
Identi�cation of Catheter Ablation Sites Using Patient-Speci�c CARTO Coordinate Data 419

ECTI Transactions on Computer and Information Technology
Journal homepage: https://ph01.tci-thaijo.org/index.php/ecticit/

Published by the ECTI Association, Thailand, ISSN: 2286-9131

Identi�cation of Catheter Ablation Sites Using
Patient-Speci�c CARTO Coordinate Data

Naoki Tomizawa1, Virach Sornlertlamvanich2 and Thatsanee Charoenporn3

ABSTRACT Article information:
The global increase in population poses challenges in aging societies. As
the number of atrial �brillation (AF) cases is expected to rise due to this
demographic shift, the need for e�cient treatment methods is growing.
This study aims to partially automate the operation of 3D mapping sys-
tems used in AF treatment with the CARTO system. We analyzed X,
Y, and Z coordinate data labeled as LPV, RPV, and CTI, which were
extracted from the CARTO system. A dataset comprising 10 cases was
used for analysis. We de�ned a reference point at the LPV rooftop and
calculated the Euclidean distance to each coordinate. We then compared
two datasets: one containing only X, Y, and Z coordinates, and another in-
cluding both coordinates and distance. First, we visualized the data using
principal component analysis (PCA). Next, we evaluated the classi�cation
accuracy of four models: k-Nearest Neighbors, Random Forest, SGD Clas-
si�er, and Linear SVC. Incorporating distance data reduced the overlap of
LPV, RPV, and CTI in the PCA visualization. All classi�cation models
showed signi�cant improvements in test and training accuracy, precision,
recall, and F1 score when distance data was included.
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1. INTRODUCTION

Global population trends are characterized by both
rapid growth and a rising proportion of older people
individuals. As of mid-November 2022, the estimated
world population reached 8.0 billion and is projected
to increase to 9.7 billion by the 2050s, eventually
nearing 10.4 billion by the mid-2080s [1]. This growth
is accompanied by a signi�cant aging trend, with the
global median age expected to rise from 26.6 years in
2000 to 37.3 years by 2050, and further to 45.6 years
by 2100 [2].

By 2030, one in six people worldwide is expected
to be aged 60 or older, with this number projected to
double to 2.1 billion by the 2050s. A global �super-
aging society appears inevitable soon. This demo-
graphic shift brings numerous challenges, including
the need to promote health and well-being among
older adults, ensure equity in healthcare and social
services, and develop medical treatments that are
both highly e�ective and minimally invasive.

The impact of an aging society is extensive, af-
fecting many aspects of healthcare and social infras-
tructure. The growing older people population will
require major changes in healthcare systems, such as
expanding access to geriatric care, enhancing qual-
ity of life through preventive and palliative services,
and addressing the speci�c medical and psycholog-
ical needs of older adults. In addition, healthcare
systems must respond to the increasing prevalence of
age-related conditions like dementia, cardiovascular
disease, and osteoporosis, driving the need for con-
tinued advances in medical research and treatment
protocols.

In addition to healthcare, social systems must also
adapt to support an aging population. This includes
creating age-friendly environments, promoting social
inclusion, and ensuring �nancial security for older
adults. Policymakers will need to implement pension
reforms, develop sustainable long-term care systems,
and establish programs that promote active aging and
lifelong learning. The workforce will likewise experi-
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ence changes, with greater emphasis placed on retain-
ing older employees and recognizing the value of their
experience and expertise.

Stroke, or cerebral artery disease, is a leading cause
of death among older adults, second only to ischemic
heart disease. A significant contributor to stroke is
atrial fibrillation (AF), which increases the risk of
blood clots forming and traveling to the brain. AF
is especially common in older people individuals and
poses a high risk for cardiogenic ischemic stroke. Al-
though the global prevalence of AF remains below
1%, its incidence increases sharply among individuals
aged 80 and older—rising to approximately 7–14% in
Western countries and 2–3% in Japan [3]. Moreover,
treatment-related complications are more frequent in
patients aged 75 and above. As the global popula-
tion continues to age, AF cases are expected to rise
significantly, potentially affecting 5 to 16 million peo-
ple in the United States and over 1 million in Japan
by 2050. These trends emphasize the urgent need for
effective and efficient therapeutic strategies and care-
giving systems for this expanding patient population.

Atrial fibrillation (AF) is a type of arrhythmia
characterized by erratic, disorganized contractions in
the heart’s upper chambers (atria). Under normal
conditions, the atria contract in a coordinated man-
ner to pump blood into the lower chambers (ventri-
cles) [4]. However, in AF, chaotic electrical activity
disrupts this synchronization, causing quivering in-
stead of regular contractions. This irregular rhythm
increases the risk of stroke, as noted above. To treat
AF, physicians often use radiofrequency ablation to
electrically isolate the affected veins [5]. This pro-
cedure involves the insertion of a catheter into the
heart and requires precise control over the catheter’s
positioning. During treatment, fluoroscopy and 3D
mapping systems are commonly employed to mini-
mize radiation exposure and ensure procedural safety
and accuracy.

The increasing prevalence of atrial fibrillation (AF)
in the aging population calls for significant advance-
ments in both its diagnosis and management. Early
detection through routine screening and the develop-
ment of improved diagnostic tools will be essential
for preventing strokes and reducing the overall bur-
den of the disease. Enhanced screening programs can
identify AF in its early stages, allowing for timely
intervention and more effective treatment.

Innovative diagnostic technologies—such as wear-
able devices and advanced imaging—are also ex-
pected to play an essential role in monitoring heart
health and detecting irregular heart rhythms be-
fore severe complications arise. Treatment strategies
must strike a balance between preventing strokes and
minimizing the risks associated with therapy. This
includes refining anticoagulant therapies to reduce
bleeding risks while maintaining their effectiveness in
preventing clot formation.

Researchers continue to explore new anticoagulant
drugs with improved safety profiles and fewer side
effects. Additionally, alternative treatments such as
catheter ablation provide promising options for pa-
tients who do not respond well to medication alone.
Catheter ablation uses radiofrequency energy to de-
stroy areas of the heart responsible for abnormal
rhythms, offering a potential cure for certain AF pa-
tients.

CARTO, a widely adopted 3D medical imaging
technology, was first introduced globally in 1996 by
Biosense Webster, a Johnson & Johnson MedTech
company [6]. This innovative system has transformed
the way electrophysiologists perform complex cardiac
procedures. Its core mechanism relies on a triangu-
lar electromagnetic source generated by three distinct
ultra-low magnetic fields, as shown in Fig. 1A. These
fields enable continuous, real-time measurement of
the catheter’s distance from each of the magnetic gen-
erators positioned beneath the operating table.

By constantly tracking these distances, CARTO
accurately localizes the catheter tip in three-
dimensional space. This precise positioning is essen-
tial for mapping the heart’s electrical activity and
guiding catheter-based interventions with high accu-
racy. The ability to visualize the catheter’s exact lo-
cation relative to the heart’s anatomy significantly
improves the safety and effectiveness of procedures
like catheter ablation, where targeting abnormal tis-
sue must be done with great precision.

The real-time data provided by CARTO supports
informed decision-making during procedures, help-
ing to reduce complications and enhance patient out-
comes. Since its debut, the system has become a
cornerstone technology in cardiac electrophysiology,
widely adopted in medical centers around the world.
Its capacity to generate detailed, real-time 3D heart
maps makes it invaluable for diagnosing and treating
a variety of cardiac arrhythmias.

Ongoing advancements in CARTO technology con-
tinue to expand its clinical utility and improve cardiac
care. To further enhance accuracy, external reference
patches are placed on the patient’s chest and back
(Fig. 1 B). These patches detect even minor patient
movements during the procedure, allowing the system
to always maintain precise catheter positioning.

Fig. 1C illustrates the typical setup of the
CARTO system within an electrophysiology labo-
ratory. This configuration includes electromagnetic
generators placed beneath the operating table, a
catheter embedded with sensors, and external ref-
erence patches affixed to the patient’s thorax. The
integration of these components enables comprehen-
sive, high-resolution mapping of the heart’s electri-
cal activity—an essential element for guiding cardiac
procedures.

The CARTO system provides clinicians with ac-
curate, real-time insights into the spatial dynamics
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of the targeted cardiac regions. This continuous data
stream ensures precise catheter positioning, which is
critical for the effective ablation of arrhythmogenic
tissue. By supporting real-time feedback and con-
stant monitoring, the system reduces the risk of pro-
cedural errors and enhances clinical decision-making.
This level of precision leads to better outcomes in
treating complex cardiac conditions, such as atrial
fibrillation and other arrhythmias. Moreover, the sys-
tem’s ability to generate detailed three-dimensional
maps of the heart allows for meticulous procedural
planning and execution, thereby reducing the likeli-
hood of repeat interventions.

The global medical imaging market is projected
to grow from USD 41.6 billion in 2024, with a com-
pound annual growth rate (CAGR) of 4.95% from
2025 to 2030. Key growth drivers include an aging
population, the rising incidence of chronic diseases,
and technological advancements such as artificial in-
telligence (AI). The growing demand for diagnostic
imaging is closely tied to the need for early disease
detection, particularly in cancer and cardiovascular
conditions [7]. Recent studies also focus on automat-
ing and refining localization processes, which are vital
for successful ablation therapy [8]. Furthermore, AI
and advanced imaging technologies show potential in
predicting atrial fibrillation recurrence after ablation,
contributing to improved treatment strategies [9].

Although the CARTO system is widely used and
has revolutionized cardiac procedures, it still has lim-
itations—particularly its reliance on manual input
and vulnerability to human error. During electro-
cautery procedures, clinicians must carefully record
the specific locations requiring treatment. This man-
ual process is time-consuming and labor-intensive, of-
ten causing stress among team members and increas-
ing the likelihood of procedural errors that can com-
promise accuracy and effectiveness.

To address these limitations, we introduced and
validated machine learning algorithms designed to
improve the overall workflow. These algorithms auto-
mate portions of the recording process, thereby reduc-
ing the treatment team’s administrative burden. By
streamlining these tasks, machine learning enhances
operational efficiency and allows clinicians to focus
on critical aspects of the procedure.

Additionally, automation enables faster and more
accurate identification of treatment sites, helping to
shorten procedure times and reduce both physical and
mental fatigue among medical staff—factors essential
for maintaining concentration and performance. Be-
yond improving efficiency, machine learning signifi-
cantly reduces error rates. Unlike manual processes,
automated systems are less susceptible to inconsis-
tencies and oversight, resulting in more precise and
reliable procedures. Ultimately, these enhancements
lead to better patient outcomes and improved proce-
dural safety.

The main contribution of the paper includes

1). Validation of the classification models for the
catheter ablation site of the CARTO coordi-
nate data.

2). Applicability of the proposed model to person-
sensitive CARTO coordinate data.

3). Viability of the proposed method without de-
vice calibration.

The rest of this paper is structured as follows: Sec-
tion II covers coordinate data classification. The ap-
plication of the CARTO system is introduced in Sec-
tion III, followed by the dataset of ablation sites in
the CARTO system in Section IV. The results of the
experiment, conclusion, and future work are discussed
in Sections V and VI, respectively.

2. COORDINATE DATE CLASSIFICATION

In this section, we provide an in-depth analysis of
the X, Y, and Z coordinate data labeled LPV, RPV,
and CTI, extracted from the CARTO system. The
first step involved using principal component analysis
(PCA) to reduce the dimensions while retaining the
intrinsic value of the data. This reduction enabled a
visual examination of the dataset’s characteristics.

Following this, we conducted a comparative evalu-
ation of prediction accuracy using four different clas-
sifiers: k-Nearest Neighbors (k-NN), Gaussian Mix-
ture Model (GMM), Stochastic Gradient Descent
Classifier (SGDClassifier), and Linear Support Vec-
tor Classifier (LinearSVC). To assess the robustness
of these models, two datasets were analyzed: a single-
case dataset and a combined dataset comprising 10
cases.

2.1 k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) algorithm is a
simple, yet powerful method commonly used for clas-
sification tasks in machine learning [10]. It classifies
a new data point by identifying the majority class
among its k nearest neighbors in the training dataset.
Operating within a feature space, the algorithm ana-
lyzes input data based on its features to detect pat-
terns and relationships. This makes k-NN especially
effective for datasets with clear and distinguishable
patterns.

A key parameter in the k-NN algorithm is k, which
defines the number of neighbors considered during
classification. The choice of k significantly influences
model performance. Smaller values of k can make the
model highly sensitive to noise, resulting in more vari-
able predictions. In contrast, larger values typically
yield smoother decision boundaries by averaging over
a greater number of neighbors, reducing the impact
of individual noisy data points.
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2.2 Random Forest Classifier (RFC)

The Random Forest Classifier (RFC) is an ad-
vanced ensemble learning technique widely used for
classification tasks in machine learning. It constructs
multiple decision trees during the training phase, with
each tree making independent predictions based on
randomly selected subsets of the data and features.
This randomness introduces variability, which helps
reduce the risk of overfitting—a common issue in in-
dividual decision trees. Overfitting occurs when a
model becomes too closely tailored to the training
data, capturing noise and patterns that do not gen-
eralize well to unseen data.

In RFC, the final prediction for a new data point
is determined by a majority vote among all the trees
in the forest. Each tree provides a classification, and
the class receiving the most votes becomes the final
output. This voting mechanism improves accuracy
by leveraging the collective input of multiple trees,
each offering a different perspective, thereby reducing
overall prediction error. By aggregating predictions,
the RFC enhances model generalization and mitigates
overfitting [11].

A major advantage of the Random Forest Classi-
fier is its effectiveness in handling high-dimensional
datasets with complex feature interactions. Such
datasets often pose challenges for traditional mod-
els due to the “curse of dimensionality.” However,
the random selection of features for each tree enables
RFC to capture intricate patterns and relationships
efficiently, making it well-suited for complex classifi-
cation problems.

2.3 SGC Classification (SGDClassifier)

The SGDClassifier is a linear classification al-
gorithm that utilizes Stochastic Gradient Descent
(SGD) for optimization [12]. It is particularly well-
suited for large-scale and sparse datasets, where tra-
ditional algorithms may face performance limitations.
The classifier operates by iteratively updating model
weights, processing one training example at a time.
This approach enables high computational efficiency
and scalability, making it ideal for handling extensive
datasets or streaming data that cannot be loaded into
memory all at once.

Unlike batch gradient descent, which computes
gradients over the entire dataset, SGD updates model
parameters incrementally. By processing data in in-
dividual samples or small mini-batches, the algorithm
can quickly incorporate new information and adjust
the model accordingly. This incremental update pro-
cess not only accelerates training but also makes the
algorithm adaptive to dynamic or continuously grow-
ing datasets.

Each update step involves computing the gradi-
ent of the loss function for the model parameters for
a single data point. The parameters are then ad-
justed in the direction that minimizes the loss, al-

lowing the SGDClassifier to converge efficiently to a
suitable solution. This makes it a powerful tool for
real-time applications and high-dimensional problems
where speed and scalability are critical.

2.4 Linear SVC (LinearSVC)

LinearSVC is a linear classification algorithm
based on the Support Vector Machine (SVM) frame-
work [13]. It aims to categorize data into two or
more classes by identifying a linear decision bound-
ary. The core objective of LinearSVC is to find a hy-
perplane—a flat affine subspace—that best separates
the classes within the feature space. This hyperplane
is selected to maximize the margin between classes,
thereby improving the model’s generalization and ro-
bustness.

The term “linear” in LinearSVC refers to the na-
ture of the decision boundary, which is a linear combi-
nation of the input features. In two dimensions, this
boundary appears as a line; in three dimensions, as
a plane; and in higher dimensions, as a hyperplane.
The algorithm assumes that the classes are linearly
separable, making it well-suited for datasets where
this assumption holds.

Unlike the general SVC algorithm, which sup-
ports various kernel functions to capture non-linear
relationships, LinearSVC uses only a linear kernel.
It directly computes the decision boundary without
mapping the input features into a higher-dimensional
space. As a result, LinearSVC offers a computation-
ally efficient solution for high-dimensional datasets
where a linear separator is sufficient.

3. CARTO SYSTEM

The CARTO system, a pivotal 3-dimensional map-
ping system, has achieved widespread adoption glob-
ally, offering crucial insights into cardiac electrophys-
iology. Introduced by Biosense Webster (now part of
Johnson & Johnson) in 1996, CARTO has become an
indispensable tool for guiding complex cardiac inter-
ventions.

Fig.1: Basic mechanism and typical setup of The
CARTO system [6].
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Figs. 1A. to 1C. Illustrate the fundamental mech-
anism, patient movement monitoring, and typical
setup of the CARTO system, providing a visual guide
to its advanced features and applications in cardiac
electrophysiology.

3.1 CARTO System Mechanism

The core functionality of the CARTO system is
based on an innovative triangular electromagnetic
configuration that uses three distinct ultra-low mag-
netic fields, as illustrated in Fig. 1A. This setup con-
tinuously measures the distance between the catheter
and three magnetic generators located beneath the
operating table. By triangulating these distances, the
system accurately determines the catheter tip’s posi-
tion within a three-dimensional spatial framework.

This real-time spatial tracking is essential for nav-
igating the heart’s intricate anatomy during medical
procedures. The ability to pinpoint the catheter’s
location with high precision enables accurate guid-
ance and placement, which is critical for the success
of catheter-based interventions. Continuous feedback
allows clinicians to adjust the catheter’s position dy-
namically, enhancing both procedural efficiency and
safety.

By consistently providing detailed spatial informa-
tion, the CARTO system supports more informed
decision-making during cardiovascular procedures.
Its precise navigation capabilities are particularly
valuable in complex cardiac environments, underscor-
ing the system’s importance in modern electrophysi-
ology, where advanced technologies are integral to im-
proving procedural accuracy and patient outcomes.

3.2 Patient Movement Monitoring

To ensure precise measurements and address any
potential unintended movements of the patient, an
external reference patch is meticulously placed on
both the patient’s front and back, as depicted in Fig.
1B. This reference patch serves a critical role in the
system by providing fixed points of reference that the
system uses to monitor and detect any shifts in the
patient’s position during the procedure. The pres-
ence of this external reference patch helps the system
continuously track the patient’s position relative to
the fixed magnetic field sources. If any unintended
movement occurs, such as a slight shift or adjust-
ment by the patient, the system can promptly detect
these changes. By comparing the current positional
data against the established reference points provided
by the patch, the system can make necessary ad-
justments to maintain accuracy and ensure that the
catheter remains precisely aligned with the intended
target area. This mechanism of incorporating a refer-
ence patch is vital for maintaining the integrity of the
spatial data and ensuring that the catheter’s naviga-
tion remains accurate throughout the procedure. By

providing a stable reference frame, the system can
correct for any discrepancies that arise from patient
movement, thus enhancing the overall reliability and
effectiveness of the navigation process during complex
medical intervention.

3.3 Laboratory Setup

Fig. 1C illustrates the standard configuration
of the CARTO system in an electrophysiology lab-
oratory. This configuration demonstrates how the
CARTO system integrates advanced technologies to
provide clinicians with real-time, detailed visualiza-
tions of cardiac anatomy during procedures. It high-
lights the coordination of multiple components that
support precise and effective guidance for catheter
ablation interventions.

In this system, the electromagnetic source that
generates ultra-low magnetic fields is seamlessly con-
nected to the catheter localization module, allowing
for accurate, real-time tracking of the catheter’s po-
sition. To maintain this precision, the system also
continuously monitors patient movement, automati-
cally adjusting for any positional shifts that may oc-
cur during the procedure.

By combining electromagnetic field generation,
catheter tracking, and patient motion monitoring, the
CARTO system forms a robust and responsive frame-
work that supports accurate navigation and enhanced
safety throughout catheter ablation procedures.

3.4 Catheter Ablation Targets

Common ablation sites for treating cardiac ar-
rhythmias—particularly atrial fibrillation (AF)—play
a critical role in managing abnormal electrical path-
ways within the heart. Key targets include the left
pulmonary vein (LPV), right pulmonary vein (RPV),
and the cavo-tricuspid isthmus (CTI). The LPV and
RPV are especially important because they are fre-
quent sources of ectopic electrical activity that can
trigger AF. These irregular signals disrupt the heart’s
normal rhythm, making the pulmonary veins primary
targets for ablation. Ablation procedures at these
sites aim to isolate and eliminate abnormal electrical
signals, thereby restoring regular cardiac function.

The cavo-tricuspid isthmus, a band of tissue be-
tween the inferior vena cava and the tricuspid valve,
is another critical site—particularly in patients with
atrial flutter. Abnormal electrical circuits often form
in this region, and targeted ablation helps interrupt
these pathways to resolve the arrhythmia. Precisely
identifying and treating these key anatomical areas
is essential for the effective management of AF and
atrial flutter. By targeting the origin of the abnormal
electrical activity, ablation therapy improves cardiac
rhythm and overall heart function.

The primary goal of this research is to assess the
feasibility of automating the recognition of these ab-
lation sites within the CARTO system. This study
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proposes that automated methods, particularly those
based on machine learning, can reduce the need for
manual input, alleviating the workload and cognitive
demands placed on clinical teams. By integrating ma-
chine learning algorithms, the research aims to en-
hance the efficiency and accuracy of identifying abla-
tion sites—currently a manual, time-consuming task
requiring specialized expertise.

Automating this process has the potential to min-
imize human error and promote consistency in site
identification. The successful application of machine
learning could streamline catheter-based procedures,
improve procedural accuracy, and ultimately enhance
patient outcomes. This research contributes to the
ongoing advancement of the CARTO system and rep-
resents a significant step toward optimizing modern
electrophysiological practices through intelligent au-
tomation.

4. DATASET OF ABLATION SITE IN THE
CARTO SYSTEM

Principal component analysis (PCA) was applied
solely for data visualization. In the single-case
dataset, the LPV, RPV, and CTI labels appeared dis-
tinctly separated, with no visible overlap (Fig. 2A).
This visual distinction highlights the CARTO sys-
tem’s ability to capture and represent detailed spa-
tial patterns specific to each ablation site. It suggests
that the system can accurately map and differentiate
these sites in individual cases, demonstrating its ef-
fectiveness in controlled conditions.

However, when PCA was applied to a more di-
verse, mixed dataset comprising 10 cases, a different
pattern emerged. The data labeled as RPV showed
noticeable overlap with both LPV and CTI labels
(Fig. 2C). This result underscores the increased com-
plexity that arises when analyzing data from multiple
patients. Variability in cardiac anatomy and catheter
placement across individuals can lead to overlapping
spatial distributions, which complicates classification.

It is important to note that PCA was used exclu-
sively for visualization, and no PCA-derived features
were included in subsequent classification or quanti-
tative analysis. These observations are based solely
on visual inspection of the PCA plots rather than on
statistical evaluation of component scores.

The 2D transformation of the original spatial co-
ordinates (X, Y, Z) using PCA effectively reveals the
spatial relationships among ablation sites. In the
single-case scenario, the LPV, RPV, and CTI remain
clearly distinguishable (Fig. 2B). In contrast, the 10-
case mixed dataset again shows that RPV overlaps
with both LPV and CTI (Fig. 2D), emphasizing the
need to account for patient variability when design-
ing automated recognition systems. Addressing this
variability is essential for improving classification ac-
curacy and ensuring reliability across diverse clinical
settings.

Fig.2: Visualizing 3-dimensional data extracted
from the CARTO system for a single case [A] and
its PCA dimension reduction [B]; comparing to the
data of 10 cases [C] and its PCA dimension reduc-
tion [D].

We compiled a dataset of 707,052 rows by integrat-
ing data from 10 patients, as shown in Fig. 3. This
dataset reflects a wide range of cases and captures the
key characteristics and subtle variations in ablation
sites across individuals. Its diversity is essential for
representing the variability and complexity found in
real-world clinical scenarios.

The large scale of this dataset provides a strong
foundation for training a predictive model. With such
a substantial volume of data, the model can more
effectively learn spatial patterns, improve its predic-
tion accuracy, and adapt to the variations observed
in different patients. Ultimately, this comprehensive
dataset enhances the model’s reliability and makes it
better suited for handling the challenges of diverse
patient populations.

Fig.3: Data integration.

In the CARTO system, cauterization sites are
recorded not only as X, Y, and Z coordinates but
also as time-series data, including catheter temper-
ature, output (watts), and resistance values during
energy application. However, because this study fo-
cused on the automatic identification of treatment
sites, we used only the spatial coordinates. Variables
such as temperature, output, and resistance depend
heavily on the surgeon’s technique and are therefore
unsuitable for building a generalized model. For this
reason, we excluded them from the feature engineer-
ing process.

To capture the complex relationships within the
dataset, we adopted a supervised learning approach.
We trained a predictive model to classify data points
as LPV, RPV, or CTI based solely on their X, Y, and
Z coordinates. This machine learning–based model
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not only improved label prediction accuracy but also
revealed spatial patterns and interactions within the
cardiac anatomy.

To further enhance model performance, we intro-
duced reference points on the LPV rooftop and calcu-
lated the Euclidean distance from each data point to
the reference, as shown in Fig. 4A. We combined this
distance information with the X, Y, and Z data to
refine the input features. Integrating this geometric
information led to a noticeable improvement in la-
bel separation, reducing overlap among LPV, RPV,
and CTI clusters in the PCA visualization (Fig. 4B).
This result suggests that adding spatially informed
features can significantly improve the model’s ability
to distinguish among ablation sites, making classifi-
cation more accurate and the relationships within the
dataset more apparent.

Fig.4: Creating reference points on the LPV rooftop,
calculating distances from those points, and adding
them to the dataset [A]. Visualizing the dataset using
Principal Component Analysis (PCA) with only the
coordinate axis data (X, Y, Z) and the dataset aug-
mented with distance data in Figure [B].

To improve predictive performance, the model de-
velopment process included careful feature engineer-
ing. Key features considered included spatial rela-
tionships among data points, proximity to defined ref-
erence points, and—where applicable—temporal dy-
namics that might influence ablation site characteris-
tics. Incorporating these features enabled the model
to better capture the complex patterns and relation-
ships within the dataset.

This comprehensive approach combined advanced
visualization, statistical analysis, and machine learn-
ing techniques. The integration of these methods not
only improved the accuracy of ablation site prediction
but also provided deeper insights into the spatial and
anatomical variations of the heart. The rigor of this
methodology supports a more refined understanding
of the factors influencing ablation site behavior.

Insights gained from this study offer a strong foun-
dation for improving clinical workflows and advanc-
ing the precision and effectiveness of catheter ablation
procedures.

5. RESULTS OF EXPERIMENT

To evaluate classifier performance, we conducted
a comprehensive assessment. All classifiers achieved
perfect accuracy (1.0) on the single-case dataset, indi-
cating flawless identification of ablation site labels in
this controlled setting. This result highlights the ef-
fectiveness of each model under simplified conditions.

However, when we expanded the evaluation to a
mixed dataset of 10 cases, noticeable differences in
performance emerged. To analyze these differences,
we applied cross-validation by using one case for test-
ing while training on the remaining nine. This process
was repeated across all 10 datasets (Data 1 through
Data 10) to ensure a robust and reliable comparison.

We compared two types of datasets: one contain-
ing only X, Y, and Z spatial coordinates, and another
incorporating distance measurements from a refer-
ence point on the LPV rooftop (X, Y, Z, Distance).
This comparison aimed to assess how the inclusion
of distance features influenced classification perfor-
mance across models.

The results, summarized in Fig. 5, show how clas-
sifier accuracy varied depending on the dataset used.
Incorporating distance metrics led to performance im-
provements in most cases, particularly in separating
overlapping ablation site labels. To visualize variabil-
ity, we included standard deviation as an error bar in
the performance metrics. These error bars are essen-
tial for illustrating fluctuations caused by different
data splits during cross-validation.

Overall, the findings highlight the crucial role of
feature engineering in enhancing model performance
and emphasize the value of detailed data analysis in
developing accurate and generalizable classification
systems.

We generated a Q-Q plot to compare the classifi-
cation performance between the X, Y, Z dataset and
the X, Y, Z, Distance dataset, as shown in Fig. 6.
The data points closely aligned along the diagonal
line, indicating that the performance differences fol-
lowed a normal distribution. This suggests that the
observed variations are statistically valid and can be
analyzed using standard parametric methods.

These findings confirm that the inclusion of dis-
tance features affects model performance in a mea-
surable and statistically sound manner, providing an
essential basis for further evaluation and model re-
finement.

As shown in Fig. 7, we assessed the normality of
classifier performance data using the Shapiro–Wilk
test for both the X, Y, Z dataset and the X, Y, Z,
Distance dataset. The results indicated that the X,
Y, Z dataset followed a normal distribution in 70% of
cases. In contrast, the X, Y, Z, Distance dataset did
not follow a normal distribution in 75% of cases.

Based on these findings, we applied the Wilcoxon
signed-rank test to compare classification perfor-
mance across multiple evaluation metrics, including
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Fig.5: A comprehensive comparison of prediction
accuracy, precision, recall, and F-1 score among the
k-NN, RFC, SGDClassifier, and LinearSVC.

Fig.6: A Q-Q plot of classification performance dif-
ferences between the X, Y, Z dataset and the X, Y,
Z, Distance dataset.

test accuracy, training accuracy, precision, recall, and
F1-score. The results showed statistically significant
improvements (p < 0.05) across all metrics when dis-
tance data were included. These p-values indicate
that the enhanced performance of the X, Y, Z, Dis-
tance dataset is not due to chance.

This analysis demonstrates that incorporating dis-
tance features significantly improves the classifier’s
ability to distinguish between ablation site labels, re-
inforcing the value of geometric feature engineering
in spatial data modeling.

Fig.7: Figure 7. A Q-Q plot of classification per-
formance differences between the X, Y, Z dataset and
the X, Y, Z, Distance dataset.

We derived performance metrics through a robust
cross-validation process, with reported values repre-
senting the average results from multiple iterations.
The high accuracy achieved by all classifiers on the
single-case dataset demonstrates their effectiveness in
identifying and categorizing distinct ablation site pat-
terns under controlled conditions. This strong perfor-
mance indicates that the models were well-equipped
to distinguish between LPV, RPV, and CTI labels
when analyzing isolated data.

However, introducing a mixed dataset composed
of 10 different cases revealed more complex classifi-
cation challenges. Variations in performance metrics
reflected the added difficulty introduced by patient-
to-patient variability. These challenges align with the
overlapping label patterns observed in the principal
component analysis (Fig. 2), which exposed the clas-
sifiers’ limitations in maintaining consistent perfor-
mance across diverse clinical data.

To address this issue, we incorporated distance
measurements from reference points on the LPV
rooftop into the spatial coordinate data (X, Y, Z).
This addition enhanced the representation of spatial
features within the dataset, helping the models dif-
ferentiate between previously overlapping labels more
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effectively.
Among the models, the SGD classifier—based on a

linear approach—achieved the highest test scores for
precision, recall, and F1-score. This result empha-
sizes the benefit of incorporating distance features,
which improved the model’s ability to accurately clas-
sify ablation sites by reducing ambiguity caused by
spatial overlap.

The findings of this study highlight the importance
of incorporating distance data as a key feature for ac-
curately identifying catheter ablation burn sites. The
performance comparison shown in Fig. 5 provides a
valuable reference for selecting appropriate classifiers
based on the dataset’s specific characteristics. It of-
fers insights into the relative strengths and limita-
tions of each model in handling the complex spatial
patterns found in CARTO system data.

These insights are essential for optimizing machine
learning models, resulting in improved accuracy and
effectiveness in predicting ablation site labels. Such
advancements can enhance the clinical utility of these
technologies, contributing to more precise catheter
ablation procedures and better patient outcomes

6. CONCLUSION

The CARTO system currently lacks a standardized
reference point for individual patients, which leads to
label overlap within the mixed dataset and signifi-
cantly reduces predictive accuracy. To address this
limitation, we found that introducing a shared ref-
erence point and incorporating distance information
can substantially enhance classification performance.

Given the exceptional accuracy achieved by the
linear model, these enhancements are essential for re-
vealing the intrinsic structure of the data and improv-
ing the model’s ability to distinguish between abla-
tion site labels.
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