Construction and comparative analysis of an early
screening prediction model for fatty liver in elderly
patients based on machine learning

Xiaolei Cai'’, Qi Sun®’, Cen Qiu*’, Zhenyu Xie*, Jiahao He?, Mengting Tu®, Xinran Zhang®, Yang Liu®,
Zhaojun Tan®, Yutong Xie?, Xixuan He', Yujing Ren®, Chunhong Xue', Sigi Wang®, Linrong Yuan?,
Miao Yu?, Xuelin Cheng®, Xiaopan Li*, Sunfang Jiang®, Huirong Zhu*

Tanggiao Community Health Service Center, Shanghai 200127, China. *Shanghai University of Medicine and
Health Sciences, Shanghai 201318, China. *Shanghai DianJi University, Shanghai 201306, China. *Health Man-

agement Center, Zhongshan Hospital Affiliated to Fudan University, Shanghai 200032, China.
*The authors contribute equally.

Corresponding authors: Sunfang Jiang and Huirong Zhu.
Acknowledgement: None.
Declaration of conflict of interest: None.

Declaration of Ethics: This article does not contain any studies with human participants or animals performed by
any of the authors. Ethical approval for this study was obtained from Tanggiao Community Health Service Center.

Received May 11, 2024; Accepted July 16, 2024; Published September 30, 2024

Highlights

¢ This study collected three years of physical examination data from older adults in the Tanggiao community of
Shanghai, which is more regionally representative.

¢ The most suitable model for this study was selected from six machine learning models to construct a fatty liver
risk prediction model for the elderly.

* This study combines six feature selection algorithms with varying performance to screen the features most rele
vant to fatty liver.

Abstract

Objective: To construct a prediction model for fatty liver disease (FLD) among elderly residents in community using
machine learning (ML) algorithms and evaluate its effectiveness. Methods: The physical examination data of 4989
elderly people (aged over 60 years) in a street of Shanghai from 2019 to 2023 were collected. The subjects were
divided into a training set and a testing set in a 7:3 ratio. Using feature selection and importance sorting meth-
ods, eight indicators were selected, including high-density lipoprotein cholesterol, body mass index, uric acid, tri-
glycerides, albumin, red blood cell, white blood cell, and alanine aminotransferase. Six ML models, including Cate-
gorical Features Gradient Boosting, eXtreme Gradient Boosting, Light Gradient Boosting Machine, Random Forest,
Decision Tree, and Logistic Regression, were constricted, and their predictive performances were compared via
accuracy, precision, recall, F1 score, and Area Under Receiver Operating Characteristic Curve. Results: Among the
six ML models, the Categorical Features Gradient Boosting model demonstrated the highest prediction accuracy
of 0.74 for FLD in elderly community population, along with a precision of 0.70, a recall of 0.73, a F1 score of 0.71,
and an area under the curve of 0.74. Conclusions: In the context of rapid development of artificial intelligence, a
community-based elderly FLD prediction model constructed using ML algorithms aid family general practitioners
in the early diagnosis, early treatment, and health management of local FLD patients.

Keywords: Fatty liver, machine learning models, disease screening, health management, community diagnosis
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Introduction

Fatty Liver Disease (FLD) is a globally prevalent
disease. With changes in lifestyle and popula-
tion demographics, as well as factors such as
obesity and excessive alcohol consumption,
FLD has become the leading chronic liver dis-
ease in China, and its prevalence is on the rise,
posing a significant threat to people’s health,
particularly that of the elderly [1]. FLD can be
diagnosed through liver biopsy or imaging tech-
niques. Liver biopsy is the gold standard for di-
agnosing steatosis but associated with invasive-
ness and bleeding risk [2]. Meanwhile, imaging
methods such as computed tomography and
magnetic resonance imaging are time-consum-
ing and expensive and are not always available
in remote areas. Early diagnosis of FLD based
on risk factors helps clinicians identify adverse
events related to FLD and take more lifestyle in-
tervention measures for its prevention [3]. Ma-
chine learning (ML) is a promising technique for
medical data analysis and disease prediction,
making significant contributions to the field of
healthcare. For instance, Jiang et al. used ML
to comprehensively describe the overall decline
in intrinsic capabilities among elderly people in
communities [4]; Islam et al. developed an effi-
cient, interpretable ML framework for predicting
the risk of hypertension in Ethiopian patients
[5]; Abnoosian et al. developed a novel ML
framework to enhance the performance of di-
abetes prediction models and address various
challenges [6]. It is evident that ML is playing
an increasingly important role in various fields,
particularly in healthcare. By analyzing big data,
building models, and making automated deci-
sions, ML offers more efficient and accurate
solutions for the healthcare industry. This study
aims to propose a ML model to predict FLD,
helping doctors to preliminarily screen high-
risk populations and make early predictions for
FLD.

Materials and methods
Data preparation

The overall workflow of this study is shown in
Figure 1. The dataset used was provided by a
community health service center on a street
in Shanghai, containing health examination
data for the elderly over three years (2019,
2022, 2023), with a total of 4,989 entries. All
individuals were aged 60 and above, and the
data was anonymized. The dataset includes 24
variables such as gender, blood biochemical
indicators, and age, with the distribution of
23 continuous variables shown in Figure 2. To
preserve the authenticity of the data, 1,144 en-
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tries with missing values were removed. In this
study, FLD diagnosis was based on ultrasound
results. Ultimately, out of the 3,845 partici-
pants in the study, 2,074 were potentially diag-
nosed with FLD through ultrasound.

Statistical analysis

Data analysis was conducted using Python
3.11.4 software. The continuous variables were
expressed as mean = SD, and the comparison
between the FLD group and non-FLD group
was conducted using an independent sample
t-test. A p-value less than 0.05 were considered
statistically significant.

Data processing

In ML, most algorithms, such as Logistic re-
gression (LR), Support Vector Machines, and
K-nearest neighbors, can only process numeri-
cal data and are unable to handle text. In such
cases, to make data compatible with algorithms
and libraries, encoding is performed, which
involves converting textual data into numerical
data.

In this study, the dataset consisted of 25 col-
umns, with data types including only numer-
ical and categorical variables. For numerical
variables, since the collected data came with
units, these units were removed, and the data
type was converted to float. For categorical vari-
ables, one hot encoding was used for gender,
transforming the feature into dummy variables,
with “female” marked as 1 and “male” marked
as 0O; for ultrasound results, label encoding
was used, with “fatty liver” marked as 1 and
“non-fatty liver” marked as O.

Feature selection

The dataset included 24 clinical features: age,
sex, body mass index (BMlI), white blood cell
(WBC), red blood cell (RBC), hemoglobin (Hb),
serum creatinine (SCR), mean corpuscular vol-
ume (MCV), platelets (PLT), triglycerides (TG),
mean corpuscular hemoglobin concentration
(MCHCQ), direct bilirubin (DBIL), aspartate ami-
notransferase (AST), alanine aminotransferase
(ALT), AST/ALT, albumin-globulin ratio (A/G),
total cholesterol (TC), uric acid (UA), low-densi-
ty lipoprotein cholesterol (LDL-C), high-density
lipoprotein cholesterol (HDL-C), aloumin (ALB),
globulin (GLB), total protein (TP), and total bili-
rubin (TBIL). Feature selection aims to remove
irrelevant or redundant features while retaining
other original features to obtain a subset that
better describes the given problem with min-
imal performance loss. This study employed
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Physical examination data (2019, 2022, 2023) of 4,989
individuals aged 64-95, encompassing 24 variables

Y
Removing unit and variables with missing data;
Data processing —»|  hot ding for gender; and labeling coding for
B-ultrasound results
Y
Using heat maps to check for correlation
Feature selection —» b features; using six feature selection
methods to take intersections and filter features
Y
Date standardization
| Subject grouping according to "Training set
1 | (70%): Test set (30%)"
Model construction
Y
Model evaluation

Figure 1. Workflow of the ML-based FLD prediction method proposed in this study. ML, machine learning; FLD,
fatty liver disease.
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Figure 2. Distribution graphs of various continuous variables. BMI, body mass index; WBC, white blood cell;
RBC, red blood cell; Hb, hemoglobin; SCR, serum creatinine; MCV, mean corpuscular volume; PLT, platelets; TG,
triglycerides; MCHC, mean corpuscular hemoglobin concentration; DBIL, direct bilirubin; AST, aspartate amino-
transferase; ALT, alanine aminotransferase; A/G, albumin-globulin ratio; TC, total cholesterol; UA, uric acid; LDL-C,
low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; ALB, albumin; GLB, globulins; TP,
total protein; TBIL, total bilirubin.
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six typical feature selection methods: Variance
Threshold, Correlation Coefficient, Chi-square
test, Mutual Information, Tree-based Feature
Selection, and Recursive Feature Elimination.

Variance Threshold selects features based on
their variance, by default removing all zero-vari-
ance features. The Correlation Coefficient
method (Pearson correlation coefficient) calcu-
lates the correlation coefficient between fea-
tures and the target variable, selecting features
with a significant correlation with the target.
The Chi-Square test evaluates the correlation
between features and the target variable based
on the chi-square statistic, which can reduce di-
mensionality and improve model performance.
Mutual Information selects features with high
mutual information, suitable for both continu-
ous and discrete variables. Tree-based Feature
Selection considers interactions among fea-
tures and can handle nonlinear features and
high-dimensional data, appropriate for datasets
with complex relationships among features.
Recursive Feature Elimination progressively re-
moves features based on model coefficients or
feature importance, selecting the most signifi-
cant features. After comparing six feature sub-
sets, this study chose the eight most commonly
used features in clinical practice to construct
the prediction model.

Model construction and validation

All processing steps were performed in Python
3.11.4. After feature selection, data normaliza-
tion was conducted using the StandardScaler
from the sklearn.preprocessing module. The
selected 8 features were used as independent
variables, with the FLD label column as the de-
pendent variable y. The dataset was split into
training and testing sets in a 7:3 ratio using
train test split, followed by the construction of
ML models. This study primarily built six widely
used ML models and optimized their perfor-
mance. For the Categorical Features Gradient
Boosting (CatBoost), eXtreme Gradient Boost-
ing (XGBoost), and Light Gradient Boosting Ma-
chine (LightGBM) models, the study employed
RandomizedSearchCV for random search,
which selects a subset of parameter combina-
tions from a preset parameter space and a pre-
set number of trials for training and validation
[7-9]. This method returns the best-performing
parameter combination from the trials, signifi-
cantly reducing search time and computational
resources [10].

For the Decision Tree (DT), Random Forest (RF),
and LR models, the study used GridSearchCV
for parameter tuning. GridSearchCV is a hyper-
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parameter optimization tool that automatically
adjusts parameters of ML models. It performs
grid search by accepting a dictionary of all
possible parameter combinations passed to
the ‘param_grid’ parameter. It also requires an
integer to be passed to the ‘cv’ parameter, indi-
cating the number of cross-validation iterations
[11].

Performance metrics

The performance of the six ML models used
was evaluated using five widely used metrics:
accuracy, precision, recall, Fl-score, and the
area under the curve (AUC). True Positive (TP)
indicates that the patient has FLD and the algo-
rithm correctly predicts it as FLD. True Negative
(TN) indicates that the patient does not have
FLD and the algorithm correctly predicts it as
non-FLD. False Negative (FN) indicates that the
patient has FLD, but the algorithm predicts it as
non-FLD, mistakenly predicting an actual pos-
itive as negative. False Positive (FP) indicates
that the patient does not have FLD, but the
algorithm predicts it as FLD, mistakenly predict-
ing an actual negative as positive.

Accuracy: The proportion of correctly predicted
samples out of the total number of samples.

Accuracy =(TP+TN)/(TP+FP+TN+FN)*100% (1)

Precision: The proportion of true positive sam-
ples among all samples predicted as positive
(TP and FP), reflecting the model’s ability to
identify positive samples.

Precision =TP/(TP+FP)*100% (2)

Recall: The proportion of true positive samples
among all actual positive samples (TP and FN),
reflecting the model’s ability to detect positive
samples.

Recall =TP/(TP+FN)*100% (3)

F1-score: The harmonic mean of precision and
recall.

Fl1-score =2TP/(2TP+FP+FN)*100% (4)

Receiver Operating Characteristic Curve (ROC):
the area under the ROC is an important metric
for assessing model performance. The ROC
curve plots the True Positive Rate on the y-ax-
is and the False Positive Rate on the x-axis,
showing the model’s performance at different
thresholds. The AUC is obtained by calculating
the area enclosed by the ROC curve, the x-axis,
and the False Positive Rate =1. The closer the
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Table 1. Feature selection outcomes of six feature selection methods

Variance Correlation Mutual infor- Tree-based feature Recursive feature

Chi-square test

threshold coefficient mation selection elimination

Age 3 \ \ 3

Sex \ y

BMI \ \ \ # \ \
WBC \ \ \ V \ \/

RBC v \ \ J \ \

Hb \ \ \ d \

SCR v v v v
MCV V V \

PLT v \ \/ v \

TG v v v v v
MCHC V % \
DBIL \/

AST/ALT \ V \/ \/ \
AST v \
ALT \ \ \ \
A/G

TC \/

UA \/ \ V \/ V \
LDL-C v \
HDL-C V \ \ \

ALB \ \ v \/ \
GLB \/ \

P v \ V v

TBIL \/ \ \ \

Note: BMI, body mass index; WBC, white blood cell; RBC, red blood cell; Hb, hemoglobin; SCR, serum creati-
nine; MCV, mean corpuscular volume; PLT, platelets; TG, triglycerides; MCHC, mean corpuscular hemoglobin
concentration; DBIL, direct bilirubin; AST, aspartate aminotransferase; ALT, alanine aminotransferase; A/G, albu-
min-globulin ratio; TC, total cholesterol; UA, uric acid; LDL-C, low-density lipoprotein cholesterol; HDL-C, high-den-
sity lipoprotein cholesterol; ALB, albumin; GLB, globulins; TP, total protein; TBIL, total bilirubin.

Table 2. Evaluation metrics for six models

ML model Accuracy Precision Recall F1-score AUC
RF 0.73 0.68 0.73 0.70 0.73
DT 0.70 0.68 0.60 0.64 0.69
LR 0.74 0.70 0.71 0.70 0.73
CatBoost 0.74 0.70 0.73 0.71 0.74
XGBoost 0.73 0.67 0.72 0.70 0.72
LightGBM 0.73 0.68 0.74 0.71 0.73

Note: ML, machine learning; AUC, area under the curve; RF, random forest; DT, decision tree; LR, logistic regres-
sion; CatBoost, categorical features gradient boosting; XGBoost, extreme gradient boosting; LightGBM, light gra-
dient boosting machine.
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Feature Importance by RandomForest
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Figure 3. Feature importance ranking based on
RF. RF, Random Forest; BMI, body mass index; TG,
triglycerides; HDL-C, high-density lipoprotein choles-
terol; ALT, alanine aminotransferase; UA, uric acid;
WBC, white blood cell; ALB, albumin; RBC, red blood
cell.
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Figure 4. SHAP summary plot. SHAP, shapley ad-
ditive explanations; BMI, body mass index; TG,
triglycerides; HDL-C, high-density lipoprotein choles-
terol; ALT, alanine aminotransferase; UA, uric acid;
WBC, white blood cell; ALB, albumin; RBC, red blood
cell.
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Figure 5. ROC curves of six models. ROC, receiver
operating characteristic; RF, random forest; LR,
logistic regression; DT, decision tree; CatBoost, cate-
gorical features gradient boosting; XGBoost, extreme
gradient boosting; LightGBM, light gradient boosting
machine.cell.

AUC is to 1, the better the model’s classification
performance.
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Results
Selected features

Table 1 contains six types of feature selection
algorithms, each with its unique selection
mechanism and evaluation criteria. It details
the specific circumstances under which these
feature selection algorithms were used to select
features. Ultimately, these selected features
were used to construct an FLD risk assessment
model, ensuring that the model could perform
accurate risk assessments based on the most
relevant and predictive features.

By taking the intersection of the six feature
selection methods, the eight most meaningful
features were identified: HDL-C, BMI, UA, TG,
ALB, RBC, WBC, and ALT. Their importance was
ranked (Figure 3), which illustrates the contri-
bution of each data feature.

Shapley additive explanations (SHAP) is a Py-
thon package developed to explain the output
of any ML model. All features are considered
‘contributors’ [12]. The ‘summary plot’ visual-
izes the SHAP values for each feature of each
sample, providing an intuitive understanding of
the overall pattern and helping to identify po-
tential prediction outliers. Each row represents
a feature, with the x-axis showing the SHAP
values. Each point represents a sample, where
the color indicates the feature value (red for
high, blue for low), and purple near the mean.
The wider the color area, the greater the impact
of the feature. As shown in Figure 4, higher BMI
values increased the predicted risk for FLD,
whereas higher HDL-C values decreased the
predicted risk for FLD.

Results of performance metrics across differ-
ent models

Table 2 shows the performance scores for five
metrics across six ML models. LR and CatBoost
were comparable in terms of accuracy and
precision, but CatBoost performed better in the
remaining three metrics. Overall, the CatBoost
model demonstrated the best performance.

The ROC curves for the six models are shown
in Figure 5. CatBoost exhibited the highest AUC
value at 0.816, followed closely by LightGBM
at 0.815. XGBoost and LR were comparable,
both with an AUC of 0.811, while RF and DT
performed less favorably compared to the other
models.

Discussion
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The rising incidence of FLD, a prevalent liver
disease, has attracted widespread attention
from the medical community and society [13,
14]. Early identification and prediction of fat-
ty liver risk is crucial for developing effective
prevention and treatment strategies. In recent
years, with the rapid development of big data
and ML technologies, health risk assessment
using these advanced technologies has be-
come a new trend in research [15, 16]. In par-
ticular, by mining and analysing key indicators
in physical examination data, it can provide a
scientific basis for the prediction of fatty liver.

Focusing on the old three-year physical exam-
ination data in Tanggiao community, this study
aims to predict the risk of fatty liver through ML
algorithms, especially CatBoost model.

This study identified eight features through six
feature selection methods: BMI, HDL-C, UA, TG,
ALB, RBC, WBC, and ALT. Previous studies have
highlighted various clinical features associated
with FLD. For instance, age, BMI, waist circum-
ference, ALT, fasting glucose, UA, and PLT have
been reported as related to FLD [17]. Weng
et al. developed an ML model to screen for
high-risk populations of FLD, identifying some
meaningful clinical features: BMI, ALB, ALT, GB,
HDL-C, LDL-C, and TG [18]. Chen et al. used a
large dataset and the XGBoost model to investi-
gate the best overall predictive ability for FLD in
the diagnosed population, additionally identify-
ing features such as BMI, waist circumference,
TG, serum y-glutamyl transferase, glucose, age,
creatinine, gender, and LDL-C as the significant
factors [19]. Pei et al. conducted feature impor-
tance analysis based on the ranking of each
variable, determining that serum UA, BMI, and
TC are the three most likely factors, followed
by HDL-C and Hb [20]. Su et al. chose waist
circumference, BMI, blood pressure, WBC, Hb,
PLT, glucose, serum biochemical parameters,
and lipids [3]. Guarneros et al., by applying ML
techniques, identified the main risk factors for
FLD in four clinical datasets of liver disease
patients: ALT, alkaline phosphatase, AST, al-
pha-fetoprotein, and y-glutamyl transferase
[21]. Hence, the features selected in this study
hold significant relevance in clinical research
on FLD.

CatBoost is a gradient boosting DT-based ML
algorithm designed to enhance model perfor-
mance through ensemble learning and feature
handling [22]. Known for its robustness and
generalization capabilities, the CatBoost model
can automatically adjust learning rates and
iteration numbers during training to prevent
overfitting. Additionally, CatBoost incorporates
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randomization strategies to enhance model di-
versity, thereby improving generalization perfor-
mance. This study concludes that the CatBoost
model has the best overall predictive ability in
the preliminary screening of FLD populations.

In the early detection of FLD, the CatBoost al-
gorithm can be used to construct a predictive
model to identify potential FLD cases. Through
training on a large FLD dataset, the CatBoost
model learns to predict the presence of FLD
in new samples with high accuracy and sensi-
tivity, effectively detecting early stages of the
disease. The algorithm and model obtained in
this study offer technical tools for community
health management, particularly benefiting
residents who may not routinely undergo aux-
iliary examinations such as ultrasound but
receive blood tests during clinical visits. The
community health service center can leverage
this algorithm and model to intelligently assess
the health of these residents, offering early
warnings, predictions, and health recommen-
dations for FLD. This supports early diagnosis
and treatment by prompting at-risk residents to
seek further evaluation and appropriate care.

To improve the model developed in this study,
future research should collect more detailed
information about patients and further refine
the survey factors when conducting statistical
analysis of the examined population. Parame-
ters such as waist circumference and y-glutamyl
transferase can also be considered as features
to further enhance such ML models by provid-
ing more information about the likelihood of
disease occurrence and the degree of steatosis
and fibrosis.

This study also has certain limitations. First,
the patient grouping was based on abdominal
ultrasound diagnostic results, which have a
lower level of evidence compared to liver bi-
opsy and MRI. This may affect the accuracy of
the predictions. Second, the data came from
only one street community, and a multicenter
dataset and external validation could provide
better and more reliable performance. Addi-
tionally, this study did not include some clinical
parameters, such as waist circumference and
y-glutamyl transferase, which have been proven
to be related to FLD. Finally, the dataset lacked
patients’ clinical information. The presence of
diseases such as diabetes, hepatitis B, hepati-
tis C, and the medications used may affect the
predictions of the ML model.

Conclusion

In this study, eight features closely related to
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fatty liver risk were successfully screened by
CatBoost algorithm and six feature selection
methods. These features are not only widely
recognised in clinical studies, but their validity
in fatty liver prediction is further demonstrated
by the validation of this study. Therefore, this
study is innovative and practical in the field of
fatty liver risk prediction, and provides a scien-
tific basis for the prevention and intervention
of fatty liver through the combined use of ad-
vanced ML algorithms and abundant clinical
data.
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