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Abstract—Automated electrocardiogram (ECG) classification remains challenging because waveform-based deep-learning models
capture rich morphology, whereas clinically relevant conduction and timing intervals are not always represented explicitly. This
study investigates whether a compact interval-informed representation can retain useful discriminative information for ten ECG
beat and event categories. MIT-BIH Arrhythmia Database recordings were filtered and divided into seven-second segments. RR,
PR, and QT intervals and QRS width were summarized using minimum, maximum, mean, median, skewness, and kurtosis, yielding
24 features. To prevent information leakage, the original samples were partitioned before oversampling; feature scaling and
SMOTE were applied only to training data, while validation and held-out test data retained their original distributions. Leakage-
controlled five-fold cross-validation yielded 92.15% =+ 0.43% accuracy and 86.78% =+ 0.68% macro-F1. On the untouched 826-
sample test set, the model achieved 92.62% accuracy, 87.49% macro-F1, and 92.68% weighted F1. The most frequent bidirectional
errors occurred between Normal and Premature Ventricular Contraction beats. These results support the use of interval-statistical
features as a compact representation for multicategory ECG analysis, while showing that rare-class performance and fiducial
reliability remain limiting factors for broader clinical use.

Keywords: Electrocardiogram; Hybrid CNN-LSTM; Interval-Informed Representation; Arrhythmia Classification; Statistical
Features

1. INTRODUCTION

An electrocardiogram (ECG) records the electrical activity of the heart and supports the identification of rhythm
disorders, conduction abnormalities, and beat-morphology changes. During manual interpretation, clinicians examine
waveform patterns, beat-to-beat regularity, conduction intervals, and QRS-complex duration. This process becomes
increasingly demanding for long ambulatory recordings, as a single record may contain thousands of beats with
substantial morphological variability. The task is further complicated when categories share similar characteristics, as
in Normal and Premature Ventricular Contraction (PVC) beats, or when signal artifacts resemble QRS complexes.
These challenges motivate the development of automated methods that can provide more consistent ECG beat
classification.

The MIT-BIH Arrhythmia Database is widely used for arrhythmia-classification research [1]. Hybrid deep-
learning studies have combined CNNs with recurrent networks to learn from raw ECG beats and rhythm segments
[2], [3]. Other work has incorporated attention-based spatio-temporal modeling and imbalance-aware training on
hybrid CNN-LSTM networks [4], [5]. Lightweight 1D CNN-LSTM architectures and ensemble multi-model
approaches have also been proposed for beat-wise classification [6], [7]. Further hybrid CNN-LSTM formulations
have targeted general arrhythmia classification tasks [8], [9]. Bi-LSTM variants and CNN-LSTM models applied to
signal-based arrhythmia contemplation have likewise been reported [10], [11] Attention-based hierarchical dual-
structured RNN designs with dilated CNNs represent a further extension of this line of work [12]. More recent studies
have introduced lightweight, explainable CNN-LSTM models alongside incorporated CNN-LSTM frameworks for
ECG classification [13], [14]. CNN-LSTM-SE and ensemble CNN-BiLSTM techniques have further advanced
heartbeat classification performance [15], [16]. Optimization-enhanced CNN-LSTM networks using Aquila
optimization and hybrid CNN-BLSTM architectures have also been explored [17], [18]. Explainable attention-based
hybrid CNN-GRU models and DenseNet-ABiLSTM frameworks extend these designs toward interpretability and
multimodal signals [19], [20]. Hybrid CNN-LSTM models for IoT-based ECG monitoring and RanA-optimized deep
CNN-BiLSTM frameworks represent continued refinement of this direction [21], [22]. Most recently, lightweight
parallel CNN-LSTM networks with augmentation and joint CNN-Bi-LSTM-Transformer architectures with SHAP
explanations have been introduced [23], [24]. An attention-based CNN-GRU model with explainable artificial
intelligence has similarly been proposed for arrhythmia classification [25]. Although these approaches demonstrate
the effectiveness of end-to-end or waveform-oriented learning, their inputs generally retain substantially more
amplitude-level information than an interval-based representation.

The present study addresses a different question: whether a compact set of physiologically interpretable interval
descriptors can retain useful discriminative information for a broad multicategory task. RR characterizes beat-to-beat
regularity, PR reflects atrioventricular conduction, QRS width represents ventricular depolarization duration, and QT
encompasses ventricular depolarization and repolarization [26]. These quantities are complementary, but they do not
reproduce the complete morphology available in a raw ECG waveform. Accordingly, the proposed 24-feature
representation should be viewed as a structured dimensionality reduction of selected timing and conduction
characteristics rather than as a replacement for all waveform information.
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Several previous ECG-classification studies have evaluated hybrid deep-learning models using fewer heartbeat
categories and waveform-oriented inputs [2], [6]. Similar limitations characterize other formulations that emphasize
lightweight or explainable architectures over categorical breadth [9], [13]. This pattern also extends to more recent
optimization-based and explainable designs [19], [25] Such formulations do not necessarily include paced beats,
fusion beats, conduction abnormalities, junctional escape beats, blocked atrial premature beats, and noncardiac QRS-
like events within a single classification task. In particular, an isolated QRS-like artifact can resemble a genuine beat
and is therefore relevant in the present study as an explicit event category rather than only as preprocessing noise.

To investigate this compact-representation setting, ECG recordings are divided into seven-second segments.
Prior to interval extraction, signal quality is commonly improved using filter-based denoising techniques such as
Butterworth and Chebyshev filters [27]. Accurate delineation of the QRS complex additionally relies on robust R-
peak detection methods, including visibility-graph-based approaches [28]. Six descriptors — minimum, maximum,
mean, median, skewness, and kurtosis — are then calculated for each of the four interval families, producing 24 input
features. Statistical and interval-derived ECG features have previously been used to summarize physiologically
relevant signal characteristics [26], [29]. However, the contribution of the present study is not a claim that these
features reproduce full ECG morphology or universally outperform end-to-end models; rather, the study evaluates
how effectively an explicit multi-interval statistical representation supports ten-category ECG beat and event
classification.

The contributions of this study are threefold. First, it constructs a compact representation that combines
distributional descriptors of RR, PR, QT, and QRS intervals while explicitly acknowledging that full waveform
morphology is not retained. Second, it formulates a ten-category task covering Normal beats, arrhythmias, conduction
abnormalities, paced beats, fusion beats, and isolated QRS-like artifacts. Third, it evaluates a hybrid CNN-LSTM
using a leakage-controlled protocol in which class balancing is restricted to training data, with macro-averaged and
class-specific metrics used to complement aggregate accuracy.

2. RESEARCH METHODOLOGY

2.1 Research Stages

The research stages are illustrated in Figure 1. ECG signals from the MIT-BIH Arrhythmia Database are filtered,
divided into seven-second segments, and processed to derive RR, PR, and QT intervals and QRS width. Six statistical
descriptors are calculated for each interval family, producing 24 features per segment. The original feature samples
are then partitioned into development and held-out test sets before any oversampling is performed.

To prevent information leakage, class balancing is performed only after partitioning. The held-out test set is
never used for feature scaling, SMOTE generation, hyperparameter selection, or model fitting. Within five-fold cross-
validation on the development set, the scaler and SMOTE are fitted exclusively to the training portion of each fold;
the corresponding validation fold remains untouched. After hyperparameter selection, a final model is trained on the
complete development set using training-only scaling and SMOTE and is evaluated once on the original-distribution
held-out test set.
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Figure 1. Stages of the interval-informed hybrid CNN-LSTM pipeline

As shown in Figure 1, the framework does not provide the complete ECG amplitude sequence directly to the
model. Instead, each recording is transformed into an interval-statistical representation. This transformation is a central
distinction of the study because the CNN-LSTM processes 24 physiologically meaningful descriptors rather than raw
waveforms.

2.2 ECG Dataset and Beat/Event Categories

This study uses the MIT-BIH Arrhythmia Database available through PhysioNet [1]. The source database contains 48
two-channel ambulatory ECG recordings from 47 subjects. Each recording is approximately 30 minutes long and was
sampled at 360 Hz. The database includes beat annotations used to construct the classification labels.

Segmentation and feature extraction produced 4,128 original labeled samples. Before applying SMOTE, these
samples were stratified into a development set of 3,302 samples (80%) and a held-out test set of 826 samples (20%).
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The original class distribution and the resulting partition are reported in Table 4. SMOTE-generated samples are not
counted as independent test observations and are created only inside the training data used for model development.
The ten ECG beat and event categories used in this study are summarized in Table 1.

Table 1. ECG beat and event categories

Code Category

Paced Beat

Atrial Premature Contraction

Fusion of Ventricular and Normal Beat
Left Bundle Branch Block Beat
Normal Beat

Right Bundle Branch Block Beat
Premature Ventricular Contraction
Nodal or Junctional Escape Beat
Non-conducted P-wave or Blocked APB
Isolated QRS-like Artifact

e < BZ O T~

As shown in Table 1, the ten categories comprise Paced Beat, Atrial Premature Contraction, Fusion of
Ventricular and Normal Beat, Left Bundle Branch Block Beat, Normal Beat, Right Bundle Branch Block Beat,
Premature Ventricular Contraction, Junctional Escape Beat, Non-conducted P-wave or Blocked APB, and Isolated
QRS-like Artifact. The term “ECG beat and event categories” is used because Normal and artifact events are not
arrhythmias.

2.3 ECG Preprocessing and Segmentation

Low-frequency components were attenuated using a fifth-order high-pass Butterworth filter. The Butterworth design
was selected because it provides a smooth magnitude response within its passband [27]. The ECG recordings were
then divided into seven-second segments. This duration was selected to include enough beats for interval-statistical
calculation without producing an excessively long observation window.

Visibility-graph methods, specifically FastNVG and FastWHVG, were used for sample-accurate R-peak
identification [28]. The detected R peaks served as temporal anchors for interval construction. RR intervals were
calculated between consecutive R peaks. PR, QT, and QRS-width values were then obtained from the corresponding
P-, Q-, S-, and T-related landmarks produced by the feature-extraction routine using conventional interval definitions:
PR from P-wave onset to QRS onset, QRS width from QRS onset to QRS offset, and QT from QRS onset to the end
of the T wave [26]. The same extraction procedure was applied consistently to all seven-second segments.

Fiducial localization was not evaluated as a separate prediction task in this study. Therefore, the reported
classification performance reflects both the landmark-extraction stage and the downstream CNN-LSTM. Any
displacement or missed detection of a required landmark changes the corresponding RR, PR, QT, or QRS
measurement and propagates to the six derived descriptors (minimum, maximum, mean, median, skewness, and
kurtosis). This dependency is considered when interpreting the results and limits direct generalization to signals for
which fiducial delineation is unreliable.

2.4 Interval-Informed Statistical Feature Extraction

Each segment yielded four interval families: RR, PR, QT, and QRS width. Each family was summarized using the
minimum, maximum, mean, median, skewness, and kurtosis [26], [29]. The mean describes central tendency and was
calculated using Equation (1). The median provides a central measure that is less sensitive to extreme values, whereas
the minimum and maximum define the range of interval variation within a segment.

pX = (1/n) Ziea" xi (1)

Skewness in Equation (2) quantifies the asymmetry of an interval distribution relative to its mean. This
descriptor complements measures of central tendency because two segments may have similar means but different
distributional shapes.

Skew(X) = (1/n) Ziea® [( — pX)/0X]? &Y

Kurtosis was calculated using Equation (3), with a subtraction of three to obtain excess kurtosis relative to a
normal distribution. This descriptor characterizes the concentration of the distribution and the presence of extreme
values.

Kurt(X) = (1/n) Zimt" [(xi — pX)/0X]* — 3 )

Because four interval families and six descriptors were used, each segment was represented by 24 features. All
features were standardized using the Z-score in Equation (4) so that differences in feature scale would not dominate
model optimization.
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z=(x-w/o (4)

The original class distribution was highly imbalanced. To avoid leakage, Z-score parameters were estimated
only from the training data and then applied unchanged to the corresponding validation or held-out test data. SMOTE
[30] was subsequently fitted only to the scaled training portion of each cross-validation fold. No synthetic sample was
generated from, or introduced into, a validation fold or the held-out test set. For final model fitting, the same procedure
was applied to the complete development set after hyperparameter selection, while the 826-sample test set remained
untouched.

2.5 Hybrid CNN-LSTM Framework

The model configuration is presented in Table 2. The input consists of 24 statistical features arranged as a one-
dimensional representation. Two Conv1D layers learn local relationships among neighboring descriptors. The first
layer uses 128 filters with a kernel size of three, and the second uses 256 filters with the same kernel size. Both
Conv1D layers employ ReLU activation and are followed by MaxPooling1D with a pool size of two. The convolution
operation is expressed in Equation (5).

zi() = @It T wi, ¢, Tx c(t — T) + by) Q)

The convolutional output is flattened and passed to a 512-unit Dense layer with ReLU activation and Batch
Normalization. The representation is then reshaped into three dimensions and processed by three LSTM layers, each
containing 128 units. The first two LSTM layers use return_sequences=True, whereas the final LSTM produces a
single representation vector. Each LSTM layer is followed by Dropout at a rate of 0.5. The hidden-state and cell-state
update mechanism is summarized in Equation (6). In this architecture, the LSTM block performs a gated nonlinear
transformation of the latent representation rather than processing a sequence of raw ECG waveforms.

(hy c) = LSTM(zy, he-y, €e-1) (6)

The final representation is passed to a 512-unit Dense layer, Batch Normalization, and a ten-neuron output
layer with Softmax activation. The probability of each category is calculated using Equation (7). The model is
optimized using Adam with a learning rate of 0.001 and sparse categorical cross-entropy as the loss function.

P = exp(0x) / Zj=1° exp(0y) ()
Table 2. Configuration of the interval-informed hybrid CNN-LSTM

Stage Layer Configuration

Input Feature representation 24 statistical descriptors from RR, PR, QT, and QRS
1 Convl1D 128 filters; kernel size 3; ReLU activation
2 MaxPooling1D Pool size 2
3 ConvlD 256 filters; kernel size 3; ReLLU activation
4 MaxPooling1 D Pool size 2
5 Flatten Flattens the convolutional output
6 Dense 512 units; ReLU
7 BatchNormalization Normalizes latent activations
8 Reshape Forms a three-dimensional input for LSTM
9 LSTM 128 units; return_sequences=True
10 Dropout 0.5
11 LSTM 128 units; return_sequences=True
12 Dropout 0.5
13 LSTM 128 units
14 Dropout 0.5
15 Flatten Flattens the LSTM output
16 Dense + BatchNormalization 512 units; ReLU

Output Dense-Softmax 10 classes

Optimization Adam Learning rate 0.001; sparse categorical cross-entropy

As shown in Table 2, the architecture first extracts local relationships among the 24 interval-statistical
descriptors through two Conv1D blocks, then transforms the learned representation through a Dense stage and three
LSTM layers before ten-class Softmax classification.

2.6 Model Development and Hyperparameter Setting

The 3,302-sample development set was evaluated using StratifiedKFold with five folds, shuffle=True, and
random_state=42. For every fold, preprocessing parameters and SMOTE were fitted only on the four training
partitions, and the remaining partition retained its original class distribution for validation. A new model was
initialized for each fold. Hyperparameters were selected from the mean validation performance across folds rather
than from a single best fold.
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The search evaluated batch sizes of 32, 64, and 128 in combination with 25, 50, 75, and 100 epochs. The
configuration with the highest mean validation accuracy was selected. A final CNN-LSTM was then reinitialized and
trained on the complete development set using the selected configuration, with scaling and SMOTE restricted to that
development data, before a single evaluation on the untouched test set. Predictions were obtained from Softmax
probabilities and the final class was selected using the argmax operation in Equation (12).

2.7 Evaluation Metrics

Performance was assessed using accuracy, precision, sensitivity or recall, and F1-score. Accuracy in Equation (8)
represents the proportion of all samples classified correctly.

Accuracy = (TP + TN)/(TP + TN + FP + FN) (8)

Precision in Equation (9) is the proportion of correct predictions for a category among all samples predicted as that
category.

Precision = TP/(TP + FP) )

Sensitivity, or recall, is calculated using Equation (10) and represents the proportion of samples from a category that
are correctly identified by the model.

Sensitivity = TP/(TP + FN) (10)

F1-score in Equation (11) is the harmonic mean of precision and recall and therefore summarizes performance while
accounting for both types of error.

F1 = 2(Precision X Sensitivity)/(Precision + Sensitivity) 11

For multiclass classification, performance is reported using class-specific precision, recall, and F1-score together with
macro and weighted averages. Macro-F1 is emphasized because it assigns equal importance to each category and is
therefore less dominated by the large Normal and PVC classes. Weighted averages are retained as secondary
summaries of sample-level performance. The confusion matrix is used to show the complete distribution of errors
between true and predicted categories.

§; = argmaxy Py k € {1,...,10} (12)

3. RESULT AND DISCUSSION

3.1 Preprocessing and Class Distribution

The filtering stage yielded a Mean Squared Error (MSE) of 0.12 and a Root Mean Squared Error (RMSE) of 0.34, as
reported in Table 3. These values quantify the difference between the signals compared during filtering. Because the
study did not use a noise-free reference signal or compare multiple denoising methods, these measures are treated as
descriptive preprocessing results and are not used to claim that Butterworth filtering is superior.

Table 3. Signal measurements after denoising

Metric Value
Mean Squared Error 0.12
Root Mean Squared Error  0.34

After interval construction, six statistical descriptors were extracted from each of the four interval families.
Table 4 reports the original class distribution and the leakage-controlled 80/20 development/test partition. No global
“after SMOTE” sample count is reported because synthetic observations are generated only within each training
partition and are never included in the validation or test distributions.

Table 4. Original class distribution and leakage-controlled data partition

Code Original total Development (80%) Held-out test (20%)

/ 342 274 68
A 302 242 60
F 58 46 12
L 339 271 68
N 1,603 1,282 321
R 315 252 63
\Y% 1,094 875 219
j 27 22 5
X 22 18 4
— 26 20 6
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Code Original total Development (80%) Held-out test (20%)
Total 4,128 3,302 826

Table 4 shows the substantial natural class imbalance: Normal and PVC contribute most original samples,
whereas Fusion Beat, Junctional Escape Beat, Blocked APB, and Isolated QRS-like Artifact are rare. The held-out
test set preserves this original distribution. SMOTE is used only within training data to improve exposure to minority
categories; consequently, performance on rare test categories is interpreted with caution because only a small number
of original observations are available.

3.2 Hyperparameter Selection

Leakage-controlled hyperparameter-tuning results are presented in Table 5. Validation accuracy generally increased
with training duration across the three batch sizes. For a batch size of 32, validation accuracy increased from 88.45%
at 25 epochs to 92.15% at 100 epochs. The corresponding highest accuracies for batch sizes of 64 and 128 were
91.68% and 91.05%, respectively.

Table 5. Batch-size and epoch tuning results

Batch size  Epoch Validation accuracy (%)

32 25 88.45
32 50 90.72
32 75 91.85
32 100 92.15
64 25 87.90
64 50 89.95
64 75 91.10
64 100 91.68
128 25 86.50
128 50 89.15
128 75 90.45
128 100 91.05

As shown in Table 5, a batch size of 32 and 100 epochs produced the highest validation accuracy of 92.15%
within the evaluated search space and was therefore selected for subsequent evaluation. At this batch size, the
improvement from 75 to 100 epochs was only 0.30 percentage points, indicating that validation performance was
approaching a plateau.

3.3 Five-Fold Validation Performance

The selected configuration was evaluated using leakage-controlled stratified five-fold cross-validation on the
development set. In each fold, feature scaling and SMOTE were fitted exclusively to the training partition, while the
validation partition retained its original class distribution. As reported in Table 6, validation accuracy ranged from
91.70% to 92.80%, while macro-F1 ranged from 85.95% to 87.70%.

Table 6. Five-fold validation performance of the tuned CNN-LSTM

Fold Training accuracy Accuracy Macro precision Macro recall Macro F1-score
(%) (%) (%) (%) (%)
1 96.10 91.70 86.10 85.80 85.95
2 96.85 92.35 87.45 86.90 87.17
3 96.40 91.95 86.80 86.50 86.65
4 97.10 92.80 87.90 87.50 87.70
5 96.55 91.95 86.65 86.20 86.42
Mean + 96.60 +0.37 92.15+0.43 86.98 £ 0.69 86.58 = 0.65 86.78 + 0.68
SD

Table 6 shows a mean validation accuracy of 92.15% + 0.43%, macro precision of 86.98% + 0.69%, macro
recall of 86.58% = 0.65%, and macro-F1 of 86.78% + 0.68%. The relatively narrow variation across folds indicates
that performance remained consistent across different development-set partitions. The gap between the mean training
accuracy of 96.60% and validation accuracy of 92.15% also indicates a measurable generalization gap.

3.4 Training Behavior

The training and validation curves for the selected CNN-LSTM configuration are shown in Figure 2. Training
accuracy progressively increased toward approximately 96—97%, whereas validation accuracy stabilized near 92%. A
similar separation was observed in the loss curves: training loss continued to decrease after validation loss had largely
plateaued.
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Figure 2. Training and validation curves of the tuned CNN-LSTM

As shown in Figure 2, the model converged but exhibited a persistent training—validation gap. Validation
accuracy remained broadly stable after approximately the middle stage of training, while additional epochs continued
to reduce training loss without a corresponding improvement in validation performance. This behavior indicates
moderate overfitting and is consistent with the limited gain observed between 75 and 100 epochs in Table 5.

3.5 Unseen Test Performance and Class-Wise Error Analysis

After hyperparameter selection, a final CNN-LSTM model was reinitialized and trained using the complete
development set, with feature scaling and SMOTE restricted to the training data, and was evaluated once on the
untouched 826-sample test set. The model correctly classified 765 samples, corresponding to an accuracy of 92.62%.
Macro precision, recall, and F1-score were 87.82%, 88.12%, and 87.49%, respectively, while the weighted F1-score
was 92.68%. Figure 3 presents the corresponding confusion matrix under the original test-set class distribution.

Confusion Matrix

300
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250
A{ © 54 1 0 3 0 2 0 0 0 200
F 0 0 10 0 1 0 1 0 0 0 150
t{ o 0 0 2 1 0 0 0 0 100
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Figure 3. Confusion matrix of the hybrid CNN-LSTM on unseen test data

As shown in Figure 3, predictions were concentrated along the main diagonal, although errors were not
distributed uniformly across categories. The most prominent bidirectional confusion occurred between Normal and
PVC, with 12 Normal samples classified as PVC and 14 PVC samples classified as Normal. Because the held-out test
set retained its original distribution, the confusion matrix also reveals the uncertainty associated with categories
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represented by only a small number of original samples. Class-specific, macro-average, and weighted-average metrics
are reported in Table 7.

Table 7. Class-wise performance on unseen test data

Category Precision (%) Recall (%) Fl-score (%)
Paced Beat / 100.00 94.12 96.97
Atrial Premature Contraction A 87.10 90.00 88.52
Fusion Beat F 76.92 83.33 80.00
Left Bundle Branch Block L 98.48 95.59 97.01
Normal N 92.33 93.77 93.04
Right Bundle Branch Block R 95.24 95.24 95.24
Premature Ventricular Contraction V 92.56 90.87 91.71
Junctional Escape Beat j 80.00 80.00 80.00
Blocked APB x 100.00 75.00 85.71
Isolated QRS-like Artifact 55.56 83.33 66.67
Macro-average 87.82 88.12 87.49
Weighted-average 92.84 92.62 92.68

As shown in Table 7, class-specific performance was heterogeneous. Normal and PVC achieved F1-scores of
93.04% and 91.71%, respectively, while Paced Beat, LBBB, and RBBB each achieved F1-scores above 95%. In
contrast, the rare Fusion Beat, Junctional Escape Beat, Blocked APB, and Isolated QRS-like Artifact categories
achieved F1-scores of 80.00%, 80.00%, 85.71%, and 66.67%, respectively. Consequently, the macro-F1 of 87.49%
was lower than the weighted F1 of 92.68%, demonstrating the importance of reporting class-balanced metrics rather
than relying only on aggregate or weighted performance.

The Normal-PVC pair remained the dominant source of bidirectional error. The interval-statistical
representation summarizes timing, conduction, and within-segment interval variability but does not retain the
complete amplitude morphology available in the original ECG waveform. Therefore, although Figure 3 clearly
identifies where these errors occur, the present experiment does not establish a definitive mechanism for each
misclassification.

For the rare categories, the held-out sample counts were small: 12 Fusion Beats, 5 Junctional Escape Beats, 4
Blocked APB events, and 6 Isolated QRS-like Artifacts. Their class-specific scores should therefore be interpreted as
preliminary estimates rather than evidence of robust generalization across broader clinical populations.

3.6 Comparison with Existing Hybrid Deep Learning Studies

Table 8 compares the proposed approach with previous hybrid deep-learning studies in terms of dataset, input
representation, classification scope, validation protocol, and principal result. The comparison is contextual rather than
a direct performance ranking because the studies use different class definitions, input forms, imbalance strategies, and
partitioning protocols.

Table 8. Comparison with hybrid deep-learning studies for ECG classification

Study Dataset / Input Model / validation Main result Position relative to

categories this study
Xu et al. MIT-BIH; 5 Raw ECG CNN-BiIiLSTM; Acc. 95.90%; Raw input; fewer
[2] classes beat transfer evaluation F1 NR classes
Obeidat MIT-BIH; 6 Segmented Lightweight 1D Acc. 98.22%; Does not use
and classes ECG beat CNN-LSTM; Sens. 98.23% statistics from four
Alqudah train/test interval families
[6]
Rahuland  MIT-BIH; 5 ECG + 1D CNN-BIiLSTM;  Acc. 99.41%,; Fewer classes;
Sharma [9] AAMI classes preprocessin  10-fold CV F1 NR waveform input

g
HARDC MIT-BIH; Raw ECG +  Dilated CNN + Acc. 99.60%; More complex
[12] multiclass CGAN BiGRU/BiLSTM +  F198.21% architecture and
attention augmentation
Alamatsaz ~ MIT-BIH + Raw ECG Lightweight CNN-  Acc. 98.24%; Waveform-level
etal. [13] LTAFDB; 8 LSTM + SHAP F1 NR XAI; no PR/QT/QRS
arrhythmias + statistics
Normal

Sun et al. MIT-BIH; ECG after CNN-LSTM-SE Acc. 98.50%; Uses channel
[15] multiclass EEMD F1>98% attention

O
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Study Dataset / Input Model / validation Main result Position relative to
categories this study
Ardiyansy = MIT-BIH; ECG Attention-CNN- Not reported in ~ Previous work
ah and multiclass features GRU + LRP a directly focused on attention
Mandala comparable and XAI
[25] format
Ba Mahel Public ECG; 5 Raw ECG Attention CNN- Acc. 99.16%; Fewer classes;
etal. [19] classes GRU + XAI F199.16% attention-based
Present MIT-BIH; 10 24 RR, PR, 2 ConvlD +3 Test Acc. Compact interval-
study categories QT, and LSTM; leakage- 92.62%; macro-  statistical
QRS controlled 5-fold F1 87.49% representation; ten-
statistics development + category scope; no
untouched test claim of superiority

As shown in Table 8, several previous studies reported accuracies above 98%. However, these results were
obtained using different numbers of categories, input representations, imbalance strategies, and validation protocols
and therefore should not be interpreted as direct performance rankings. The present study achieved 92.62% test
accuracy and 87.49% macro-F1 using only 24 statistical descriptors derived from RR, PR, QT, and QRS intervals. Its
contribution is therefore the evaluation of a compact and explicit interval-statistical representation for a ten-category
task rather than superior accuracy over waveform-based approaches.

3.7 Discussion and Limitations

The leakage-controlled results indicate that statistical descriptors derived from RR, PR, QT, and QRS intervals retain
useful discriminative information for ten-category ECG beat and event classification. Five-fold validation produced
an accuracy of 92.15% + 0.43% and macro-F1 of 86.78% =+ 0.68%, while evaluation on the untouched test set yielded
92.62% accuracy and 87.49% macro-F1. The close agreement between cross-validation and held-out test performance
suggests that the observed classification capability is reasonably consistent across independent partitions.

The six descriptors summarize the center, range, asymmetry, and tail behavior of each interval distribution
within a seven-second segment. This gives the model structured information about interval variability without
exposing the full amplitude sequence. The representation is compact and physiologically interpretable, but its
dimensional efficiency necessarily removes morphology that may be useful for difficult pairs such as Normal and
PVC. The CNN-LSTM therefore learns relationships among interval-derived descriptors rather than directly learning
waveform morphology. This distinction also clarifies the role of the LSTM block: it performs gated transformations
of a latent feature representation and should not be interpreted as processing the original ECG temporal sequence.

The class-wise results show that aggregate accuracy alone does not fully characterize model performance.
Although the weighted F1-score reached 92.68%, macro-F1 was 87.49% because performance was substantially lower
for several rare categories. In particular, Isolated QRS-like Artifact achieved an F1-score of 66.67%, while Fusion
Beat and Junctional Escape Beat each achieved 80.00%. These categories contained only 4—12 observations in the
held-out test set, and their class-specific metrics should therefore be interpreted cautiously.

Normal and PVC represented the most prominent bidirectional confusion, with 12 Normal samples classified
as PVC and 14 PVC samples classified as Normal. Both classes nevertheless maintained F1-scores above 90%.
Because the proposed model operates on interval-statistical features rather than full waveform morphology, the present
results identify the location of these errors but do not establish a definitive morphological mechanism for individual
misclassifications.

A practical strength of the approach is its compact 24-feature input representation. However, input compactness
does not make the entire classifier computationally trivial. Based on the stated architecture and a 24x1 input, the CNN-
LSTM contains approximately 1.09 million parameters, corresponding to about 4.2 MB of FP32 weights. This scale
is manageable on general-purpose computing platforms but remains non-trivial for low-power embedded deployment,
and device-specific latency, memory, and energy consumption have not yet been measured.

Practical performance also depends on reliable ECG fiducial-point delineation. FastNVG/FastWHVG supplies
the R-peak anchors, while PR, QT, and QRS-width estimation additionally depends on the P-, Q-, S-, and T-related
landmarks used by the feature-extraction routine. Any localization error propagates directly into the interval
measurements and the six statistical descriptors presented to the classifier. Because fiducial accuracy was not
benchmarked as a separate endpoint, broader application requires validated delineation and quality-control procedures
for segments in which landmark extraction is unreliable.

The study has several remaining limitations. First, the training curves indicate moderate overfitting. Second,
the dataset contains very few original observations for several minority categories, making class-specific estimates
unstable even when SMOTE is restricted to training data. Third, evaluation is limited to the MIT-BIH Arrhythmia
Database without external validation. Fourth, a seven-second segment may contain heterogeneous beat patterns, while
the compact representation does not retain complete waveform morphology. Fifth, classification remains dependent
on accurate fiducial-point localization, which was not evaluated independently from the downstream model. Finally,
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computational feasibility on portable medical hardware has not yet been established. These limitations define the next
steps: external validation, validated fiducial delineation, and deployment-oriented optimization and benchmarking.

4. CONCLUSION

This study investigated an interval-informed hybrid CNN-LSTM for ten-category ECG beat and event classification
using 24 statistical features derived from RR, PR, QT, and QRS intervals. To prevent information leakage, the original
samples were partitioned before oversampling, with feature scaling and SMOTE restricted to training data while
validation and held-out test sets retained their original distributions. Leakage-controlled five-fold cross-validation
achieved 92.15% + 0.43% accuracy and 86.78% + 0.68% macro-F1. On the untouched 826-sample test set, the model
achieved 92.62% accuracy, 87.49% macro-F1, and 92.68% weighted F1. Normal and PVC remained the most frequent
bidirectional confusion, while performance for several rare categories was less stable because of their small original
sample counts. These findings demonstrate that a compact interval-statistical representation can retain useful
discriminative information for multicategory ECG classification, although it does not preserve complete waveform
morphology. The observed training—validation gap, dependence on reliable fiducial-point delineation, limited
minority-class support, absence of external validation, and computational requirements of the approximately 1.09-
million-parameter model remain important limitations. Future work should focus on external validation, validated
ECG delineation, and deployment-oriented optimization and evaluation.
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