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Premature cardiac contractions, including premature atrial contractions
(PACs) and premature ventricular contractions (PVCs), are common
arrhythmias that may increase the risk of cardiovascular complications when
they occur frequently. Accurate classification of these events from
electrocardiogram (ECG) signals remains challenging due to noise and signal
variability. This study proposes a machine learning—based classification
framework that combines recursive feature elimination with cross-validation
for feature selection and an ensemble learning strategy to improve
classification robustness. The approach was evaluated using the
Massachusetts Institute of Technology — Beth Israel Hospital (MIT-BIH)
Arrhythmia database and achieved high classification performance, with an
accuracy of 95.34%, F1-score of 92.11%, and balanced precision and recall
for PVC and PAC. In addition, SHapley Additive exPlanations (SHAP) were
employed to identify the most influential features, enhancing model
interpretability. The results demonstrate that the proposed framework
provides a reliable and interpretable solution for distinguishing premature
cardiac contractions, highlighting its potential application in clinical decision

support systems.
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1. INTRODUCTION

Premature contractions are abnormal heartbeats that originate outside the sinoatrial node. Generally,
these impulses originate in the atria or ventricles. If the impulse originates in the atrial region, it is called a
premature atrial contraction (PAC), and if the impulse originates in the ventricular region, it is called a
premature ventricular contraction (PVC). PACs are generally considered benign and often require no treatment,
occurring across all age groups with increasing prevalence in older populations [1]. However, excessive PACs
have been associated with pathological changes in the left atrium and increased risks of atrial fibrillation,
stroke, mortality, atrial cardiomyopathy, and kidney disorders, indicating broader systemic complications
involvement even in patients without a prior history of atrial fibrillation [2]-[5]. Similarly, PVC is also
considered a generally harmless cardiac abnormality [6]. In certain conditions, frequent PVVCs are associated
with an increased risk of atrial fibrillation and ischaemic stroke and may contribute to arrhythmias and
cardiomyopathy [7]-[9]. Notably, PVCs are one of the most common forms of abnormal heartbeat and have
serious consequences, especially in the elderly population [10].

Generally, heart rhythm abnormalities, such as premature contractions, are detected using an
electrocardiogram (ECG). Unfortunately, manual interpretation of ECG signals requires high expertise, is time-
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consuming, and is prone to errors due to noise and subjectivity. Recent advances in machine learning have
enabled automated arrhythmia classification showing promising results. Various machine learning algorithms
have been widely used in heartbeat classification, including K-nearest neighbors (KNN) [11]-[14], support
vector machine (SVM) [15], [16], light gradient boosting machine (LightGBM) [17], [18]. The use of these
algorithms shows fairly good performance, but an approach that combines several methods known as ensemble
learning (EL) often provides more optimal performance [19]-[22]. This is due to the ability of EL to combine
the strengths of each algorithm, resulting in a more comprehensive and robust classification model compared
to using a single model.

Research on premature cardiac contraction classification remains limited, with most existing studies
focusing primarily on PVC. Studies that address both PAC and PVC often exhibit significant performance
imbalance between the two classes (PAC and PVC) [23]-[27]. Furthermore, many studies have not applied an
inter-patient scenario, which involves testing the model on data from patients not used in the training stage
[22], [28]; thus, the model’s ability to generalize to new patients remains weak. In a clinical context, inter-
patient generalisation is crucial due to physiological variations between individuals. This condition indicates
that, despite numerous features being considered, there is no robust feature selection step to determine which
features are truly informative in distinguishing between PAC, PVC, and normal classes, as well as to maintain
performance when the model is applied to unseen data.

Therefore, this study uses recursive feature elimination with cross-validation (RFECV) as a feature
selection method in the premature cardiac contracton classification model. RFECV eliminates the features
gradually during cross-validation at each step, allowing for the identification of the most informative feature
subset while assessing model performance between folds. Several studies have demonstrated the effectiveness
of feature selection methods in disease classification, particularly through the application of RFECV. For
example, in this research RFECV successfully selected 25 out of approximately 128 ECG-phonocardiogram
(PCG) features, thereby improving model accuracy [29]. Another study also demonstrated that the use of
RFECV on heart disease datasets can optimize Random Forest performance through more relevant feature
selection [30]. Similar findings were reported in this study where this method produced high F1-score and
recall values after the feature selection process [31]. Based on this evidence, the application of RFECV in the
classification of premature heart contractions is expected to enhance PAC classification performance, reduce
overfitting, and improve inter-patient generalization.

This study proposes a classification framework for premature heart contractions into normal, PAC,
and PVC classes by applying RFECV for feature selection and integrating KNN with LightGBM in an
ensemble model. This combination aims to produce a model that is both highly accurate and computationally
efficient, while also being easy to understand. The study utilizes shapley additive explanations (SHAP) to
quantify the contribution of each feature to the decision. This makes the results more transparent and clinically
meaningful. This approach should improve the classification of minority classes, such as PAC and PVC, and
enhance the model’s ability to generalize across patients.

2. METHOD

Figure 1 shows the stages of classifying premature contractions used in this study. These stages
include preprocessing, feature extraction, selection of classification features, and evaluation of classification
results using parameters recall, precision, and F1-score. All of these stages were systematically designed to
ensure the accuracy of ECG signal detection in identifying types of premature contractions.

2.1. Data

The data used in this study are one-dimensional ECG signal data obtained from the MIT-BIH
Arrhythmia database [32]. The ECG signals were digitised at a sampling frequency of 360 Hz with 11-bit
resolution in the range of 10 mV. There was a total of 48 ECG recordings, each consisting of two channels: the
upper MLII channel and the lower V1, V4, V5, and V6 channels, which varied for each recording. In this study,
data from only one channel, MLII, were used because the electrical activity recorded by MLII corresponds to
the direction of cardiac impulse conduction, and the QRS complex shape is best visualized in the MLII channel
[33]. In addition, wearable studies demonstrate that PAC/PVC detection can be performed in a single-lead
format (e.g., a 15-second wearable ECG) and that a single lead provides sufficient signal to detect premature
beats [34]. In this study, not all ECG recordings were used, only recordings numbered 100, 101, 103, 105, 106,
108, 112, 116, 118, 119, 124, 200, 201, 202, 203, 205, 207, 208, 209, 213, 214, 215, 219, 220, 221, 222, 223,
228, and 232 were used. The determination of these recordings was based on several criteria, including that
recording used for training data would not be used for test data and that recordings came from the upper MLII
channel (inter-patient). The selection and division of recordings used for training data and test data followed
the same selection and division process as those carried out by Shi et al. [33].
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Figure 1. Proposed method

2.2. Preprocessing

The ECG signals obtained from the database were cleaned using a median filter with a width of 200 ms
and 600 ms to eliminate baseline wander [26]. Meanwhile, high-frequency power line noise was removed using
a Butterworth low-pass filter (LPF) with a cut-off frequency of 40 Hz [26]. Next, PQRST signal segmentation
was performed by taking 130 samples before and 170 samples after the R position [35].

2.3. Feature extractions

In this study, various types of features from several domains were used, including temporal, spectral,
statistical, and R-R peak interval morphological features. Temporal, spectral, and statistical feature extraction was
performed using the time series feature extraction library (TSFEL) available in Python, which provides a variety
of features for analysing time signals [36], [37]. Meanwhile, for the R-R interval morphology domain, this study
employed four main features: R Position, Pre_R, Post_R, and Local_R [26], [38]. Pre_R is defined as the interval
between the observed R and the previous R. Meanwhile, Post_R is the interval between the observed R and the
subsequent R, and Local_R is defined as the average of 10 R-R intervals around the observed R.

2.4. Feature selections

Feature selection is performed to reduce computational load. During this stage, feature scaling takes
place, followed by the removal of features with low variance. The process continues with Pearson correlation
analysis and concludes with feature ranking using RFECV. The features obtained are first scaled to normalise the
values, ensuring they fall within the same range. This is done using the standard z-score, which relies on the mean
(1) and standard deviation (s) of the sample. After scaling, features with low variance are removed using the
Python library VarianceThreshold(), eliminating those below a set threshold. The remaining features are then
checked for correlation; in Python, the Pearson correlation calculates the correlation values. Any features with a
correlation above 0.7 are removed, as 0.7 already indicates a very high correlation between two features [39].
Highly correlated features cannot accurately represent the distinct characteristics of the three classes, potentially
compromising classification accuracy. Finally, RFECV is employed to rank and select the most predictive features
using random forest as an eliminator with 5-fold cross-validation. Starting from all remaining features, RFECV
iteratively removes the least important feature based on importance scores obtained from the random forest model
trained on the full training set. Each resulting feature subset is evaluated using 5-fold cross-validation, where the
same subset is tested across all folds and the validation performance is averaged. The feature subset achieving the
highest average cross-validation performance is selected as optimal [40]-[42]. By selecting features based on
averaged performance across folds rather than a single data split, RFECV implicitly promotes feature stability,
improves generalizability, and reduces the risk of overfitting.

2.5. Classification

In the classification process, the imbalance in the number of annotations between the majority and
minority classes in the training data often becomes a serious problem because the model tends to be biased
towards the majority class and ignore the minority class. Since the amount of data for the normal, PVC, and
PAC classes in the training data is unbalanced, the synthetic minority over-sampling technique (SMOTE) is
used as a data balancing method in the training data. SMOTE works by generating synthetic samples in the
minority class, not simply duplicating data, but by creating new data through interpolation between existing
minority samples and their neighbours in feature space. Thus, the class distribution becomes more balanced,
allowing the model to learn patterns from the minority class more effectively, which improves classification
performance, particularly on metrics such as recall and F1-score. After data balancing, training and testing are
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performed using the selected machine learning models. Hyperparameter tuning for KNN, LightGBM, and the
ensemble classifier is conducted using GridSearchCV with stratified 5-fold cross-validation to evaluate
combinations of their respective parameters.

2.5.1. KNN

KNN is one of the simplest supervised machine learning algorithms. This means that KNN requires
labels as output to recognise patterns between input and output. KNN is a non-parametric algorithm that makes
no assumptions about the data. The working principle of KNN is to select a number of K-nearest data points
as the basis for determining the class. KNN will calculate the distance from the observed data to all data points
in the dataset. Next, the K-nearest data points is selected, and the number of each class is calculated from these
K-nearest data points. The data being observed will be classified into the class with the most numerous K-
nearest data points around it. Some important parameters in KNN include the number of neighbours
(n_neighbours) and the weights of each neighbour data point that are taken into consideration.
Hyperparameter tuning is performed on both parameters, where the variation in n_neighbours isn = 4 — 10.
As for the weight, it is “distance” and “uniform”.

2.5.2. LightGBM

LightGBM is an algorithm from the tree-based learning group that utilizes the gradient boosting
technique. It works similarly to a decision tree, but the difference lies in how the model builds decision trees
iteratively. In LightGBM, each new tree is built to improve on the errors of the previous tree by minimizing the
loss function using the gradient descent method. Unlike other algorithms, LightGBM uses a leaf-wise growth
approach, whereby trees are developed at leaves that have the greatest potential for loss reduction. This approach
makes LightGBM more efficient and capable of producing higher accuracy with fewer iterations, especially on
large datasets. To determine the prediction results on new data, LightGBM will sum the contributions of all the
trees that have been built. The final result is a combination of all these trees, enabling the model to provide more
stable and accurate predictions. To obtain robust results, hyperparameter tuning is performed for several important
parameters, including the number of estimators [100, 200], maximum tree depth [3, 5, 7], learning rate [0.001,
0.01, 0.1], maximum number of leaves in each tree [31, 63], and subsample [0.6, 0.8, 1.0].

2.5.3. Ensemble learning

Ensemble learning is a combination of several machine learning algorithms that work together to
perform a specific function, such as classification. The advantage of ensemble learning is that it can produce a
general and balanced classification method, ensuring that the classification results in each class are not too
disparate. The ensemble learning approach employed in this study utilizes a voting classifier strategy with soft
voting. Voting classifiers utilise the advantages of each machine learning method used to predict or classify a
class. Figure 2 illustrates the operation of the soft voting classifier. In soft voting, each machine learning
method does not directly assign a class to the classified data but provides different prediction probabilities (p,,)
for each classified class. If there are n classes, each machine learning method will provide p,, for each class. In
addition to the prediction probability, another important parameter is the weight (w;). Machine learning users
can determine the weight they want to assign; however, if it is not specified, the system assigns the same weight
to each machine learning method. After each machine learning method performs the classification process, the
sum of the weight w; and the prediction probability p,, of each machine learning method will be calculated.
The observed data will be classified according to the class with the highest value. Similar to other methods, w;
or the weights for both machine learning models will be varied as follows: [0.9;0.1], [0.8;0.2], [0.7;0.3],
[0.6;0.4], [0.5;0.5]. The first number indicates the weight for machine learning 1, and the second number
indicates the weight for machine learning 2.

Classification performance is evaluated using precision, recall, and F1-score, which are particularly
informative for imbalanced datasets. These metrics are derived from the confusion matrix, which comprises
true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN). In addition, McNemar’s
test is employed to statistically assess the significance of performance differences between classifiers based on
paired predictions on the same test set.

Precision = ——— x 100 (D)
TP+FP
Recall = —2— x 100 )
TP+FN
F1 score = 2X(PrecisionXRecall) % 100 (3)

Precision+Recall
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2.6. SHAP (features interpretation)

SHAP is a method for interpreting machine learning models by fairly measuring the contribution of
each feature to a prediction using Shapley values from cooperative game theory [43], [44]. By calculating how
predictions change when features are added or removed, SHAP ensures interpretability based on local
accuracy, consistency, and the presence of missing values. In this study, SHAP was used to explain the best
ensemble model’s ECG-based heart contraction classification, providing transparency and clinical relevance.

The SHAP results are visualized in two ways: a summary plot and class-specific plots. In class-
specific plots, the x-axis shows the SHAP value, representing the direction and magnitude of each feature’s
influence on the probability of predicting a given class. Dots represent samples, with color indicating original
feature values (red for high, blue for low). Red points on the right indicate that a high feature value increases
the likelihood of that class, while blue points on the right or red points on the left show the opposite. The
summary plot ranks feature globally by their average absolute SHAP value, highlighting the most influential
features in the model.
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Figure 2. Flow chart soft voting classifier

3. RESULTS AND DISCUSSION
In this section, it is explained the results of research and at the same time is given the comprehensive
discussion.

3.1. The classification results of KNN

The selection of hyperparameter k = 4 with distance weighting means the KNN model decides based
on the four nearest data points. Data closer in distance contributes more to the decision. This makes the model
sensitive to the local structure of the data. For example, if there is a ‘PAC’ class example in an area where most
nearby data are “PVC” or ‘N’, the model will lean towards the dominant class. Distance weighting reduces the
‘vote tie’ effect compared to uniform weighting. However, it increases the impact of each nearest data point,
which could be an outlier or nearly identical between classes (class overlap). This combination of k = 4 and
distance weights resulted in high overall accuracy. The trade-off: the minor PAC class suffered from low recall.
Although the detection of PAC when predicted was quite accurate, many PAC data points were not recognised
as PAC.

Figure 3 show the classification results of KNN. The classification results using KNN showed excellent
performance in the normal class, with a recall of 97.45% and a precision of 98.5%, indicating that nearly all
normal samples were accurately detected with a very low error rate. In the PVVC class, the model was also quite
reliable with a recall of 93.39% and precision of 88.47%, although there were still a number of false positives,
mainly from the PAC class. Meanwhile, the PAC class had relatively lower performance, as indicated by a recall
of 81.1% and a precision of 87.26%, where most of the original PACs were classified as PVVC. This indicates
feature overlap between PAC and PVC, as well as limitations in the representation of PAC data. Overall, the
model’s accuracy reached 94.18%, with the primary challenge being to improve the sensitivity of PAC detection.
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3.2. The classification results of LightGBM

After the tuning process, the LightGBM model was selected with the following parameters:
n_estimators = 200, learning_rate = 0.1, max_depth = 5, num_leaves = 31, and partial sample and
feature settings, specifically subsample = 0.8. This combination balances model complexity and generalisation
ability: max_depth =5 limits the maximum depth of the tree so that it is not too deep, thereby reducing the risk
of overfitting; num_leaves = 31 provides an adequate number of leaves so that the tree is still flexible enough
to capture data variations in each boosting iteration, but is not too complicated. Learning_rate = 0.1 sets a
moderate learning speed, allowing many trees (ensembles) to contribute gradually, while n_estimators =
200 provides enough boosting rounds for the model to learn complex patterns. The subsample setting of 0.8
(selecting 80% of data rows per iteration) introduces an element of randomness that helps reduce overfitting
and improve robustness. The random state is set so that the results can be reproduced. Overall, this tuning
appears to have successfully created a good trade-off between bias and variance, enabling the model to
generalize strongly while still capturing important patterns without excessive overfitting.

In this study Figure 4 show the classification results of LightGBM, the classification model
demonstrated a very high capability in recognizing class N, with a precision of around 98.15% and a recall of
nearly 99.82%, resulting in a class N F1-score of approximately 98.98%. This means that the model made
almost no mistakes in predicting samples from class N, where out of 2,237 data points, only 4 were
misclassified. For the PVC class, the performance was also quite good: PVC recall was around 95.38%, while
precision was in the range of 88.22%, resulting in an F1-score of 91.66%. This indicates that most PVC samples
were successfully recognized, although there were still prediction errors from other classes, especially PAC,
which was also misclassified as PVC. The PAC class, despite achieving a high precision of 95.19%,
experienced a significant decrease in recall of approximately 71.49%, resulting in a PAC F1-score of only
81.65%. This reflects that although many data were successfully classified as PAC, 27% of PAC samples were
not identified as PAC and were classified into the PVC class. The difference in metrics between classes clearly
shows that the model’s performance is more consistent and reliable for classes with higher prevalence, such as
N and PVC. In contrast, for minority classes, such as PAC, despite high precision, sensitivity remains relatively
low in this dataset and evaluation setting.

3.3. The classification results of ensemble learning

In this ensemble learning approach, KNN and LightGBM were utilized with parameters derived from
previous hyperparameter tuning. Meanwhile, the soft voting weights that yielded the optimum results were
[0.6, 0.4] for each machine learning model. The classification results in Figure 5 obtained indicate that the
model exhibits very high performance for the N class, with a precision of approximately 98.75% and a recall
of approximately 99.06%, resulting in an F1-score of approximately 98.90%. These figures indicate that the
model almost always succeeds in correctly recognising N samples and makes very few false positives and false
negatives in this class. For the PVC class, the performance is also strong. The precision of PVC predictions
reaches 90.59%, indicating that most PVC predictions are correct, although there are a number of incorrect
predictions from other classes. The PVC recall reaches 94.43%, meaning that most PVC samples are
successfully identified. The F1-score for the PVC class reached 92.47%, indicating a good balance between
precision and recall for the PVC class, although not as high as that of the N class. Meanwhile, the PAC class
showed slightly different results. The PAC precision was quite high, reaching 89.91%, indicating that when
the model predicted PAC, the prediction was relatively reliable. However, the PAC recall is lower, at around
80.52%, which means that a proportion of PAC data is not successfully detected as PAC (approximately 19-
20% of PAC samples are predicted as other classes, especially PVC). The PAC F1-score is approximately
84.96%, indicating that although the PAC prediction is quite precise, the overall performance of the PAC class
is still affected by the relatively low recall value. The differences in these metrics consistently show that classes
with higher prevalence (particularly the N class) achieve the most optimal performance, while minority classes,
such as PAC, despite obtaining good precision, still experience a gap in sensitivity (recall). In the context of
applications where errors in detecting the PAC class carry significant weight, the lower recall of PAC becomes
a critical point in interpreting performance. For scientific reports, the margin between precision and recall for
each class is important to note, as it indicates the model’s bias towards the dominant class in the dataset, and
shows that an overall evaluation using only accuracy or global metrics may mask the relatively weak
performance on smaller classes [45]. In this study, soft voting weights were varied using discrete increments
to provide a transparent and computationally efficient comparison. While this approach was sufficient for
identifying an effective ensemble configuration, more advanced optimization methods such as Bayesian
optimization or evolutionary algorithms could be explored in future work to potentially further improve
ensemble performance.
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3.4. Discussion

Table 1 shows the classification results of the KNN, LightGBM, and ensemble learning algorithms.
In evaluating performance between single methods and ensemble methods, LightGBM showed sufficient
performance and prediction stability compared to KNN. LightGBM, a tree-based gradient boosting algorithm,
captures complex feature interactions through a leaf-wise growth strategy that iteratively selects the leaf with
the maximum loss reduction, often leading to deeper trees and better predictive performance [46], [47].
Conversely, KNN has an advantage in recall or sensitivity in classifying PAC. This is because KNN is a method
that relies on the nearest neighbouring class in the feature space, so when PAC samples are in a local cluster
that has similar, KNN will be better able to classify the PAC class correctly, even though the number of PACs
is smaller than other classes. Meanwhile, LightGBM is very effective in global error optimisation, making it
less responsive to rare local patterns (which appear in minor classes), particularly when such patterns contribute
minimally to overall loss reduction during boosting.

On the other hand, the KNN-LightGBM ensemble successfully combines the advantages of both
methods and utilises LightGBM’s strength in handling non-linear features and dataset complexity, as well as
KNN’s ability to provide sensitivity to local variability, so that this ensemble shows an improvement in metrics
such as recall and F1-score in minor classes compared to the two single methods. More generally, ensemble
approaches tend to achieve better results in imbalanced data [48]-[51]. This trend is reflected in our findings,
where the ensemble model shows enhanced detection performance especially for minority classes such as PVC
and PAC. Therefore, from a scientific point of view, the KNN-LightGBM ensemble method was chosen as
the preferred method because the research objective emphasised the best performance in the PVC and PAC
classes. To substantiate the observed performance differences, McNemar’s test was applied to paired
predictions generated from the same test set. The results indicate that the ensemble model significantly
outperforms KNN (p = 7.66 x 1078), while no statistically significant difference is observed between the
ensemble model and LightGBM (p = 0.1359), suggesting comparable predictive performance. Importantly,
the absence of statistical significance relative to LightGBM indicates performance equivalence rather than
inferiority. Therefore, the ensemble approach remains preferable due to its higher F1-score for the PVC and
PAC classes, which are central to the objectives of this study, as well as its increased robustness achieved
through the integration of heterogeneous classifiers [52].

Based on the comparison results in Table 2, this study shows better performance compared to most
previous studies, especially in terms of the average F1-score, which reached 88.72%, higher than Mateo and
Talavera (71.42%) [23], Yang et al. (82.40%) [27], Gusev (85.01%) [24], Zakaria et al. (84.92%) [26], and
Deng et al. (average not recorded) [25]. For the PVC class, this study recorded a precision of 90.59%, a recall
of 94.43%, and an F1-score of 92.47%. These values are relatively balanced between precision and recall, and
are superior to Zakaria et al. (76%) [26] and Deng et al. (72.96%) [25]. In fact, its performance is comparable
to that of Mateo and Talavera (92.30%) [23] and Yang et al. (92.60%) [27], but with an advantage in the
balance between precision and recall. This demonstrates that the method employed is capable of reducing P\VC
classification errors without compromising sensitivity. For the PAC class, this study produced a precision of
89.91%, a recall of 80.52%, and an F1-score of 84.96%. Compared to Mateo et al., who achieved an F1-score
of only 50.58%, the improvement is very significant. However, when compared to Zakaria et al. (F1-score of
93.83%) [26] or Deng et al. (recall of 89.45%) [25], this study still lags slightly in sensitivity, especially in
recognising PAC, which is relatively fewer in number. Nevertheless, the precision of PAC in this study is much
higher than in most other studies, indicating a lower prediction error rate when the model classifies PAC. In
addition, the classification of P\VC and PAC in this study generally yields good and relatively balanced results,
compared to other studies that often show significant differences in performance between PVC and PAC.
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These results indicate that the feature selection process effectively reduced the dimensionality of the
feature space, enabling the model to learn more efficiently while focusing on the most informative variables.
Initially, Pearson correlation filtering was applied with a threshold of 0.7 to remove strongly redundant features,
simplifying the feature set before the main selection process. Subsequently, RFECV was performed, using
cross-validation at each iteration to systematically evaluate feature importance and retain only those that
contributed significantly to classification performance. This staged elimination approach not only prevented
overfitting caused by an excessive number of features but also improved model generalization and produced a
simpler yet meaningful representation of the data for clinical analysis [53]. RFECV selected several important
features, grouped as follows: morphological features (Pre_R, Local R, Post R); statistical features such as
median and kurtosis; spectral features such as median frequency, spectral distance, and spectral. While the
Pearson correlation threshold of 0.7 proved effective, alternative thresholds or other multicollinearity
diagnostics could be explored in future work to further refine feature quality.

Table 1. The classification results of all algorithms

Class Precision  Recall ~F1-Score Accuracy
KNN N 98.50%  97.45%  97.97% 94.18%
PVC  8847%  93.39%  90.86%
PAC 87.26% 81.12%  84.08%
LightGBM N 98.15%  99.82%  98.98% 94.86%
PVC 88.22%  95.38%  91.66%
PAC 95.19%  71.49%  81.65%
Ensemble learning N 98.75%  99.06%  98.90% 95.34%
PVC  90.59%  94.43%  92.47%
PAC  89.91% 80.52%  84.96%
Table 2. Comparison with other research
Other research PVC PAC Average of
Precision  Recall Fl-score Precision Recall Fl-score F1-score
Mateo and Talavera [23]  89.40%  95.38%  92.30% 51.95%  49.26%  50.58% 71.42%
Yang et al. [27] 92.60% 7220%  82.40%
Gusev [24] 85.01%
Zakaria et al. [26] 76% 76% 76% 90% 98% 93.83% 84.92%
Deng et al. [25] 72.96% 89.45%
This study 90.59%  94.43% 92.47%  89.91% 80.52% 84.96% 88.72%

3.5. SHAP-features interpretation

The results of interpreting the VotingClassifier (KNN+LightGBM) model using SHAP
KernelExplainer show that the R interval, spectral, and statistical features play a crucial role in distinguishing
between the normal, PAC, and PVC classes. The main influential features are Pre_R, Median frequency,
Spectral distance, Local_R, median, and kurtosis. The SHAP Kernel method offers high flexibility in
explaining ensemble models; however, the results can be unstable due to its reliance on stochastic sampling,
which may yield different attributions across runs. Recent studies have shown that Kernel SHAP’s instability
stems from its random neighbor selection procedure [54]. In future work, repeated SHAP analyses or
corroboration using alternative explainability methods such as LIME and permutation feature importance could
be employed to further assess the robustness of feature attributions [55], [56].

Figures 6 to 8 show the list of top features for each class. In the normal class, high Pre_R values
almost always increase the probability of a normal prediction. This effect is reinforced by statistical features
such as median and kurtosis the higher these values, the greater the support for normal classification. In the
PAC class, Pre_R, Median frequency, and Spectral distance play a major role. Low values of Pre_R, Median
frequency, Spectral distance, and Local_R generally increase the PAC prediction, as shown by blue dots on
the right side (positive SHAP values). The red dots on the right also indicate that, under certain conditions,
high values of these features can still increase the probability of PAC, suggesting feature interactions. Thus,
PAC can be triggered by low-value features or from a combination of high feature values with other factors.
In the PVC class, a similar pattern occurs: Pre_R remains dominant; Spectral distance and Median frequency
follow as key features in detecting premature ventricular beats. The blue and red dots for Pre_R on the right
side indicate that both high and low values can increase PVC prediction, depending on the context of other
features. For Spectral distance and Median frequency, high values consistently increase PVC probability. For
Absolute energy, low values drive the prediction toward the PVC class.
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Figure 9 shows the list of top features based on SHAP values. The top five features Pre_R, Median
frequency, Spectral distance, Local R, and Absolute energy were selected by the model. They are
physiologically linked to premature beats (both PAC and PVC) and normal rhythm. Pre_R represents the
interval or characteristics before the R wave. Premature beats typically affect the R-to-R interval or the
waveform around R, making features that measure the interval before or after R highly informative [34]. The
Median frequency and Spectral distance features describe changes in frequency content when the signal shows
abnormal fluctuations, such as premature beats, noise, or R-R interval variations. Local_R likely captures local
changes in the signal around the R wave. These include abnormal R-R interval changes or unusual shapes
before or after R, which signal premature beats. The Absolute energy feature reflects the total ‘strength’ of the
signal. Premature beats often cause energy surges or amplitude fluctuations, thereby increasing the overall
signal energy relative to normal signals [57], [58].

Importantly, these feature-level insights can assist clinicians by highlighting which signal
characteristics are most informative for distinguishing premature beats, potentially supporting more focused
ECG interpretation and monitoring strategies. From a system development perspective, the identification of
these key features may also guide future data collection and model refinement by prioritizing physiologically
relevant signal characteristics. Nevertheless, the identified features originate from the specific model and
dataset used in this study and do not constitute clinical confirmation. Broader clinical data, inter-patient
evaluation, and external validation are required before these insights can be reliably applied in medical practice.
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4. CONCLUSION

This study proposes a robust framework for classifying premature cardiac contractions using RFECV -
based feature selection and an ensemble of KNN and LightGBM. The model achieves high and balanced
performance across normal, PVC, and PAC classes, including under inter-patient validation, demonstrating its
reliability and competitiveness with existing approaches. SHAP-based interpretability analysis confirms that
features such as Pre_R, median frequency, spectral distance, Local_R, and absolute energy are the most
informative, supporting physiological relevance and clinical interpretability. Beyond performance
improvements, this framework provides a foundation for developing reliable and explainable arrhythmia
detection systems that can support wearable monitoring and clinical decision-support applications. Future work
will focus on validation using larger and more diverse patient populations, integration with deep learning
approaches, and evaluation of real-time implementation for practical clinical deployment.
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