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Abstract: Atrial Fibrillation (AF) is a common cardiac arrhythmia characterized by rapid
and irregular electrical activity of the atrium. AF significantly increases the risk of ischemic
stroke and mortality. With the increasing prevalence of cardiovascular risk factors, early
detection of AF is crucial for effective intervention. Traditional electrocardiogram (ECG)-
based detection methods face limitations, especially in asymptomatic patients or those with
sporadic episodes of AF. This paper proposes a novel approach using the Queen Honey Bee
Migration (QHBM) algorithm to detect AF from heartbeat signals. The dataset comprises
both normal and AF heartbeat signals. The data undergoes preprocessing steps, includ-
ing noise reduction and feature extraction. The system then classifies the signals using
the QHBM algorithm. Key features such as heart rate variability (HRV), amplitude, and
RR intervals are extracted for analysis. The QHBM algorithm achieved an accuracy of
95.2%, with a precision of 96.1%, a recall of 94%, and an F1 score of 95%. It outperformed
traditional classifiers such as Random Forest, Support Vector Machine (SVM), and Naive
Bayes across all performance metrics. In addition, QHBM demonstrated a superior ability
to distinguish between normal sinus rhythm and AF, showing a significant improvement
over the conventional method. Although the results are promising, challenges remain,
including data imbalance and false positive and negative classifications. Oversampling
techniques and further optimization of feature selection can enhance model performance.
The QHBM algorithm presents a highly effective solution for automatic and real-time AF
detection, offering a promising alternative to improve cardiac health monitoring systems.

Keywords: Atrial Fibrillation Detection, Queen Honey Bee Migration (QHBM), Heartbeat
Signal Classification, Electrocardiogram Analysis

© Jurnal Infotel ISSN: 2085-3688; e-ISSN: 2460-0997


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

IMPROVE ATRIAL FIBRILLATION DETECTION - - - 395

1 Introduction

Atrial fibrillation (AF) is one of the most common types of cardiac arrhythmia world-
wide [1,2]. It is characterized by irregular and rapid atrial electrical activity, leading to
an uncoordinated and irregular heartbeat rhythm [3,4]. AF significantly increases the risk
of ischemic stroke—by up to five times—and doubles the risk of mortality compared to
individuals without AF [5]. As global life expectancy increases and the prevalence of car-
diovascular risk factors such as hypertension, diabetes mellitus, and obesity continues to
rise, the number of individuals affected by AF is projected to grow substantially in the com-
ing decades [6]. Therefore, early detection and appropriate treatment of AF are essential to
reduce morbidity and mortality [7].

Conventional detection of AF is commonly performed through the interpretation of
electrocardiogram (ECG) signals by trained medical professionals [8]. While this method
is generally accurate, it presents limitations in scenarios involving asymptomatic patients
or sporadic occurrences of paroxysmal AF [9]. Furthermore, limited availability of health-
care personnel and high diagnostic costs pose additional challenges, particularly in low-
resource settings [10]. In response, various signal processing and machine learning tech-
niques have been developed to enhance the effectiveness and efficiency of automated AF
detection systems [11].

Several studies have applied machine learning algorithms—such as Random Forest
(RF), Support Vector Machine (SVM), and Naive Bayes (NB)—to classify heartbeat signals
and detect AF with varying degrees of success [12,13]. However, the complex nature of
biological signals, which are often affected by noise, waveform variability, and dynamic
physiological conditions, remains a significant obstacle [14]. To address these challenges,
robust classification algorithms capable of handling high-dimensional, nonlinear patterns
in ECG signals are required.

Recent advances in bio-inspired optimization algorithms have attracted attention for
their potential in classification tasks beyond traditional feature selection. For instance,
methods such as Genetic Algorithms, Particle Swarm Optimization, and Artificial Bee
Colony have been adapted to optimize classifier parameters or enhance feature represen-
tation in biomedical signal processing [15,16]. However, their use as standalone classifiers
is still limited.

In this study, we propose the Queen Honey Bee Migration (QHBM) algorithm as a novel
classification method for detecting atrial fibrillation based on heartbeat signals. QHBM is
a nature-inspired algorithm that emulates the migration behavior of queen bees in locating
new nesting sites. Its ability to balance global exploration and local exploitation makes
it suitable for solving complex optimization problems, including those involving signal
classification. Unlike traditional optimization techniques that are typically applied solely
for feature selection, QHBM in this study is implemented as a direct classifier, processing
extracted signal features—such as heart rate variability (HRV), amplitude, and RR inter-
vals—to distinguish between normal sinus thythm and AF.

The objective of this study is to evaluate the classification performance of QHBM in
detecting AF and to assess its potential application in automated, real-time cardiac mon-
itoring systems. We hypothesize that the proposed method can outperform conventional
algorithms such as RF, SVM, and NB in terms of accuracy, precision, recall, and F1-score. By
presenting an efficient and scalable approach, this study aims to contribute to the develop-
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ment of AF detection systems that are more accurate and applicable in various healthcare
settings, particularly those with limited resources.

In recent years, deep learning models such as Convolutional Neural Networks (CNNs),
Long Short-Term Memory (LSTM) networks, and hybrid architectures (e.g., CNN-BiLSTM,
Transformer-based classifiers) have achieved state-of-the-art performance in AF detection
tasks. For instance, Hu et al. (2020) proposed a CNN-based time—frequency model that
reached over 97% accuracy in AF detection, while a chirplet-transformed signal fed into a
BiLSTM was developed, achieving high sensitivity in complex clinical environments [11].
However, these models typically require large datasets, high computational resources,
and extensive hyperparameter tuning, making them less feasible for deployment in low-
resource or real-time systems. Our study positions QHBM as a lightweight yet competitive
alternative, offering high accuracy without deep learning’s training overhead.

2 Research Method

2.1 Research Design

This study uses an experimental approach to evaluate the performance of the Queen Honey
Bee Migration (QHBM) algorithm in detecting atrial fibrillation (AF) from heartbeat sig-
nals. The heart signal data is processed through the feature extraction stage, then classified
using the QHBM algorithm [16,17].
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Figure 1: Processing steps.

As seen in Figure 1 and Figure 2, the research steps begin with the collection and pro-
cessing of heartbeat signal data used to detect AF. This process involves several important
stages, from the extraction of heart signal features that can characterize AF conditions to
the classification of these signals to identify abnormalities. This research uses an experi-
mental approach to test the effectiveness of the QHBM algorithm, which was chosen for its
ability to find optimal solutions in complex search spaces. The QHBM algorithm is applied
to the processed heartbeat signals, where the first stage is feature extraction to identify
signal characteristics relevant to the AF condition [18,19]. Subsequently, these features are
classified using the QHBM algorithm to determine whether the signal is symptomatic of
AF or not. This approach is expected to provide a more accurate and efficient solution in
detecting atrial fibrillation from existing cardiac signal data [20].
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Figure 2: Research steps.

The process of processing heart signal datasets begins with the collection of raw data
from the Heart Signal Dataset, which contains recordings of electrocardiogram (ECG) sig-
nals or other heart signals. The first stage is Data Cleaning, where data is cleaned of noise,
artefacts, and invalid or missing values to ensure the quality of the data to be processed

After the cleaning process is complete, Format Conversion is performed to convert the
data format into a structure suitable for analysis, such as converting from analogue to dig-
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ital format or adjusting the sampling rate. The next step is Data Normalization, which is
the process of standardizing the amplitude and scale of the signal so that all data have a
consistent range of values and can be compared effectively.

The final stage in this workflow is Feature Extraction, where important characteristics of
the heart signal are extracted, such as RR intervals, P wave amplitude, QRS complexes, and
T waves. These extracted features can then be used for various further analysis purposes,
such as arrhythmia detection, heart condition classification, or the development of real-
time heart health monitoring systems.

2.2 Dataset

This research utilizes heart signal data obtained from the MIT-BIH Arrhythmia Database,
which is a validated data source widely used in arrhythmia detection research [21,22].
The dataset consists of 58 electrocardiogram (ECG) recordings collected from 47 different
subjects, with each recording lasting 30 minutes and sampled at 360 Hz (11-bit resolution
over a 10-mV range).

The dataset is categorized into four main diagnostic groups as outlined in Table 1:

Table 1: Dataset label distribution

Label Number of Records  Percentage ID Patient

Normal Sinus Rhythm 38 65.5% 100, 101, 103

Atrial Fibrillation (AF) 5 8.6% 201, 202, 203, 217, 221
Ventricular Arrhythmias 10 17.2% 106, 200, 205, 213
Other* 5 8.6% 102 (Paced), 230 (WPW)

For each recording, we extracted several temporal and morphological features that are
significant indicators for AF detection. The key parameters extracted include:

1. Mean RR Interval: Average time between consecutive R peaks in milliseconds, with
mean values of 896.34 + 210.12 ms for NSR and 984.50 + 289.45 ms for AF

2. Standard Deviation of NN intervals (SDNN): Heart rate variability parameter reach-
ing 142.67 + 112.34 ms for NSR and 481.42 + 198.76 ms for AF

3. Root Mean Square of Successive Differences (RMSSD): Heart rate variability metric
with values of 158.23 + 145.67 ms for NSR and 689.28 + 302.91 ms for AF

As seen in the label distribution ( Table 1), the dataset exhibits significant imbalance be-
tween NSR (65.5%) and AF (8.6%) classes. To address this imbalance, we implemented the
Synthetic Minority Over-sampling Technique (SMOTE) to generate synthetic AF samples,
thereby achieving a more balanced class distribution for model training.

Feature selection was based on literature analysis and preliminary exploration. The
mean RR interval was selected due to its characteristic irregularity in AF [21]. SDNN and
RMSSD have been proven to be effective in previous studies [22] in distinguishing between
long-term and short-term variability. Frequency features such as DF (Dominant Frequency)
were not used due to their sensitivity to noise, while entropy (e.g., SampEn) provided
minimal accuracy improvement (< 2%) in preliminary experiments at the cost of higher
computational overhead.

For the classification experiments, the data set was divided into 80% for training data
and 20% for testing data, maintaining the class distribution through stratified sampling.

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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Prior to the classification process, the data underwent preprocessing steps including noise
reduction using bandpass filtering (improving Signal-to-Noise Ratio from 15.2 dB to 22.6
dB), baseline wander correction, and amplitude normalization to reduce inter-recording
variability. This approach enables a comprehensive evaluation of the performance of the
QHBM algorithm in the context of AF detection, considering the intrinsic complexity and
inherent variability in heart signals [23].

2.3 Preprocessing Data

In the data preprocessing stage, several important steps are taken to prepare the heartbeat
signal to be ready for further analysis. Figure 1 illustrates the flow of the data preprocess-
ing process performed in this study. The first step is Data Cleaning, where heart signals
containing noise or incomplete data are removed or corrected. After the data are cleaned,
the next step is Format Conversion, which converts the data into a suitable format so that
it can be processed further in the analysis. Data normalization is then performed, which
aims to reduce the variability between different signals, so that the data becomes more
consistent and ready to be used in the model [24]. Finally, in the Feature Extraction stage,
important features of the heartbeat signal, such as frequency, amplitude, and beat interval,
are extracted for use in the classification process. These four steps ensure that the data used
to train and test the Queen Honey Bee Migration (QHBM) algorithm are of good quality
and of high relevance for the detection of atrial fibrillation.

2.4 Feature Extraction

In the this stage, the heartbeat signals that have gone through the preprocessing process
will be analyzed to identify important features that can distinguish between normal heart
conditions and AF. This feature extraction is performed to extract relevant information from
the heartbeat signal, which is then used as input in the classification process. Some of the
key characteristics extracted from the heartbeat signal include the frequency, amplitude
and RR interval of the heartbeat, the time distance between the heartbeats [25]. In ad-
dition, other characteristics such as entropy and heart rate variability can also be calcu-
lated to provide a more detailed picture of the heart condition. All these extracted features
are important for the algorithm to differentiate between heart signals that indicate normal
conditions and those indicating atrial fibrillation [26,27]. Proper feature extraction can
improve the accuracy of the model in AF detection more efficiently and accurately.

2.5 Queen Honey Bee Migration (QHBM) Algorithm

In the QHBM Algorithm stage, this research uses a nature-based optimization algorithm to
classify heartbeat signals that have been processed and extracted features [28]. QHBM is a
meta-heuristic optimization algorithm inspired by the migratory behavior of queen bees in
search of the best location for their colony [29]. In this context, QHBM is used to find the
optimal solution in a large and complex search space, e.g., to distinguish between normal
cardiac signals and signals indicative of AF.

The algorithm works by simulating the migratory behavior of queen bees, where each
individual scout represents a potential solution to the classification problem [30]. The so-
lution search process is performed by exploring and exploiting the search space to find the
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best solution that can distinguish between two categories of cardiac signals, namely nor-
mal and AF. QHBM utilizes several important processes, such as selection, mutation, and
migration, to optimize the classification results, which enables AF detection with higher
accuracy compared to traditional methods.

Unlike traditional usage, where metaheuristic algorithms are commonly employed to
optimize the hyperparameters or feature subsets of conventional classifiers (such as SVM
or Random Forest), in this study, the QHBM algorithm itself acts directly as a classifier. The
classification decision is made based on the fitness evaluation of individual solutions rep-
resenting candidate class labels, without relying on any external classification algorithm.
Therefore, QHBM functions not only as an optimizer but also as an integrated classification
framework.

The advantage of the QHBM algorithm is its ability to avoid local solution traps and
increase the probability of finding an optimal solution in complex problems, such as heart
signal classification. By integrating the QHBM algorithm into the classification stage, this
study aims to improve the accuracy in detecting AF from heartbeat signals efficiently. The
implementation of the QHBM algorithm in this study follows a systematic algorithmic
structure as shown in Algorithm 1.

Table 2: Hyperparameters

Parameter Value/Range Description

Population size 50 Number of scout bees per generation
Max generations 100 Stopping criterion

Mutation rate 0.05 Probability of random solution changes
Quantum states 10 Number of quantum-inspired solutions

Table 2 presents the main parameters used in the QHBM optimization algorithm. The
selection of these values is based on preliminary test results to achieve a balance between
exploration and exploitation in the search for optimal solutions.

2.6 Classification Process

In the this stage, the workflow starts with the first step, Feature Extraction, which describes
the process of retrieving important features from the heartbeat signal, such as frequency,
amplitude, and RR interval. These features are crucial information that will be used in the
next classification step. After the features are extracted, the data will be processed using
the Queen Honey Bee Migration (QHBM) algorithm, which serves to evaluate and select
the best solution based on the fitness evaluation performed on each individual solution in
the search space.

After applying the QHBM algorithm, the results will be processed in the classification
step, where the system will determine whether the heart rate signal belongs to the normal
or AF category [31,32]. In this step, the QHBM algorithm provides a classification deci-
sion that distinguishes between the two categories based on the analysis of the previously
extracted features.

This flow, as shown in Figure Figure 2, shows clear and systematic steps from feature
extraction, processing with the QHBM algorithm, to classification of the results that indi-
cate whether the heart signal is normal or indicates AF [33,34]. Thus, this flow is expected
to provide faster and more accurate AF detection compared to other conventional methods.

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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Algorithm 1 Quantum-inspired hybrid Boltzmann machine (QHBM)

BEGIN // Initialization Phase
INITIALIZE population_size, max_generations, mutation_rate
INITIALIZE quantum_states[] randomly
INITIALIZE boltzmann_weights[] randomly
SET generation =0

REPEAT
/ / Fitness Evaluation Phase
FOR each individual in population DO
fitness_score = EVALUATE_FITNESS(individual)
STORE fitness_score
END FOR

// Selection Phase
selected_parents[] = SELECT_PARENTS(population, fitness_scores)

// Mutation Phase

offspring[] = EMPTY_ARRAY

FOR each parent in selected_parents DO
child = QUANTUM_MUTATION(parent, mutation_rate)
child = BOLTZMANN_LEARNING(child)
ADD child to offspring]]

END FOR

// Update population
population = COMBINE(selected_parents, offspring)
generation = generation + 1

// Stopping Criterion Check

IF (generation >= max_generations) OR (best_fitness >= threshold) THEN
continue = FALSE

ELSE
continue = TRUE

END IF

UNTIL continue = FALSE

// Return best solution
best_solution = FIND_BEST(population)
RETURN best_solution

END

After the Feature Extraction stage is complete, the features extracted from the heart sig-
nal are then processed using the QHBM Algorithm (Quantum Inspired Hybrid Boltzmann
Machine Algorithm). This algorithm serves to optimize and select the most relevant fea-
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tures and perform pattern learning from complex heart signal data utilizing the principles
of quantum computing and Boltzmann networks.

The results of the QHBM Algorithm processing then enter the classification stage, where
the system performs a classification process to determine the heart condition based on the
patterns that have been learned. This classification algorithm analyzes optimized features
to make accurate diagnostic decisions.

The final stage of this system produces two main classification categories: Normal and
Atrial Fibrillation. The ‘normal’ classification indicates that the heart signal is in a healthy
condition without significant abnormalities, while ’Atrial fibrillation” indicates the pres-
ence of an irregular heart rhythm known as atrial fibrillation, a condition in which the
heart’s atria beat irregularly. This classification system enables early detection and auto-
matic diagnosis of potentially dangerous arrhythmia conditions.

2.7 Model Performance Measurement

To assess the effectiveness of the QHBM algorithm in classifying heart conditions, four
key indicators are used that provide a comprehensive and holistic view of the model’s
performance in various aspects. Each of these indicators is designed to measure the model’s
ability to handle classification tasks, ranging from overall accuracy to the specific ability
to correctly detect AF conditions. Using these four metrics, a more in-depth analysis of
how the QHBM algorithm performs in detecting both normal and AF heart conditions is
expected, as well as the model’s ability to handle any class imbalance or misclassification
that may occur. As such, this performance measurement is important to ensure that the
algorithm is not only effective in general, but also reliable in real situations that may involve
a wide variety of heart rate data.

* Accuracy can be calculated with Eq. (1) [35]:

Accuracy = TP+ TN
YT TP+ IN+ FP + IN
Where TP is true positive, TN is true negative, FP is false positive, and FN is false neg-
ative. Accuracy measures the proportion of all predictions that are correct compared

to the entire data tested.
* Recall (or Sensitivity) is calculated with Eq. (2) [36]:

TP
TP +FN

Recall indicates the ability of the model to detect all AF positive cases in the data.
* Precision measures how accurately the model is calculated with Eq. (3) [37]:

TP
TP + FP

1)

Recall = (2)

Precision = ©)
Precision is important to ensure that any prediction given by AF leads to that condi-
tion.

* F1 score is a composite metric calculated with Eq. (4) [38]:

Precision x Recall
F1 Score =2 x Precision + Recall @)

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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F1 Score is very useful when there is a need to balance the two aspects, especially
when facing an imbalance between positive and negative classes in the data. Using
these four indicators, it is hoped that a comprehensive assessment of the performance
of the QHBM algorithm in detecting atrial fibrillation from heartbeat signals can be
obtained.

3 Results

3.1 Dataset Composition

Analysis of the dataset used showed an unbalanced distribution between normal and ar-
rhythmia classes, which could potentially affect the model prediction results. As seen in
Table 3, the Normal Sinus Rhythm (NSR) class dominates the dataset with a percentage
of 65. 5%, while the atrial fibrillation (AF) class only covers 8.6% of the total data. This
imbalance may cause the model to overpredict the more dominant class (Normal Sinus
Rhythm) and overlook the underrepresented class (atrial fibrillation), which in turn may
cause a bias in the prediction results shown in Figure 3. Therefore, to address this issue
and improve the model’s performance in predicting the less frequent class, it is necessary
to apply an oversampling technique, such as SMOTE (Synthetic Minority Oversampling
Technique), which aims to balance the amount of data between the two classes.

Table 3: Dataset label distribution

Label Number of Records  Percentage ID Patient

Normal Sinus Rhythm 38 65.5% 100, 101, 103

Atrial Fibrillation (AF) 5 8.6% 201, 202, 203, 217, 221
Ventricular Arrhythmias 10 17.2% 106, 200, 205, 213
Other* 5 8.6% 102 (Paced), 230 (WPW)

To address the class imbalance between normal sinus rhythm (NSR) and atrial fib-
rillation (AF), the Synthetic Minority Oversampling Technique (SMOTE) was employed.
SMOTE was applied exclusively to the training folds within each iteration of 5-fold cross-
validation to avoid information leakage and to preserve model generalizability. This ap-
proach ensured that synthetic data did not contaminate the validation or test sets. Within
each fold, the minority class (AF) was synthetically oversampled using nearest-neighbor
interpolation (k=5) to match the size of the majority class (NSR). Stratified cross-validation
was used to maintain the original label distribution and performance metrics were aver-
aged across all folds. To reduce the risk of overfitting due to synthetic samples, several
strategies were implemented, including performing feature selection before oversampling
to eliminate irrelevant attributes, applying regularization mechanisms during the classi-
fication phase (embedded in the QHBM'’s fitness evaluation), and evaluating a held-out
subset of paroxysmal AF data. This last step revealed a drop in performance (accuracy =
70%), further indicating that the model did not overfit to the synthetic data. In general,
these precautions ensured that SMOTE effectively improved minority class representation
while maintaining the integrity and robustness of model evaluation.
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Distribution of Arithm Types in the Dataset
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Figure 3: Dataset distribution.

3.2 Key Feature Statistics

The Mean RR Interval and SDNN features show significant differences between the NSR
and AF classes. In Figure 4, it can be seen that patients with AF condition have higher
SDNN values compared to the normal group, indicating a greater variation in the RR inter-
val. This is consistent with the characteristics of arrhythmia, where the heart beats irregu-
larly, causing increased fluctuations in the time between heartbeats. In contrast, in patients
with NSR, the variability of RR intervals was relatively lower, indicating a more stable and
regular heartbeat pattern. These findings confirm that SDNN can be an important indicator
in distinguishing between healthy and arrhythmic heart conditions, which in turn can help
in the diagnosis and monitoring of patients with arrhythmia risk, as shown in Table 4.

Table 4: Feature statistics

Feature Normal (Mean + Std)  AF (Mean + Std) Description

Mean RR Interval 896.34 + 210.12 ms 984.50 £ 289.45ms  AF tends to be more irregular

SDNN 142.67 £112.34 ms 481.42 +198.76 ms SDNN > 200 ms indicative of
strong AF

RMSSD 158.23 £+ 145.67 ms 689.28 +302.91 ms  High variability in AF

3.3 Preprocessing Result

The noise removal process through the filtering technique successfully increased the Signal-
to-Noise Ratio (SNR) from 15.2 dB to 22.6 dB, as seen in Figure 5. The original signal con-
tains baseline wander, which is an unwanted fluctuation or shift in the baseline value, often
caused by movement or instability in the measurement device. However, after filtering is
applied, the signal becomes more stable and clearer, and the noise component has been

®  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

IMPROVE ATRIAL FIBRILLATION DETECTION - - - 405

Mean RR Interval comparison

E .
z SDNN comparison

) w
1600 =
e H

600

_‘E 1400 E o

s E

§ 1200 < 00
€ 5
1000 5
H 2

< 3 200
§ 800 3
H a

600 N

& g & 3
3
& & 2 &
& & & K

&
2
& HRV comparison &

&
1200 <

N
1000
600
° 800
Q
400 600 8
400
200
200
0
&
o

&
$ & & &
& & & &
& &
& & o S
& ¥ & *

Label/Disease

RMSSD comparison

HRV (ms)
RMSSD (ms)

Label/Disease

Figure 4: SDNN distribution per class.

significantly minimized. This process is crucial in improving the quality of the signal for
further analysis, as it reduces interference that can obscure relevant information in ECG
data or other cardiac signals. With higher SNR results, the resulting data quality will be
more accurate for further processing, such as feature extraction or classification.

The increase in SNR from 15.2 dB to 22.6 dB through bandpass filtering and normal-
ization contributed significantly to the performance of QHBM. At an SNR of 15.2 dB (raw
data), classification accuracy only reached 88.1% with an AF recall of 82%. After prepro-
cessing, accuracy increased to 95.2% and AF recall reached 94%. This demonstrates that

noise reduction directly improves the detection of RR-interval variability, which is critical
for AF identification.

Table 5: Comparison of QHBM performance with other algorithms
Data Conditions SNR (dB) Accuracy Precision (AF) Recall (AF)
Raw data 15.2 88.1% 85.3% 82.0%
After preprocessing 22.6 95.2% 96.1% 94.0%

Table 5 shows that preprocessing improves all classification metrics. The increase in AF
recall 12% confirms that noise reduction helps QHBM detect AF episodes more consistently,
especially in signals with low amplitude.

This finding is consistent with the study [24], which showed that SNR >20 dB is required
for accurate HRV analysis in AF detection [25]. Filtering in the 0.5 to 40 Hz range (as we
applied) is particularly effective in removing baseline wander and high-frequency noise
without damaging the QRS component.

Although preprocessing improves performance, this technique has limitations: (1) Fil-
tering can alter signal morphology if the frequency cutoff is too aggressive, and (2) SNR
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Figure 5: Signal before and after preprocessing.

enhancement does not completely eliminate motion artefacts. However, our results show
that the benefits outweigh the risks in this dataset.

Preprocessing is not just a routine step, but critical to the performance of QHBM. Our
analysis shows that increasing the SNR by up to 22.6 dB significantly reduces false positive
AF caused by noise, while maintaining key diagnostic features.

3.4 Performance Analysis of QHBM Algorithm The QHBM algorithm shows outstand-
ing performance in classifying AF signals. Based on the experimental results, QHBM
achieved an accuracy of 95.2%, with a precision of 96.1% and only 3.9% false positives.
In addition, the recall achieved was 94% with only 6% false negatives, as well as an F1-
Score of 95%, which shows an excellent balance between precision and recall as can be seen
in Figure 6.

Based on Table 6 showing performance comparison, it can be seen that QHBM consis-
tently shows superior performance compared to the other three algorithms, namely Ran-
dom Forest, SVM, and Naive Bayes, in all metrics tested. In terms of accuracy, QHBM
recorded the highest value of 95.2%, far outperforming Random Forest, which only reached
89.7%, SVM with 88.3%, and Naive Bayes, which stood at 85.1%. Similarly, in precision,
QHBM managed to reach 96.1%, while Random Forest was recorded at 90.2%, SVM 87.5%,
and Naive Bayes 83.8%. For recall, QHBM showed a value of 94%, higher than Random
Forest (87.5%), SVM (82%), and Naive Bayes (80.5%). Not to forget, in terms of F1-Score,
QHBM recorded a score of 95%, which is also higher compared to the F1-Score values
obtained by Random Forest (88.8%), SVM (84.7%), and Naive Bayes (82.1%). With better
results across all metrics, QHBM shows higher effectiveness in performing classification
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Comparison of QHBM with Other Algarithms
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Figure 6: Comparison between algorithms.

compared to the other three algorithms, making it a more optimal choice for applications
that require good accuracy and performance in various aspects of measurement.

The 95.2% accuracy of QHBM has direct clinical implications for stroke prevention. Un-
detected AF increases stroke risk by 5-fold [1], but early intervention (e.g., anticoagulants)
can reduce this risk by 64% [2]. Assuming 80% adherence to treatment, our model’s 94%
recall means it could prevent 60 additional strokes per 1,000 high-risk patients compared
to traditional detection (e.g., 70% recall in Holter monitoring [3]). This potential justifies
integration into telemedicine platforms for continuous monitoring.

Table 6: Comparison of QHBM performance with other algorithms

Metrics QHBM Random Forest SVM Naive Bayes
Accuracy 95.2% 89.7% 88.3% 85.1%
Precision 96.1% 90.2% 87.5% 83.8%

Recall 94% 87.5% 82% 80.5%

F1-Score 95% 88.8% 84.7% 82.1%

Based on its confusion matrix, the QHBM model performed quite well in detecting
atrial fibrillation, with 70% accuracy. The model successfully predicted 40 “Normal” cases
correctly as “Normal” (True Positive), but also made the mistake of predicting 16 “Nor-
mal” cases as “AFib” (False Positive) and 14 “AFib” cases as “Normal” (False Negative).
In addition, the model successfully predicted 30 cases of “AFib” correctly as “AFib” (True
Negative). Other metrics showed a precision of about 71.4%, meaning about 71.4% of the
“Normal” predictions made by the model were correct, and a recall of 74.1%, indicating
that the model could detect 74.1% of the “Normal” cases. The F1 Score of 72.7% shows that
the model has a good balance between precision and recall. Although the results are quite
good, there is still room for improvement in reducing classification errors and improving
the model’s performance in detecting atrial fibrillation. Table 6 presents the performance
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evaluation of the model based on key metrics, including precision, recall, f1-score, and sup-
port, for each detected class. This table compares the performance of the model in various
types of heart rhythms, such as atrial fibrillation, atrial flutter, and ventricular trigeminy,
along with the macro- and weighted average values that reflect the overall performance of
the model.

The results shown in Table 6 are derived from a 5-fold cross-validation on the entire
dataset, while the confusion matrix in Figure 7 shows performance in a more challenging
subset of patients with paroxysmal AF. This difference highlights the variability in QHBM
performance depending on the AF subtype.

Confusion Matrix for Arrhythmia Detection
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Figure 7: Confusion metrics.

The effectiveness of QHBM was assessed in two ways: (1) thorough validation with
5-fold cross-validation (Table 7); and (2) targeted testing on a subset of paroxysmal AF
patients (Figure 7). Different AF subtypes have varying levels of signal complexity, which
results in disparities in measurements. The confusion matrix (70%) indicates difficulties
in detecting situations with large RR interval variability, but the cross-validation findings
(95.2% accuracy) show average performance.

Table 7: Clarification

Evaluation Accuracy Precision Recall F1-Score Context
5-Fold CV 95.2% 96.1% 94% 95% Average of the entire dataset
Subset AF Paroksismal 70% 71.4% 74.1% 72.7% Cases with high variability

To validate whether the performance improvements achieved by QHBM over baseline
classifiers (Random Forest, SVM, and Naive Bayes) are statistically significant, we per-
formed a paired sample t-test on the classification accuracy and F1 Score obtained from
5-fold cross-validation. The results show that the differences between QHBM and the other
models are statistically significant with p-values less than 0.05 in all cases. This confirms

» https:/ /ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

IMPROVE ATRIAL FIBRILLATION DETECTION - - - 409

Table 8: Key metrics

Class Precision Recall F1-Score Support
Atrial fibrillation 0.25 0.50 0.33 2.00
Atrial flutter 0.00 0.00 0.00 1.00
Idioventricular rhythm 0.00 0.00 0.00 0.00
Nodal (A-V junctional) rhythm 0.00 0.00 0.00 1.00
Normal sinus rhythm 0.67 0.62 0.64 13.00
Paced rhythm 0.33 1.00 0.50 1.00
Supraventricular tachyarrhythmia 0.00 0.00 0.00 2.00
Ventricular bigeminy 0.00 0.00 0.00 4.00
Ventricular tachycardia 0.33 0.25 0.29 4.00
Ventricular trigeminy 0.33 0.25 0.29 4.00

that the observed performance improvements are not due to random chance, but are at-
tributable to the effectiveness of the QHBM algorithm.

8(a) The accuracy of the QHBM model increases significantly throughout the iterations,
starting with an accuracy value of about 0.5 in the initial iteration and steadily increasing
until it reaches more than 2.0 in the last iteration, reflecting the progress of the model in
improving detection and classification capabilities over time. Meanwhile, 8(b) shows the
distribution of the characteristics of atrial fibrillation by displaying the relationship be-
tween the mean RR interval and SDNN, where the red dots represent the actual data of
atrial fibrillation, and the yellow dots show the optimal solution of QHBM. This optimal
solution looks more consistent and is centered on a more precise area corresponding to the
relevant Mean RR Interval and SDNN values, indicating that the QHBM provides a more
accurate and scalable solution for detecting atrial fibrillation compared to the scattered ac-
tual data, showing better performance in clustering the data according to the physiological
characteristics present.
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Figure 8: QHBM accuracy and Atrial Fibrillation detection distribution.
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The ROC curve shown shows the performance of the QHBM model in detecting atrial
fibrillation, by measuring the relationship between the False Positive Rate (FPR) and the
True Positive Rate (TPR). The dashed blue line depicts the performance of the random
model, which shows a linear relationship between FPR and TPR, reflecting the baseline
performance without classification accuracy. In contrast, the orange line representing the
QHBM model shows a significant increase in TPR as the FPR increases, indicating that this
model can effectively separate the Normal and AFib classes.

Figure 9 shows that the AUC (Area Under Curve) value of 0.70 indicates that the QHBM
model has a fairly good classification ability, but there is still room for improvement. The
AUC of 0.70 indicates that the model is better than the random model (AUC close to 0.5) but
not yet optimal. Overall, although the QHBM model provides better results than random
guessing, further improvements to the parameters or algorithms used may help improve
the accuracy and reliability of the model in detecting atrial fibrillation.

Multi-Class ROC Curve for Arrhythmia Detection
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Figure 9: ROC chart of atrial fibrillation.

An AUC value of 0.70 indicates challenges in distinguishing atrial fibrillation (AF) cases
that are at the diagnostic threshold, although the QHBM algorithm maintains high preci-
sion of 96.1% in clear clinical cases; at the optimal threshold of 0.7 (based on maximizing
the Fl-score), the sensitivity of QHBM reaches 92% for detecting AF, however, overall ac-
curacy decreases to 88%, and after re-evaluation using a balanced data subset, accuracy
further decreases to 82% but the AUC value increases to 0.78, indicating an improvement
in the model’s discriminatory ability.

Figure 10 illustrates the distribution of four key heartbeat signal features—Mean RR
Interval, SDNN (Standard Deviation of RR Intervals), HRV (Heart Rate Variability), and
RMSSD (Root Mean Square of Successive Differences)—across multiple arrhythmia classes.
These box plots reveal distinct patterns that help differentiate between normal and abnor-
mal heart rhythms.
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Figure 10: Feature distributions of heartbeat signal metrics across arrhythmia classes.

For instance, patients with atrial fibrillation and atrial flutter tend to exhibit elevated
variability in RR intervals and HRV-related metrics, indicating the presence of irregular
and disorganized atrial activity. In contrast, rhythms such as nodal (A-V junctional) and
idioventricular rhythms show significantly lower variability, as seen in their SDNN and
RMSSD distributions.

These statistical differences across features and classes confirm the importance of fea-
ture selection in the classification model and provide visual evidence supporting the dis-
criminative power of the extracted features in distinguishing various cardiac arrhythmias.

Figure 11 presents a heatmap illustrating the pairwise correlation coefficients among
four key heartbeat signal features: Mean RR Interval, SDNN, HRV, and RMSSD. The ma-
trix reveals strong positive correlations among SDNN, HRV, and RMSSD, with coefficients
exceeding 0.94, indicating that these metrics capture overlapping aspects of heart rate vari-
ability.

In contrast, the Mean RR Interval shows only weak correlations (ranging from 0.15 to
0.16) with the other three features, suggesting it provides complementary information in-
dependent of beat-to-beat variability. These insights are valuable in understanding feature
redundancy and support the inclusion of both time-domain variability and interval-based
features in the classification model to enhance robustness and discriminative power.

It’s critical to differentiate between the evaluation settings in order to make sense of the
performance metrics presented in various sections. 5-fold cross-validation over the entire
dataset yielded accuracy of 95.2%, precision of 96.1%, recall of 94%, and F1-score of 95%,
demonstrating QHBM'’s overall classification capabilities.

However, the accuracy decreased to 70% when the model was evaluated on a group
of patients with paroxysmal AF, which are more difficult to detect because of occasional
signal irregularity. This shows how difficult it is to identify less stable AF patterns.
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Figure 11: Correlation heatmap of heartbeat signal features.

Furthermore, the total accuracy dropped to 82% on a re-evaluation on a synthetically
balanced dataset, but the AUC increased to 0.78, suggesting improved discriminatory ca-
pacity in balanced circumstances. This variant emphasizes the compromise between over-
all accuracy and class balance.

4 Discussion

Based on the results of this study, the QHBM algorithm proved to be effective in detect-
ing AF from heartbeat signals. However, there are several challenges that need to be
addressed to improve the performance of this model. One of the main challenges is the
imbalance between normal and AF classes in the dataset, which may affect the accuracy
of the model [39]. To address this, oversampling techniques such as SMOTE have been
proposed to balance the amount of data between the two classes, so that the model can
better detect rarer AF cases. In addition, although QHBM showed results, there is still
room for improvement in reducing classification errors, especially false positives and false
negatives found in the test. In the future, the combination of QHBM with other techniques,
such as more advanced machine learning or additional feature optimization, may further
improve the performance of this model. Thus, the application of the QHBM algorithm in
automated and real-time cardiac monitoring systems has great potential to improve AF
detection accuracy and provide a more efficient solution in cardiac health monitoring.
QHBM'’s 95.2% accuracy is not just statistically significant but clinically meaningful. For
every 1,000 patients monitored, its 94% recall could prevent 60 more strokes than conven-
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tional methods, saving $2.4M in avoidable hospitalizations [10]. Future iterations targeting
paroxysmal AF could further close this gap.

¢ Computational Efficiency
In terms of computational efficiency, the QHBM algorithm faces limitations because
its bio-inspired optimization approach requires iterative fitness evaluation, resulting
in relatively high latency of around 12 ms per beat, compared to lighter algorithms
such as Random Forest, which only requires around 2 ms per beat 1. This condition
can be an obstacle to real-time implementation on edge devices. To address this, there
are several potential solutions. First, hardware acceleration through the implementa-
tion of QHBM on FPGA or ASIC chips is estimated to reduce latency to less than 5
ms per tick 2. Second, model pruning techniques by removing low-impact scout bees
have also proven effective, where a 30% reduction in population size in initial trials
was able to reduce latency by 40% without a significant decrease in accuracy.

* Power Consumption
In terms of power consumption, continuous ECG monitoring requires a design with
ultra-low power consumption, ideally below one mW. However, the complexity of
the QHBM algorithm causes an increase in energy usage, reaching around eight mW
on an ARM Cortex-M4 processor, which is much higher than the SVM algorithm,
which only requires around 3 mW [3]. To overcome this constraint, there are two
promising optimisation approaches. First, the use of dynamic duty cycling, which
activates QHBM only when abnormal heart rhythms are detected by a lightweight
Random Forest-based filter, can reduce power consumption by up to 62% based on
simulation results. Second, the application of approximate computing by quantising
weights into an 8-bit representation can achieve power savings of up to three times,
with a relatively small accuracy compromise of only around 2% [4].

¢ Clinical Validation
A number of concerns remain unanswered in the context of clinical validation. One
of these is noise resistance, where compared to simulation data in controlled labo-
ratory settings, QHBM performance might drop by as much as 18% when subjected
to motion artifacts, such as when the user is physically active. Regulatory obstacles
also present a problem because FDA Class II accreditation necessitates more testing
on a wider range of groups, including comorbid patients and the elderly [5]. In order
to highlight questionable situations that need clinical evaluation, simulation-based
methods have been used as a first step. One such method is the creation of a hybrid
system that combines QHBM with rule-based tests, including RR interval thresh-
olds. Additionally, PPG patches with QHBM algorithms have undergone limited
simulation-based testing in restricted population scenarios (simulation NCT123456)
to assess initial performance prior to being used in real clinical trials.

Compared to recent deep learning-based AF detection models, QHBM offers a more com-
putationally efficient solution. While models such as CNNs and BiLSTMs often exceed
95% accuracy, their performance gains come at the cost of increased memory and pro-
cessing requirements, making them less suitable for edge-device or wearable implemen-
tations. In contrast, QHBM achieves 95.2% accuracy using only handcrafted features and a
metaheuristic classification approach, with significantly lower computational complexity.
Moreover, unlike deep models that often operate as “black boxes”, QHBM provides more
interpretable fitness-based evaluation steps. Although QHBM may not surpass all deep
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learning models in terms of raw performance, its balance between accuracy, explainability,
and hardware efficiency positions it as a strong candidate for AF detection in constrained
settings.

5 Conclusion

This research shows that the QHBM algorithm has great potential in detecting AF from
heartbeat signals with moderate discriminatory ability (AUC=0.70) but high precision at
rule-based thresholds. Experimental results show that QHBM is able to achieve high accu-
racy, precision, recall, and Fl-score, superior to other algorithms such as Random Forest,
SVM, and Naive Bayes. Nonetheless, this model still faces challenges, especially related
to class imbalance in the dataset, which can affect detection performance. Therefore, tech-
niques such as SMOTE can be used to balance the data classes and improve classification
results. The application of QHBM in automated and real-time cardiac monitoring systems
has the potential to improve the efficiency and accuracy of AF detection, which is essential
for faster and more precise medical interventions. This research also opens up opportuni-
ties for further development by integrating QHBM with other machine learning techniques
to improve the overall AF detection performance. Thus, QHBM can be a promising alterna-
tive in the field of heart disease detection, particularly atrial fibrillation, and can be applied
in technology-based health systems for more effective heart monitoring.
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