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Detection of Atrial Fibrillation From ECG Using
BTD Tensor Decomposition

Renan H. Cardoso, C. Alexandre R. Fernandes, Pedro M. R. de Oliveira

Abstract—Atrial fibrillation (AF) is a common cardiac arrhyth-
mia associated with various cardiovascular diseases and has a
significant impact on mortality around the world. This work
focuses on the detection of AF using data collected from cardiac
monitoring through the Electrocardiogram (ECG), proposing
new attributes for the prediction of AF. In particular, the present
work proposes novel convergence and optimization indicators
derived from Block-term Decomposition (BTD), applied to five
RRI ECG segments, combined with RRI intervals (RRI) to
improve the detection of AF. These features were used with tree-
based machine learning algorithms to classify signals as Atrial
Fibrillation (AF) or Normal Sinus Rhythm (NSR). The study also
discusses data acquisition from three different ECG databases:
Atrial Fibrillation Database (AFDB), Long-term Atrial Fibrilla-
tion Database (LTAFDB), and Normal Sinus Rhythm Database
(NSRDB).

Index Terms—Atrial Fibrillation, Tensor Decomposition, Elec-
trocardiogram, Automatic Detection, Machine Learning

I. INTRODUCTION

ASED on data from the Global Burden of Disease

(GBD) 2019 study [36], the global prevalence of Atrial
Fibrillation (AF) has escalated to 59.7 million cases, reflecting
a dramatic rise since 28.3 million in 1990 to 45.6 million
in 2010 [37]. Although the prevalence of undiagnosed AF
in the community remains imprecise, backcalculation suggest
that nearly 11% (around 591.000 cases) out of more than
5.6 million AF occurrences in the United States remained
undiagnosed as of 2015 [38].

The total burden measured in disability adjusted life years
(DALYs) attributable to AF has similarly surged, increased
from 3.8 million in 1990 to 8.4 million in 2019 [39]. Moreover,
the impact of modifiable risk factors, including hypertension,
alcohol consumption, obesity, and smoking, on DALY related
to AF has notably escalated during this period [36].

Although the electrophysiological underpinnings of AF re-
main partially elusive, extensive research in recent years has
continued to shed light on various aspects of the condition.
Typically, AF is suspected based on symptoms including
dyspnea, chest discomfort, and irregular pulse patterns [7].
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In addition, cardiologists examine Electrocardiogram (ECG)
signals detect subtle features indicative of AF.

Employing computational methods, particularly machine
learning algorithms [8], for analyzing ECG signals in the
context of AF detection has shown significant potential. This
advancement has markedly improved both the precision and
rapidity of diagnostic outcomes, underpinning prompt inter-
vention and treatment optimization.

Alternatively, techniques based on tensor decompositions
applied to ECG data have been widely used over the past
decade as a fundamental tool in Blind Source Separation
(BSS), particularly in the analysis of atrial activity [9], [11],
[21]. Notably, tensor decomposition methods, such as Block-
term Decomposition (BTD), have emerged as robust alter-
natives to traditional matrix approaches by offering unique
advantages. These methods can circumvent the limitations
of matrix techniques, ensuring uniqueness under broader
conditions [11]. Moreover, the temporal robustness of BTD
underlines the benefits of employing tensor-based strategies
in such analyses [21]. In summary, the use of BTD for the
evaluation of ECG signals offers a promising strategy for
extracting and interpreting Atrial Activity (AA), particularly
in the BSS realm.

So far, tensor-based methods applied to ECG signals, par-
ticularly using BTD, have been largely confined to source
separation tasks, with clinical evaluations focusing on sources
identified with AF. Here, we introduce a novel paradigm
where the convergence parameters derived from Hankel-BTD
are harnessed, not for source separation, but as informative
features for enhancing AF detection. Thus, these parameters
serve as key input features for machine learning classifiers
targeting AF detection.

The rationale for this approach comes from the observation
that the Hankel-BTD tensor decomposition applied to ECG
recordings yields unique results primarily in the presence of
AF. This uniqueness arises because AF signals typically ex-
hibit atrial components that conform to all-pole (exponential)
modeling. Consequently, the inherent uniqueness properties of
the Hankel-BTD decomposition are maintained.

In contrast, R-R intervals (RRI), representing the periods
between consecutive R waves in the ECG signal, serve as
a robust metric for detecting rhythm irregularities linked to
AF, have been extensively utilized in the literature to address
the challenges of AF detection [12]. Combined, the fusion
of BTD convergence parameters and RRIs offers compelling
discriminatory power for reliable AF detection.

The primary objective of this work is to introduce an
innovative methodology for the detection of AF from ECG
recordings by synchronizing the Hankel-BTD convergence
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parameters with the RRI, thus improving the classification
between AF and Normal Sinus Rhythm (NSR). This marks a
pioneering utilization of tensor decomposition tailored specif-
ically for AF classification. In addition, the study aims to
develop a segmented patient data repository derived from
three prominent ECG databases (AFDB, NSRDB, LTAFDB)
and evaluate the performance of tree-based machine learning
classifiers to increase the accuracy, sensitivity, and specificity
of AF detection in continuous ECG monitoring. Collectively,
this approach sets a new benchmark for ECG analysis by lever-
aging unique BTD-derived features to significantly enhance
AF detection performance.

The rest of the work is organized as follows. Section II
reviews traditional and modern approaches for AF detection,
highlighting the novelty of using BTD not for source sep-
aration but as a feature extraction method. In Section III,
the mathematical foundation of BTD and the Hankel-BTD
model are presented, detailing how Hankel matrices are used
to extract atrial activity. In Section IV, the three ECG databases
used in the work are described. AFDB, LTAFDB, and NSRDB.
Section V outlines the study methodology, including data
preparation, segmentation, feature extraction using BTD con-
vergence parameters, and classifiers. In Section VI, the results
of the cross-validation and the test set using five tree-based
classifiers are presented. Finally, Section VII presents the main
conclusions of the work and the perspectives for future work.

II. RELATED WORKS

Automated detection of AF in ECG signals has been a
focus of research for several decades, evolving from early
statistical models to machine learning techniques. Founda-
tional studies such as those of [42] and [12] introduced time-
domain approaches including Hidden Markov Models and
RRI-based histogram analysis, both of which demonstrated
strong classification performance on benchmark datasets such
as AFDB. Later, [43] proposed an innovative image-based
technique using ARR patterns plotted in grid panels, achieving
high classification accuracy through LSVM. Complementing
these efforts, [44] and [50] expanded the analysis into heart
rate variability and frequency domain transforms, revealing
that statistical and spectral markers carry a critical diagnostic
value to identify AF episodes.

Building upon these classical methods, more recent studies
have explored hybrid frameworks to better manage noisy
signals and complex AF morphologies. For example, [46]
and [47] introduced methodologies that merge time-domain
analysis with wavelet transforms, Lorenz plots, and multi-
feature extraction, including atrial activity signals. These ap-
proaches not only improved robustness, but also demonstrated
strong generalization across varied data sources. Similarly,
[25] proposed a probabilistic density histogram of RR intervals
as a unified statistical feature, which, when combined with an
SVM classifier, shows significant performance gains in terms
of accuracy, sensitivity, and specificity.

However, deep learning techniques, especially Convolu-
tional Neural Networks (CNNs), have shown promise in the
automated detection of AF. Studies, such as [32], combine

CNNs with Recurrent Neural Networks (RNNs), achieving
sensitivity and specificity rates that exceed 98% in different
databases. Currently, these systems have demonstrated su-
perior performance compared to traditional statistical meth-
ods, highlighting the potential of deep learning to enhance
AF diagnosis [51]. In addition, new techniques are being
developed to suppress overfitting [52], a common obstacle
in complex models, characterized by excessive adaptation to
training data, capturing noise, and data set-specific patterns.
These techniques can be applied to compressed ECG data
without the need for reconstruction [53]. Finally, there is
growing interest among researchers in applications using this
new approach, as evidenced in [54]-[56], paving the way for
improved clinical outcomes in the treatment of cardiovascular
diseases.

Alongside these approaches, classic BSS methods have been
widely used to extract AA from ECG signals. In [16], the
Independent Component Analysis (ICA) technique was used
to identify independent sources of cardiac activity, validating
the separation based on signal kurtosis and spectral analysis.
In a subsequent advancement, [28] proposed a BSS modeling
approach using a low-rank BTD, which demonstrated supe-
riority in signal extraction in noisy scenarios, especially for
AA.

Furthermore, the work [29] was the pioneer in non-invasive
extraction of AA during AF episodes using Hankel-BTD
tensor decomposition. In 2019, [22] discussed the character-
istics of persistent AF, highlighting the challenges in extract-
ing AA due to disorganized and low-amplitude signals. To
overcome these limitations, the research utilized the Lowner
matrix structure, resulting in improvements in the quality
of the AA extraction compared to traditional matrix-based
approaches, such as Principal Component Analysis (PCA) and
RobustPCA-f.

Recently, [30] introduced the Alternating Group Lasso
(AGL) algorithm to compute the estimated tensor through
BTD, addressing the limitations of the Alternating Least
Squares - Enhanced Line Search (ALS-ELS) algorithm with
respect to the choice of structural parameters. This new method
demonstrated superiority in robustness and efficiency, allowing
for a more precise extraction of AA.

Furthermore, [31] proposed a new approach, called LCAGL,
which uses the Lowner matrix structure together with the
CAGL algorithm. This strategy focuses on extracting the Atrial
Voltage (AV) due to the challenges associated with the low
amplitude of AA during persistent episodes of AF. The results
indicated successful extraction of AA even in short signal
segments, demonstrating the potential of this technique for
AF analysis.

In summary, existing research highlights the relevance of
extracting and analyzing AA for more accurate diagnoses of
AF, highlighting the need to integrate robust signal analysis
methods and machine learning. This work aims to use this
accumulated knowledge to extract attributes from ECG signals
and subsequently classify them, with the aim of improving AF
detection.
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Fig. 1. Visual representation of the BTD with multilinear rank (L, L., 1).

III. TENSOR PREREQUISITES

The BTD, introduced in [14], represents a tensor 7 €
RIXI2XXIN a5 a sum of tensors of lowest order. The
BTD can also be viewed as a multilinear rank decomposition
(Ly, Ly,1), which has attracted greater interest due to its
more frequent occurrence in applications and the existence of
more relaxed uniqueness conditions. Let 7 € RIX/XK pe a
third order tensor, the BTD with rank (L., L,., 1) is described
below:

R
T=> E.oc, (1)
r=1

where o is the outer product, E, € R’*/ is a matrix with
rank L, and ¢, € R¥ is a vector. Performing a factorization
on E,, results in ATB?:, where A, € R™*L and B, € R7*L,
as follows:

R
T=> (AB])oc,. 2)
r=1

The visual representation of the BTD is shown in Fig. 1.
Hankel-BTD, also known as Hankel-based BTD, proposed
in [28], is a technique for BSS that uses the BTD of a tensor
composed of Hankel matrices. Consider that R source signals
with N time samples are organized into a matrix denoted by
S € REXN Tn a BSS model, the observed signals are modeled
as follows:
Y = MS € REXN, (3)

where Y € RE*N is a matrix with the observed signals,
M c REX is the mixing matrix and K is the number of
observed signals. The objective of the BSS is to estimate M
and S from the matrix Y.

In Hankel-BTD, a tensor H € RI*/*K g built from N
Hankel matrices H;n) € R’ constructed from the rows
of Y. Each element (i,j) of the hankelized matrix H{" is
represented by the following mapping:

WY = Yo )

where ¢+ = 1,2,...,1, 5 =1,2,...,J,and n = 1,2,..., N.
The tensor H is then assembled by stacking along the third
mode (front slices), resulting in H_,, = Hg"). Using (3), H
can be represented in scalar form as follows:

R
hi,j,n = § My rSni+j—1- (5)
r=1

Moreover, the H can be expressed as:

R
H=> H om,. (6)
r=1

where m, € RX is the r-th column of M and H{” € R/*”
is a Hankel matrix constructed from the rows of S, similarly
to in (5).

Note that the tensor H in (6), created by the hankelization
process, follows the BTD model in (1). In this way, after
performing the BTD of H, it is possible to estimate the sources
from the matrices Hg), forr=1,...R.

As proposed in [29], Hankel-BTD can be applied to short-
term ECG signals for AA extraction, specifically in records
with persistent AF episodes of a single patient. The study
reported better performance in BSS problems compared to
matrix approaches. In the case of ECG signals, the source sig-
nals represent AA, VA, noise, breathing, and muscular activity,
among others. In addition, the observed signals correspond
to the ECG collected by the electrodes and the variable K
represents the number of ECG leads.

IV. DATABASE DESCRIPTION

Obtaining accurate estimates and conducting detailed ana-
lyzes are influenced by the data used during research, both
in terms of quantity and quality. With large amounts of data,
more robust patterns can be identified, leading to overall better
results [23]. In addition, a broad set of databases is essential
to recognize the complex nature of the subject under study. In
this work, three databases were selected to assist in validating
the suggested approach. The bases are as follows.

e MIT-BIH Atrial Fibrillation (AFDB) [24]: The
database includes 25 recordings, mainly of paroxysmal
AF. Records 00735 and 03665 were not included because
they have heartbeats that were not audited, that is, they do
not have the necessary information to extract the RRIs.
Each recording is 10 hours long and contains two leads
from the ECG, the signals are sampled at 250 Hz with
12-bit resolution in a range of £10 mV.

e MIT-BIH Long-Term Atrial Fibrillation (LTAFDB)
[24]: This database contains 84 long-term recordings
from people who had persistent or paroxysmal AF. Each
recording consists of two ECG leads, both digitized at
a frequency of 128 Hz and 12-bit resolution, covering a
range of +20 mV. The duration of recordings can vary,
but generally lasts between 24 and 25 hours.

e MIT-BIH Normal Sinus Rhythm (NSRDB) [24]: The
database contains ECG records of patients with normal
sinus rhythm, that is, without cardiac abnormalities. This
database contains 18 ECG recordings of two leads, each
recording lasting between 20 and 24 hours. The base
sampling frequency is 128 Hz.

V. METHODOLOGY

Once the theoretical framework of the ECG signal mixing
model was established, the next steps focus on preparing and
processing the data, followed by the extraction of relevant
features, which are essential for training and validating the
proposed model.
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Fig. 2. Procedures for collecting and preparing input vectors.

A. Data Preparation

The data collection and preparation stage consists of a series
of procedures that aim to ensure data consistency and increase
variability between recordings for subsequent phases of the
proposed technique. The central idea of this phase is to create
an input vector for the feature extraction step of each segment
of all recordings. In this context, the input vector refers to the
data set formed by the ECG signal segment and its respective
RRIs of the segment, which are collected from the recording
header file. The flow chart of the preprocessing steps is shown
in Fig. 2.

The process begins with the transfer of the selected
databases to the local work environment, which already has
recordings per patient separated in each .dat file. Then, the
recordings are subjected to a cleaning stage, where those that
do not have the audited signals are removed. Subsequently,
excerpts of recordings that are not of interest to the research
are discarded. For filtering, a type II bandm -pass filter was
used, eliminating frequencies below 0.35 Hz and above 70
Hz. In this way, the sections diagnosed with AF or NSR are
appropriately separated for the next step, which consists of
fragmenting them into sections of 5 beats per segment (or 5
RRI).

The configuration adopted for the signal section size in
this research is 5 RRIs. This choice is due to the attribute
extraction methodology, which investigates features of dif-
ferent natures (BTD parameters and RRIs). In related work,
these characteristics are approached with different segment
sizes. RRIs are often explored in various ways, primarily
in terms of histograms, which necessitate the use of longer
signal segments. For example, in [25], a segmentation with 30
RRIs was proposed to create histograms. However, it becomes
computationally impractical to calculate the estimated tensor
on large signal segments using BTD. In studies related to BSS
problems, which seek AA extraction through BTD, only a
single heart beat (the QRS complex together with the TQ seg-

TABLE I
TOTAL INPUT VECTORS EXTRACTED (BY DIAGNOSIS) FROM THE
SELECTED DATABASES.

Database Number of Number of Total
Segments (AF) Segments (NSR)
AFDB 101497 - 101497
LTAFDB 618183 538877 1157060
NSRDB - 361348 361348
Total 719680 900225 1619905
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Fig. 3. Feature extraction flowchart.

ment) is selected, as evidenced in the methodologies reported
by [11], [21], [26]. In these works, it is also mentioned that
the advantage of tensor methods compared to matrix-based
methods, especially BTD, is their efficiency in extracting AA
from short-term ECG recordings [11].

After creating the data packages (input vectors) formed by
the combination of the ECG signal and their respective RRIs,
a randomization step was applied with the aim of increasing
generalization of the model and avoiding overfitting. Tab. I
presents a quantitative analysis of ECG segments extracted
and classified by type of cardiac rhythm (AF and NSR) in the
selected databases (AFDB, LTAFDB and NSRDB).

B. Feature Extraction

The next steps are related to the computation of the feature
vectors from the input vectors collected in the previous step.
Fig. 3 summarizes the feature extraction procedure using a
flow diagram. The main idea of the proposed methodology is
to use the BTD convergence parameters, along with the RRI,
as input features for the classifiers.

The motivation behind the use of the BTD convergence
parameters as discriminant features is the fact that the Hankel-
BTD of an AF segment behaves differently for AF and NSR.
In fact, the Hankel-BTD of a healthy heart rate segment
converges less efficiently than in a segment with AF. This
difference would be reflected in the algorithm’s convergence
and optimization indicators, enabling effective separation.
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This is due to the fact that Hankel-BTD with ECG signals
is only guaranteed to be unique when applied to signals with
the presence of AF. In fact, when the ECG signal has AF, the
atrial sources can be modeled by all-pole models, also known
as an exponential model [20], as follows:

LT

§ : (n—1)
Srn = Al,rzlyr

=1

for r = 1,..., R, where L, is the number of exponential
terms, z;, is the [-th pole of the r-th source and A, is the
scaling coefficient.

This modeling of the atrial sources ensures that the unique-
ness conditions of the Hankel-BTD are satisfied [28]. In
fact, it can be demonstrated that, when atrial sources are
approximated by single-pole models, the Hankel matrices used
in the Hankel-BTD method can be expressed through the
Vandermonde decomposition, in the following way:

)

. T
Hér) = V,.dlag(Al,r, )\2,7'; () ALrﬂ')‘/T 2 (8)
with
1 1 ... 17
Zl,T‘ 22,7. [P ZLTJ'
‘/r _ : c RIXLT, (9)
I’—l I‘—l I-1
Zl,’r‘ 2277, ZLT,T_
e -
1 1 .1
. 21, 22.r ZL,r
o = ' e R (10)
J-1 g1 S
2 Z2,r o PLprd

For the case where the poles are distinct, as noted in
[20], the Vandermonde matrix, whose number of columns
is determined by L, < I,.J, exhibits the full-column rank.
Consequently, if the matrix M does not contain proportional
columns, the BTD in (6) is essentially unique. In instances
where the poles are equal, the uniqueness can still be ensured
under less restrictive conditions.

The experimental results of previous work corroborate the
efficacy of the Hankel-BTD approach when dealing with AF
ECG signals [21], [22]. However, when estimating Hankel-
BTD in a signal segment that does not have AF, there is no
guarantee of the uniqueness of the decomposition. In this case,
it is expected that the parameters that evaluate the quality and
speed of BTD convergence will differ significantly from the
case of segments with AF. Due to this, this study proposes
that the convergence parameters of the Hankel-BTD should
be used as discriminative features between NSR and AF. In
particular, the following parameters of the ///_rnd function
(from Tensorlab [48]) are considered:

o relfval: The difference in the value of the objective
function between two successive iterations, in relation to
its initial value;

e relerr: The relative error between the original tensor and
its estimated BTD model.

o fval: The value of the objective function in each iteration;

24
40000
— 30000
L ™ ‘r N " ] \ "
20000 W' ‘ y ¥V ¥ NSR
10000 ‘ FA
0 200 400 600 800 1000
—_
o 08 "
o ] y NSR
= o7 v e Wy FA
0 200 400 600 800 1000
6000 ]
© J |
= 4000 . ‘ :
g ' : NSR
o
2000 oy
0 200 400 600 800 1000
0.9 f M % A
AN 0 o M YWY e
8 o8] WA v Mool FARY UV Paidia
re ' [ A Aad ¥ oy Vi " NSR
0.7 ' ' ' FA
0 200 400 600 800 1000
o 0.04
3 { ‘
B 002 _ v . [ NSR
2 000 als o e
0 200 400 600 800 1000
le-6
E 8 'x. ‘ \\, “ ~ M f L\ - .
A i) W by ‘<.f\' W ™ A J 'l‘(f‘“,' " \7,‘: T\ A
% X './m'%‘. WY A Ny _r‘b'v N eR
I ‘ A FA
0 200 400 600 800 1000
80 o TR
A f\ wow M | Moo Al )
5 1l v | X M L WON 7\ ) WA A
B W St et e A AT e
60 v v A
0 200 400 600 800 1000

Fig. 4. Samples of the Hankel-BTD convergence parameters, for both classes
(NSR and AF).

o relstep: The step size relative to the norm of the current
iteration in each iteration;

e delta: The radius of the confidence region in each itera-
tion;

e rho: The reliability in each iteration attempt;

e iter: Number of iterations until fval;

Fig. 4 shows 1000 samples of the above convergence
parameters, for both classes (NSR and AF). The following
steps are considered in Fig. 4:

e Sample Selection: 1000 samples were randomly selected
from the dataset.

e Z-score Filter: The limit established for filtering was 3.

e Convolution: The final result was generated through
a convolution window of size 25 among the selected
samples.

e Signal average: This procedure was repeated 1000 times,
and then the average of the executions was calculated to
plot the graph.

It is possible to see from this figure that these parameters
have a good ability to discriminate the two classes. The
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discriminatory ability of these parameters can also be verified
in Fig. 5, which shows the relevance score obtained using
the XGBoost algorithm. The relevance of the features is
calculated as the total normalized reduction of the criterion
driven by a given feature, and is also known as the Gini
index. These scores provide an understanding of the influence
of each characteristic on the decision-making process of the
generated model. Generally, features with higher importance
scores are considered more relevant for classification. These
results were obtained from all collected samples and using
a cross validation with 10 folds. After processing each fold,
the mean and standard deviation of the relevance scores were
calculated and highlighted just above each bar in Fig. 5.

Fig. 6 shows the histograms of the parameters relerr and
fval, for the two classes. These two parameters provided the
highest values of the relevance scores in Fig. 5. It is observed
that their histograms do not have a significant overlap, suggest-
ing that the AF and NSR classes can be easily discriminated
based on these characteristics if used together.

It can be observed in Figs. 4 and 5 that the three parameters
that contribute the most to discriminate the AF and NSR
classes are relerr, fval and delta. Based on these results
presented, these three parameters will be considered in the
present work. On the other hand, the indicators that do not
contribute significantly and, therefore, will not be used later
are: relfval, rho, relstep and iter.

The final attributes used by the proposed methodology are
these three BTD parameters (relerr, fval and delta), along with

the RRI values. These two types of attributes (convergence
parameters of BTD and RRIs), when applied together, can
provide efficient discriminatory information for the detection
of AF.

Due to the quantity and the average time required to perform
the complete extraction of a sample, the feature extraction
process used 4941 samples for the AFDB database with the
AF label, 3600 samples for the NSRDB database for the
NSR label, and finally, 2800 and 2000 samples for the NSR
and AF labels in the LTAFDB database. In total, 13341
samples were obtained, which will serve as input data for the
classifiers. Tab. II presents the distribution of feature vectors
ready for validation, which are separated by recording from
the LTAFDB, NSRDB and AFDB databases.

C. Classification Algorithms

Tree-based algorithms are popular machine learning meth-
ods that are frequently used to handle complex, high-
dimensional datasets because of their capacity to model
nonlinear relationships. These models use hierarchical data
partitioning, which enables them to adjust to diverse feature
patterns, a characteristic that is especially beneficial in high-
dimensional settings, such as those in medical diagnostics.
Many works in the literature, such as [40] and [41], demon-
strate that tree-based models consistently achieve greater ac-
curacy when applied to complex datasets. As a result, they
are often the preferred choice for applications that require a



JOURNAL OF COMMUNICATION AND INFORMATION SYSTEMS, VOL. 40, NO.1, 2025. 26

TABLE III
RESULTS OBTAINED WITH ADJUSTED HYPERPARAMETERS AND K-FOLD.
Gradient Boosting
Fold ACC (%) SEN (%) SPE (%)
3 97.16 97.68 96.56
Average | 95.97 + 0.63 | 96.70 £ 0.68 | 95.14 £ 0.97
Random Forest
Fold ACC (%) SEN (%) SPE (%)
4 96.87 98.04 95.56
Average | 95.72 4+ 0.86 | 96.89 £ 0.79 | 94.40 £+ 1.22
Extremely Random Trees
Fold ACC (%) SEN (%) SPE (%)
9 97.82 98.18 97.43
Average | 96.66 = 0.60 | 97.42 + 0.46 95.84 + 1.28
XGBoost
Fold ACC (%) SEN (%) SPE (%)
10 97.34 98.57 95.95
Average | 9721 +0.42 | 97.81 + 0.58 96.54 + 0.63
LightGBM
Fold ACC (%) SEN (%) SPE (%) (%)
4 98.01 98.92 96.99
Average | 97.48 + 0.43 97.86 + 0.74 97.05 + 0.52

subtle interaction of characteristics, including ECG-based AF
detection [49]. Due to these reasons, this study made use of
the following tree-based classifiers: Random Forest, Extremely
Random Trees, Gradient Boosting, Extreme Gradient Boost-
ing, and the LightGBM.

VI. RESULTS AND DISCUSSIONS

This section presents the simulation results obtained with
the aim of evaluating the performance and behavior of the
proposed technique. The hyperparameter was tuned using the
grid search technique. Although computationally expensive,
the grid search technique guaranteed more reliable results
for AF detection. Furthermore, each subsection provides both
quantitative results and interpretative insights to support the
clinical relevance of our findings.

A. Results with cross validation (k-fold)

The results obtained by each classifier using the set of
optimal hyperparameters are presented in Tab. III. In the
table, folds achieving the highest sensitivity are highlighted,
and mean * standard deviation are reported for accuracy
(ACC), sensitivity (SEN), and specificity (SPE). ACC mea-
sures the overall proportion of correctly classified samples;
SEN quantifies correctly detected AF cases, helping to reduce
false negatives; SPE reflects correctly classified NSR cases.
Sensitivity was selected for fold evaluation due to its clinical
relevance in handling class imbalance.

The data used for this procedure were previously selected
from a portion of 80% of the total set, while the remaining
20% was kept separated as a test set, that is, a portion of the
data that will be used only to evaluate the performance of the
model. Using stratified 10-fold cross-validation with exhaus-
tive grid search, all tree-based classifiers achieved high per-
formance (mean ACC > 95%, SEN > 96%). LightGBM led
with an average sensitivity of 97.86% =+ 0.74%, demonstrating
robust AF detection. Specificity trailed sensitivity, reflecting a

TABLE IV
RESULTS WITH TEST DATA.
Classifier ACC (%) | SEN (%) | SPE (%)

LightGBM 97.04 97.44 96.59
XGBoost 96.63 96.93 96.28
Extremely Random Trees 95.90 97.07 94.59
Gradient Boosting 95.11 95.30 94.89
Random Forest 94.65 95.66 93.51

TABLE V

CONFUSION MATRIX FOR THE BEST CASE.

Positive Predicted | Negative Predicted
1368 36
1191

Positive Real
Negative Real 44

focus on minimizing missed AF cases in imbalanced data. This
analysis highlights the model’s ability to consistently detect
AF across folds and justifies prioritizing sensitivity in clinical
screening scenarios.

B. Results with test data

The results presented in this subsection use all the samples
from the previous section to train the model, totaling 10548
samples for training. The created models will be validated
using test data (20%), representing 2637 samples. This portion
of the data has not been used for training or testing in any
previous simulations in this research. Tab. IV presents the
performance of the different algorithms based on the hold-
out validation technique in terms of accuracy, sensitivity, and
specificity, respectively.

LightGBM again topped all measures (ACC 97.04%, SEN
97.44%, SPE 96.59%), while Random Forest showed the
largest drop (ACC 94.65%, SEN 95.66%). This consistency
validates the generalizability of LightGBM as the final model.
These hold-out results affirm the model’s readiness for de-
ployment, demonstrating stable performance on fully unseen
data.

Therefore, this research considers the results presented in
Tab. IV for the LightGBM classifier as the conclusive result
of the proposed technique. The hyperparameters used by the
LightGBM in this best case are the following:

e num_leaves: 50

¢ learning_rate: 0.1
o max_depth: None
¢ n_estimators: 300

As mentioned above, these parameters were selected by an
exhaustive search using the grid search method.

The confusion matrix corresponding to this best case is
presented in Tab. V. It can be seen in this table that the
difference in the number of correctly labeled classes stands
out, with 1368 (VP) and 1191 (VN), due to the imbalance
between the classes in the dataset used. The total number of
samples tested was 2559 (100%), with 1404 (53.2%) labeled
AF and 1235 (46.8%) as NSR. The results demonstrated the
model’s superior performance in identifying positive samples,
once again minimizing critical classification errors. This is ev-
idenced by the low incidence of false negatives (36 episodes),



JOURNAL OF COMMUNICATION AND INFORMATION SYSTEMS, VOL. 40, NO.1, 2025. 27

TABLE VI
METRICS OBTAINED FROM THE 95% CONFIDENCE INTERVAL.

Metric Inferior Limit 95% | Superior Limit 95%
ACC (%) 97.03 97.07

SEN (%) 97.48 97.54

SPE (%) 96.51 96.57

although the number of positively labeled samples is slightly
higher (3.2%).

In our study, the classifiers achieved an AUC of 0.99,
demonstrating high performance in the binary classification
task that distinguishes between the AF and NSR classes. The
Area Under the Curve (AUC) refers to the area under the
Receiver Operating Characteristic (ROC) curve and serves
as a comprehensive measure of the discriminative capacity
of a model. An AUC value closer to 1.0 indicates superior
classification performance, whereas a value near 0.5 suggests a
performance equivalent to random chance. In contrast, baseline
classifiers used for comparative purposes yielded less favorable
results. For example, logistic regression achieved an accuracy
of 76.68% and an AUC of 0.87, while the Gaussian Naive
Bayes classifier attained an accuracy of 82.18% with an AUC
of 0.88. Lastly, the algorithm for the nearest neighbors k
reached an accuracy of 85.59% and an AUC of 0.92.

C. Confidence interval

The confidence intervals were also calculated, which corre-
sponds to a range of values that indicates the probability that
a population parameter is contained within this interval. To
perform the calculation, the sampling method called bootstrap
was used, which consists of obtaining random samples from
the original sample. After 1000 simulations, which involved
bootstrap sampling in each iteration, the lower and upper
limits of the confidence interval 95% were obtained for each
evaluation metric, shown in Tab. VI.

Bootstrap analysis yielded narrow 95% intervals for
ACC (97.03-97.07%), SEN (97.48-97.54%), and SPE
(96.51-96.57%), reflecting precise, reliable performance esti-
mates. The tight confidence bounds underscore the robustness
of our primary metrics, reinforcing confidence in clinical
applicability.

D. Comparison with related works

The Tab. VII summarizes the results obtained in works
related to this research. The study to be used as a comparative
reference is presented in [25], as it uses the same databases.
This table provides an overview of various studies on AF
detection, highlighting datasets such as AFDB, NSRDB, and
LTAFDB, along with performance metrics such as accuracy,
sensitivity, and specificity. Most studies mainly use AFDB,
with some incorporating datasets such as ADB. Notable is
that some work includes [45], achieving the highest specificity
(99.63%), and [44], which excels in all metrics. The proposed
approach combines multiple datasets, offering balanced results
(97.04% ACC, 97.44% SEN, 96.59% SPE), showcasing its
reliability over methods focused on single datasets.

TABLE VII
RESULTS OF RELATED WORKS (IN CRESCENT CHRONOLOGICAL ORDER).
AFDB | NSRDB | LTAFDB | ADB | ACC SEN SPE
(%) (%) (%)
[42] | v 9475 | 91.38 | 93.5
[12] | v - 94.4 97.2
[43] v 93.7 95.1 92.0
[44] | v 98.6 98.9 98.4
[45]1 | v 98.9 97.93 | 99.63
[46] | v v - 100 97.6
[47]1 | v 97.6 98.0 97.4
[25] | v v v 96.97 | 95.24 | 99.94
Our v v v 97.04 | 97.44 | 96.59
o8 sl 97.21 97.48
95.97 95.72 ‘
9%
94 9302 9389 9317 9320 =
g 92
; RRIs & Parameters BTD
8 ]~ rris
3 88 Parameters BTD
<
86
84
B 20 62,80 82,47 82,77
82
Random Forest Gradient Extremely Extreme Light Gradient
Boosting Randomized Boosting Boosting
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Fig. 7. Comparison between characteristic configurations.

These results also highlight improvements in accuracy and
sensitivity compared to the state-of-the-art approach by [25].
Furthermore, while [25] uses a 30 RRI ECG signal segment
to create feature vectors, the present work reduces this to a 5
RRI segment and a reduction of 16. 67% showing efficiency
with short ECG segments in time.

E. Contribution of BTD parameters

Integrating tensor-decomposition convergence parameters
with RRI features improved precision across all classifiers,
most notably a 3.17% gain for LightGBM. These BTD metrics
capture the nuances of the ECG signal beyond RRIs, con-
firming their value in enhancing the detection of AF. This
finding validates the proposed feature engineering strategy
and suggests potential for broader application in arrhythmia
classification.

It can be seen from this figure that the approach using only
RRIs already has relevance in detecting AF, which is also
reported in related works. However, when the RRIs were com-
bined with the BTD parameters, there was an improvement in
the accuracy performance in all techniques. For LightGBM,
there is a significant increase of 3.17% in accuracy. This result
highlights the relevance and positive impact of the combination
of RRI and BTD parameters as features for the detection of
AF.

VII. CONCLUSION

This work contributed to the detection of AF in cardiac
monitoring using ECG recordings. Key achievements include
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the preparation of a segmented, preprocessed ECG signal
repository and the reproduction of RRI extraction, widely used
for the detection of arrhythmias. Furthermore, the research
proposed a tensor-based technique for AF detection, using pa-
rameters that evaluate the convergence of the BTD. As Hankel-
BTD convergence behaves differently in the case of AF and
NSR ECG, some parameters obtained during the calculation
of the BTD contain significant discriminant information for
the detection of AF. Tree-based classifiers validated the ap-
proach, with hyperparameter adjustments yielding significant
performance improvements.

The findings demonstrated the effectiveness of the method,
achieving robust performance metrics, including average ac-
curacy, sensitivity, and specificity above 97%, and validated
the relevance of the BTD parameters for the detection of AF
in conjunction with RRIs.

Future work could include validating this approach on
12-lead ECG databases, improving preprocessing techniques,
leveraging Optuna for hyperparameter tuning, and expanding
datasets to improve generalizability. Deep learning and transfer
learning approaches are also promising avenues for further
exploration.
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