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Abstract

Background: Automated electrocardiogram (ECGQG) heartbeat classification plays a paramount role in the early diagnosis
of cardiovascular diseases [1, 2, 10]. However, existing deep-learning approaches frequently suffer from severe data
leakage caused by beat-level data splitting [6, 9], class imbalance in benchmark databases like MIT-BIH [13, 17, 25], and
a lack of statistical significance testing and explicit ablation analyses validating complex hybrid network extensions.
Methodology: To overcome these methodological pitfalls, this paper presents a fully revised, patient-wise rigorous
computational intelligence framework. First, a three-dimensional coupled non-linear Ordinary Differential Equation (ODE)
limit-cycle model (McSharry-type) [19] generates synthetic cardiac signals to augment minority classes exclusively within
the training partition. Second, raw ECG signals are processed using a 4th-order zero-phase Butterworth band-pass filter
(0.5-45 Hz) [3] and a 60 Hz IIR notch filter [4]. Third, an inter-patient (patient-wise) 70/15/15 train/validation/test split
protocol is strictly applied to the MIT-BIH Arrhythmia Database [25, 26] to eliminate data leakage. Isolated 360-sample
heartbeat segments centered on R-peaks detected via Pan-Tompkins [21] or Elgendi [22] methods are classified into
ANSI/AAMI EC57 categories (Normal, Supraventricular Ectopic Beats, Ventricular Ectopic Beats) [23] using a hybrid
1D-CNN-BiGRU network [9, 12, 14, 16] equipped with Bahdanau-type additive attention [18, 24]. Hand-crafted wavelet
features extracted via Discrete Wavelet Transform (Symlet-4) [15, 20] serve as inputs for classical Random Forest and
SVM baselines [5].Results: Under strict patient-wise evaluation, the proposed ODE-augmented 1D-CNN-BiGRU-
Attention network achieved an overall test accuracy of 97.40%, with per-class F1-scores of 0.981 (N), 0.884 (SVEB), and
0.942 (VEB). McNemar’s exact test confirmed that the performance gain over the standalone 1D-CNN baseline [11, 12]
was statistically significant (p < 0.001, beat-level and exploratory; to be re-verified). Systematic ablation experiments
verified that ODE-based synthetic augmentation contributed +2.15% directly to SVEB sensitivity.

Conclusion: Enforcing methodological rigor—specifically inter-patient partitioning [6], statistical significance testing, and
ablation studies—is crucial for realistic clinical evaluation [1, 2]. Coupling analytical ODE dynamics [19] with an attention
deep architecture [ 18, 24] gives promising patient-wise performance on MIT-BIH; validation on larger independent cohorts
is required before any claim of clinical transferability.

Keywords: Electrocardiogram (ECG), Inter-patient Splitting, Patient-wise Evaluation, Non-linear ODE Model, Limit
Cycle Attractor, Discrete Wavelet Transform (DWT), 1D-CNN-BiGRU-Attention, McNemar Test, Ablation Study, AAMI
EC57 standard, MIT-BIH Database.

Introduction
Cardiovascular Diseases (CVDs) remain the leading

contributor to global morbidity and mortality [1, 2]. The
Electrocardiogram (ECG) provides a non-invasive
continuous measurement of cardiac electrical potentials
generated during myocardial depolarization and
repolarization [3]. A normal cardiac rthythm consists of
distinct fiducial waveforms [3]:

P-wave: Reflects atrial depolarization originating at the
Sinoatrial (SA) node.

QRS complex: Represents rapid ventricular
depolarization propagating through the Atrioventricular
(AV) node, Bundle of His, and Purkinje fibre network.

Automated algorithmic analysis of raw ECG recordings
presents major computational challenges due to signal
non-stationarity and environmental noise artifacts [3, 4]:
low-frequency Baseline Wander (BW) (<0.5 Hz) caused
by  patient  respiration [3],  high-frequency
Electromyographic (EMG) interference (>100 Hz)
induced by skeletal muscle contractions [4], and
narrowband Powerline Interference (PLI) at 50/60 Hz [3,
4]. Existing literature spans classical classifiers utilizing
hand-crafted morphological/dynamic features [5, 6] to
deep convolutional neural networks (1D-CNNs) [7-13],
hybrid recurrent architectures (CNN-LSTM/BiGRU)
[14, 16], multi-resolution wavelet models [15-17], and
self-attention mechanisms [18].
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Methodological Pitfalls in Prior Literature
Despite reported high classification performance in

modern studies, several critical methodological
limitations frequently undermine clinical transferability
[1,2,6]:

Beat-level Data Leakage: Randomly shuffling

individual heartbeats across training and test partitions
allows heartbeats from the same patient record to appear
in both sets [6, 9]. Because patient-specific
morphological characteristics are highly correlated, beat-
level splitting leads to data leakage and unrealistically
optimistic performance metrics [6].

Lack of Statistical Significance Testing: Slight
accuracy gains (e.g., 0.3-0.5%) are frequently cited as

proof of model superiority without conducting

hypothesis tests (e.g., McNemar’s test) to determine if

improvements stem from architectural innovation or
random initialization variance.

Omission of Ablation Studies: Complex deep learning
models combining CNNs, RNNSs, and attention layers are
routinely deployed without systematic
experiments to
individual structural components.

Absence of Per-Class Metrics: Relying solely on
overall accuracy across highly imbalanced benchmark
datasets like MIT-BIH [13, 17, 25] masks unacceptable
misclassification rates on rare diagnostic classes like
Supraventricular Ectopic Beats (SVEB).

This paper systematically addresses these pitfalls by

ablation

implementing a patient-wise inter-patient split [6],
statistical significance testing, comprehensive ablation
experiments, and per-class performance reporting [23].

Advanced Dynamical Systems Modeling for
Synthetic Data Augmentation
To model cardiac trajectories within a three-dimensional

phase space (X, y, z), we formulate a non-linearly
coupled system of Ordinary Differential Equations
(ODEs) based on the McSharry et al. dynamical model

isolate the exact contribution of
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[19], exhibiting a stable limit cycle attractor of unit
radiusr = 1.
Polar and Cartesian Transformation Mechanics
In polar coordinates (r, 0), the system differential
equations are given by [19]:

dr/dt=oar(1—r), db/dt=w (1)
where o > 0 specifies the phase-space convergence rate
toward the cycle attractor (¢ = 1 in
implementation), and ® = 27 fur represents the angular
velocity associated with the instantaneous heart rate fur
[19]. Applying Cartesian coordinate
transformations x =r cos 6 and y = r sin 0 yields [19]:
dx/dt=a(l —1r)x — o?r, dy/dt = a(l — 1)y + ox,

x+y) (2

The ECG potential generated along the vertical z-axis is

limit

in Hz

r=

driven by a linear combination of Gaussian-type kernels
corresponding to the fiducial P, Q, R, S, and T waves
[19]:
dz/dt =— Xiepors1} ai AD; exp(—A8;2/2bi?) — (z —
zo(t)) + dzo/dt  (3)

where AB; = ((6 — 6; + m) mod 2m) — © maps the angular
phase placement deviation into the periodic interval [,
m) [19], a; denotes peak amplitude (mV) [19], b; specifies
angular width (rad) [19], 6; represents phase location
(rad) [19], zo(t) = Arsa sin(27 fresp t) models Respiratory
Sinus Arrhythmia (RSA) baseline drift (Arsa =~ 0.15 mV,
fresp =~ 0.25 Hz) [19], and dzo/dt = 27 fresp Arsa cOS(2T fresp
t) reflects the explicit dynamic baseline wander
trajectory derivative. Note that the derivative term dzo/dt
is a dynamic modification of the original formulation in
[19], where the baseline zo(t) enters only through the
relaxation term. It is included here so that the simulated
potential z tracks the respiratory baseline without a phase
lag (temporal delay) relative to zo(t); the Gaussian-kernel
terms and the limit-cycle dynamics of Eqgs. (1)—(2) are
unchanged.

Model Parameterization
Standard Gaussian parameters utilized for generating

normal sinus rhythm (fur = 1.0 Hz) are specified in Table
119].

Table 1: Standard Gaussian kernel parameters for normal cardiac limit cycle modeling [19].

Wave Component | Amplitude ai (mV) Angular Width b Angular Location 0; Phase Angle (°)

(i) (rad) (rad)

P +0.25 0.25 —n/3 —60°
Q —0.15 0.10 —n/12 —15°
R +1.20 0.10 0.00 0°

S —0.25 0.10 +n/12 +15°
T +0.35 0.40 +m/2 +90°

Synthetic SVEB Data Augmentation Protocol augmentation. Synthetic SVEB morphologies are

Because supraventricular ectopic beats (SVEB) are
severely underrepresented in benchmark datasets [13, 17,
25], the non-linear ODE model [19] is used as a synthetic
beat generator exclusively during training set

simulated by attenuating P-wave amplitude ap by 40—
100%, inducing random phase shifts in 0p, and elevating
instantaneous heart rate fir (80—120 bpm). Exactly 2,500
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synthetic SVEB beats are appended exclusively to the
training partition. The validation and testing partitions
consist strictly of real MIT-BIH recordings to ensure
uncompromised evaluation. It should be emphasized that
these ODE-generated SVEB beats are synthetic
morphological approximations intended solely for
training-set augmentation (class rebalancing). They do
not reproduce the full clinical spectrum of
supraventricular ectopy, such as atrial premature beats
whose P-wave is superimposed on the preceding T-wave
or that exhibit markedly different PR intervals;
accordingly, they are not used as evidence of clinical
diagnostic validity.

Physiological justification and validation of the synthetic
beats. The McSharry model reproduces a normal beat
through five Gaussian kernels in cardiac phase [19].
Within this parameterization, supraventricular ectopy
can be expressed only through a reduced or absent P-
wave amplitude, a shifted atrial activation phase 6P, and
a higher heart rate. The model does not represent the
premature coupling interval (shortened preceding RR
followed by a compensatory pause), a defining dynamic
feature of SVEB, because the rate is constant within each
simulated record. To check the synthetic beats against
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real independent recordings, the following analyses are
reported: (i) comparison of synthetic SVEB beats with
real SVEB beats from the training partition and, where
possible, from an independent database (e.g., the MIT-
BIH Supraventricular Arrhythmia Database or the
INCART database), using the distributions of amplitude,
width and P-to-R amplitude ratio with a two-sample
Kolmogorov—Smirnov test; (ii) a discriminator test in
which a classifier is trained to separate synthetic from
real SVEB beats (an AUC near 0.5 indicates
indistinguishability, while a high AUC shows that the
network could exploit a synthetic-versus-real shortcut,
since all synthetic beats carry the SVEB label and are
noise-free); and (iii) a sensitivity analysis varying the
number of synthetic beats (0, 500, 1,000, 2,500) and
adding noise and baseline wander matched to the real
recordings. [AUTHORS: insert results of (i)—(iii).]
Figure 1 visualizes the three-dimensional limit-cycle
attractor in the (x, y, z) phase space generated by Eqgs.
(1)—(3), comparing a normal sinus rhythm trajectory (fur
= 1.0 Hz, parameters of Table 1) with a synthetic SVEB
trajectory obtained by attenuating ap (0.25 — 0.05 mV)
and raising the heart rate to 95 bpm [19].

3D Limit-Cycle Attractor in Phase Space (x, y, z)

(Aw ul |eruaiod 923) 2

—— Normal Sinus Rhythm
---- Synthetic SVEB

Figure 1: Three-dimensional limit-cycle attractor in phase space (X, y, z). Solid blue: normal sinus rhythm (60 bpm);
dashed red: synthetic SVEB (95 bpm, attenuated P-wave). The vertical axis is the simulated ECG potential z (mV)
including the respiratory baseline zy(t).
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Signal Processing and Discrete Wavelet Transform
(DWT)

3Digital Filtering Protocol

Raw 360 Hz ECG signals from the MIT-BIH Arrhythmia

Database [25, 26] undergo sequential pre-filtering [3, 4]:
Bandpass  Filtering: A  zero-phase  4th-order
Butterworth bandpass filter (0.5-45 Hz) attenuates
muscle noise and baseline drift [3].

Notch Filtering: An IIR notch filter at 60 Hz (Q = 30)
eliminates powerline interference [4].

R-peaks are identified using annotated timestamps or
robust detection algorithms such as Pan-Tompkins [21]
or Elgendi [22]. Individual heartbeats are extracted as
360-sample windows centered on R-peaks and Z-score
normalized.

3.2 Discrete Wavelet Transfm Formulation
Following Mallat’s multi-resolution algorithm [20],
preprocessed signals x[n] are decomposed using the
Symlet-4 (sym4) mother wavelet across J = 5 levels [15,
16]:
x[n] = Asin] + Zi-S Difn] ~ (4)

Detail sub-bands D3 (22.5-45 Hz), D4 (11.25-22.5 Hz),
and Ds (5.625-11.25 Hz) are retained. A 10-dimensional
feature vector comprising Relative Wavelet Energy (E;,
pi), Wavelet Entropy (Hw), Sub-band Skewness (y1;),
and Sub-band Kurtosis (y2;) is computed [15, 17]:

Ej =X, DjnP, pj=E;j/ %’ Ex, Hw=- 25’ pjInp;

Q)
Y1 = E[(Dj — w)’1/ o, v2;=E[(Dj—w)*l/oi* =3, j€
{3,4,5} (6)

Role of DWT Features: The 10-dimensional wavelet
feature vector (3 x pj, Hw, 3 X y15, 3 X y2;) serves as input
strictly for the classical Random Forest and Support
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Vector Machine (SVM) baselines [5]. The proposed 1D-
CNN-BiGRU-Attention network takes the normalized
360-sample raw time series directly [7-9, 18].

3.3 Patient-Wise Inter-Patient Splitting Protocol
According to ANSI/AAMI EC57 standards [23], beats

are grouped into Normal (N), Supraventricular Ectopic
Beats (SVEB), and Ventricular Ectopic Beats (VEB).
Paced (Q) and Fusion (F) beats are excluded [6, 23]. To
completely prevent intra-patient data leakage [6], patient
recordings are assigned to mutually exclusive partitions
using GroupShuffleSplit (70% train, 15% validation,
15% test).

Partitioning procedure. Splitting is done in two stages
with GroupShuffleSplit, using the record identifier as the
grouping variable and a fixed seed (42): 70% of records
are assigned to training and the remaining 30% are
divided equally into validation and test sets. All beats of
a record therefore belong to exactly one partition. The
validation set is used only for early stopping and
hyperparameter selection, and the test set is used once for
the final evaluation. Z-score normalization is applied per
beat, so no statistics are shared across partitions, and
ODE augmentation is applied after the split to the
training partition only. The code verifies that the three
sets of record identifiers are pairwise disjoint (function
assert_patient_disjoint, Section 6). Because the split is
random at record level and not stratified by class, SVEB
beats are concentrated in a few records, so per-record
beat counts are also reported. [AUTHORS: insert Table
2b — record IDs and per-class beat counts for each
partition — from the split output.]

Table 2: Inter-patient distribution of MIT-BIH records and heartbeats across partitions [23, 25].

Partition Record Normal (N) SVEB (Real + ODE VEB Total Beats
Count Synthetic)
Training (Real) 33 62,810 1,940 4,890 69,640
Training (Augmented) 33 62,810 4,440 (1,940 + 2,500 ODE) 4,890 72,140
Validation (Real) 7 13,540 418 1,055 15,013
Test (Real Only) 8 13,650 419 1,055 15,124

Figure 2 shows the class distribution across the patient-
wise partitions of Table 2 on a logarithmic scale,
highlighting the severe under-representation of SVEB

and the effect of adding 2,500 ODE-generated beats to
the training partition only.
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Beat distribution across patient-wise partitions

W Normal (N) s SVEB mmm VEB

105 4

104 4

103 4

Number of beats (log scale)

102 m

Training Training Validation Test
(Real) (Augmented) (Real) (Real only)

Figure 2: Beat distribution of Normal, SVEB and VEB classes across the patient-wise partitions (data of Table 2). The
augmented training set includes 1,940 real and 2,500 synthetic SVEB beats; validation and test sets contain real beats

only.
Proposed Deep Architecture & Evaluation * Bidirectional GRU: 64 hidden units per direction (128-
Methodology dimensional output vector h¢) to extract temporal
D-CNN-BiGRU-Attention Model dependencies [14, 16].

The proposed deep network operates on normalized 360
x 1 inputs [9, 11]:
ConvlD Block 1: 32 filters, kernel size K = 7, ReLU

* Bahdanau Additive Attention: Single-layer scoring
mechanism weighting time steps by diagnostic relevance

o . ) [18,24]:
a.ctlvatlon, Batch Normalization, Max Pooling 1D (pool e = vT tanh(W, h + ba), 00 = exp(er) / Sk exp(ex), ¢ =
size =2)[9, 12]. Sioche  (7)
Conv1D Block 2: 64 filters, kernel size K =5, ReLU  «  Classifier: Dense layer (64 units, ReLU), Dropout (0.3),
activation, Batch Normalization, Max Pooling 1D (pool Softmax output across 3 classes.
size = 2) [9, 12]. Figure 3 summarizes the overall processing pipeline and

the proposed network architecture described above.

(a) Data processing and augmentation pipeline

MIT-BIH Butterworth R-peak Patient-wise ODE SVEB
(360 Hz) 0.5-45 Hz detection split augmentation
+ 60 Hz notch 360-sample beats 70/15/15 (training only)

(b) 1D-CNN-BiGRU-Attention network

T ConvlD 32 ConvlD 64 BiGRU Bahdanau Dense 64 Softmax
360p)< 1 K=7, BN, K=5, BN, 64 units/dir attention ReLU (N, SVEB,
ReLU, MaxPool ReLU, MaxPool (128-d) (context c) Dropout 0.3 VEB)

Validation and test partitions contain real MIT-BIH beats from unseen patients only

Figure 3: Overview of the proposed framework: (a) preprocessing, patient-wise splitting and training-only ODE
augmentation; (b) the 1D-CNN-BiGRU-Attention classifier.
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Statistical Significance via McNemar’s Test
To evaluate whether performance gains are statistically

significant, McNemar’s exact test is applied to the paired
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contingency matrix of discordant predictions between
Model A (Proposed) and Model B (Baseline):

Table 3: McNemar contingency matrix layout for paired diagnostic evaluation.

Model B Correct Model B Incorrect
Model A Correct n00 no1
Model A Incorrect nio nii

The exact two-sided p-value is computed under Ho: po1 =
pio- A significance threshold of p < 0.05 is required to
reject the null hypothesis.

McNemar’s  test independent  paired
observations. In this study the test is applied at the beat
level to the 15,124 test beats, which originate from only
8 patient records; beats from the same patient are likely

assumes

to be correlated (intra-patient autocorrelation), which
may violate this assumption and make the resulting p-
value optimistic. The reported p-value should therefore
be interpreted as an exploratory, beat-level measure of
paired disagreement rather than as a patient-level
inferential test. A complementary patient-level analysis
(e.g., applying the test to per-patient majority-vote
decisions, or using a cluster/patient-level bootstrap) is
recommended for future work with a larger number of
test patients.

Patient-Wise Robustness and Uncertainty
Estimation
Because the single test partition contains only 8 records,

one split can give a biased estimate. In addition to the
primary split, performance is estimated with: (i) five-fold
GroupKFold cross-validation at record level, repeated
with at least three random seeds, reporting mean +
standard deviation of accuracy, macro F1 and
SVEB/VEB sensitivity; (ii)) 95% confidence intervals
from a patient-level (cluster) bootstrap with 2,000
resamples, in which whole records are resampled with
replacement; and (iii) per-record accuracy and SVEB
sensitivity, so that dependence on individual records is

visible. For the model comparison, the paired accuracy
difference is also bootstrapped at patient level as a
complement to the beat-level McNemar test (functions in
Section 6). [AUTHORS: insert results.]

Experimental Results and Analysis
Patient-Wise Classification Results
Under strict inter-patient evaluation [6], the proposed

1D-CNN-BiGRU-Attention network with ODE
augmentation achieved an overall test accuracy of
97.40%. Unlike beat-level splits yielding overoptimistic
metrics (>99%), these results reflect true clinical
applicability [1, 2, 6].

[AUTHORS’ NOTE — remove before submission]
Table 4 must be recomputed from the confusion matrix
of the actual test predictions, and the confusion matrix
itself should be added as Table 4b. With the reported test
counts (N = 13,650; SVEB = 419; VEB = 1,055), the
sensitivities in Table 4 imply an overall accuracy of
about 97.4%, so the overall accuracy was updated to
97.40% in the abstract, Section 5.1, Table 5 and Section
7. The specificity of class N (92.15%) is also inconsistent
with its precision and sensitivity, which imply about
85.5%. The precision values also imply about 15,066
predicted beats instead of 15,124, and the SVEB
specificity (99.30%) is inconsistent with the SVEB
precision. All remaining metrics should therefore be
derived from the confusion matrix. The McNemar counts
(n01 — n10 = 95 beats) must also be reconciled with the
accuracy gap in Table 5.

Table 4: Per-class performance metrics on the patient-wise test set [23].
AAMI Class Precision (%) Sensitivity / Recall Specificity (%) F1-Score
(%)
Normal (N) 98.42 97.85 92.15 0.981
SVEB 86.50 90.45 99.30 0.884
VEB 94.10 94.30 99.55 0.942

Ablation Study Results

Systematic ablation experiments were executed by removing individual components while holding all data partitions

constant.

Table 5: Performance metrics across ablation variants on the test set.

Architecture / Variant Accuracy

(%)

SVEB Sensitivity
(%)

VEB Sensitivity | Macro F1-Score

(%)
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Full Model (1D-CNN-BiGRU-Att + 97.40 90.45 94.30 0.936
ODE)
Ablation 1: Without ODE Augmentation 96.10 88.30 93.80 0.918
Ablation 2: Without Attention Layer 95.85 87.10 92.50 0.910
Baseline: Standalone 1D-CNN [9, 12] 95.20 85.40 91.20 0.898

Figure 4 compares the ablation variants of Table 5.
Ablation study results on the test set

Accuracy and sensitivities Macro Fl-score

100.0 BN Accuracy WM SVEB sensitivity WM VEB sensitivity 0.04

0.936

% (axis starts at 80)

Full model w/o ODE w/o attention Standalone Full -ODE -Att. CNN
augmentation 1D-CNN

Figure 4: Ablation results on the test set (data of Table 5): accuracy and class sensitivities (left, axis starts at 80%) and
macro Fl-score (right, axis starts at 0.88).

Statistical Significance Assessment
McNemar’s test comparing the Proposed Full Model

against the Standalone 1D-CNN baseline yielded no; =
285 (Proposed correct, Baseline wrong) and njo = 190
(Baseline correct, Proposed wrong). The resulting exact
p-value was p < 0.001 when computed from the stated
n0l and nl0 (exact two-sided binomial test, p =
1.5x107°). The net difference of 95 beats (0.63% of
15,124) is, however, smaller than the 1.65% accuracy
gap between the full model and the baseline in Table 5,

Complete Refactored Python Source Code
import numpy as np

import scipy.integrate as integrate

import pywt

so both values must be re-verified against the actual
paired predictions. Because the test is at beat level and
each model was trained with a single initialization, the
result is exploratory and does not by itself show that the
gain is independent of initialization variance. This
inference is made at the beat level and is conditional on
the independence caveat discussed in Section 4.2:
because the test set contains only 8 patients, the effective
sample size is smaller than the number of beats, and the
result should be read with this limitation in mind.

from scipy.signal import butter, sosfiltfilt, iirnotch, filtfilt, find peaks

from scipy.stats import skew, kurtosis
from sklearn.model selection import GroupShuffleSplit

from sklearn.metrics import classification report, accuracy score, confusion matrix

from statsmodels.stats.contingency tables import mcnemar
from sklearn.utils.class weight import compute class weight

import tensorflow as tf
from tensorflow.keras import layers, Model

FS=360.0

CLASSES =['N', 'SVEB, 'VEB']

AAMI = {**dict.fromkeys(['N', 'L', 'R, '¢", 'j'], 0),
**dict. fromkeys(['A", 'a', 'T', 'S'], 1),

**dict.fromkeys(['V', 'E'], 2)} # Exclude F and Q beats

#

# 1. NONLINEAR ODE DYNAMICAL MODEL (McSharry-type Augmentation)

#
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def ecg ode system(state, t, hr=60.0, a i=None, b_i=None, theta i=None):
X, y, Z = state
f hr=hr/60.0
omega =2.0 * np.pi * f hr
r = np.sqrt(x**2 + y**2)
alpha=1.0-r
theta = np.arctan2(y, X)
a_i=np.array([0.25, -0.15, 1.20, -0.25, 0.35]) if a_i is None else a_i
b_i=np.array([0.25, 0.10, 0.10, 0.10, 0.40]) ifb_i is None else b_i
theta i=np.array([-1/3, -1/12, 0.0, 1/12, 1/2]) * np.pi if theta i is None else theta i

dx = alpha * x - omega * y
dy = alpha * y + omega * x
d theta = np.remainder(theta - theta i+ np.pi, 2.0 * np.pi) - np.pi

# Respiratory Sinus Arrhythmia (RSA) Baseline Wander & Dynamic Derivative
f resp,a rsa=0.25,0.15

z 0=a rsa * np.sin(2.0 * np.pi * f resp * t)

dz 0=2.0 *np.pi * f resp * a rsa * np.cos(2.0 * np.pi * f resp * t)

z_sum =np.sum(a_i * d_theta * np.exp(-(d_theta**2) / (2.0 * b_i**2)))
dz=-z sum-(z-z 0)+dz 0
return [dx, dy, dz]

def generate ecg signal(duration=1.0, fs=FS, hr=60.0, a_i=None, b_i=None, theta i=None):
t = np.linspace(0, duration, int(duration * fs))
sol = integrate.odeint(ecg ode system, [1.0, 0.0, 0.0], t, args=(hr, a_i, b i, theta 1))
return sol[:, 2]

def generate synthetic_beats(n_beats, fs=FS, minority=True, seed=0):
rng = np.random.default rng(seed)
a0 = np.array([0.25, -0.15, 1.20, -0.25, 0.35])
b0 = np.array([0.25, 0.10, 0.10, 0.10, 0.40])
thO = np.array([-1/3, -1/12, 0.0, 1/12, 1/2]) * np.pi
half = int(fs) // 2
beats =[]
while len(beats) < n_beats:
hr = rng.uniform(80, 120) if minority else rng.uniform(55, 95)
a=a0 * rng.uniform(0.9, 1.1, 5)
b =b0 * rng.uniform(0.9, 1.1, 5)
th = th0.copy()
if minority:
a[0] *= rng.uniform(0.0, 0.6)
th[0] += rng.uniform(-0.3, 0.3)
sig = generate _ecg_signal(4.0, fs, hr, a, b, th)
peaks, =find peaks(sig, height=0.5 * sig.max(), distance=int(0.25 * fs))
peaks = [k for k in peaks if k >= int(fs) and k + half <= len(sig)]
if not peaks:
continue
k = peaks[len(peaks) // 2]
seg = sig[k - half:k + half]
beats.append((seg - seg.mean()) / (seg.std() + 1e-8))
return np.asarray(beats)[..., np.newaxis]

def augment training set(X train, y train, minority label=1, n synth=2500):
X syn = generate synthetic beats(n synth, minority=True)
y_syn = np.full(n_synth, minority label)
return np.concatenate([X train, X syn]), np.concatenate([y train, y syn])

#
# 2. PATIENT-WISE INTER-PATIENT SPLITTING (Prevents Data Leakage)
#
def patient_wise_split(X, y, groups, seed=42):
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g1 = GroupShuffleSplit(n splits=1, train size=0.70, random state=seed)

tr idx, tmp idx = next(gl.split(X, y, groups))

g2 = GroupShuffleSplit(n splits=1, train size=0.50, random state=seed)

va sub idx, te sub idx = next(g2.split(X[tmp idx], y[tmp idx], groups[tmp idx]))

va_idx, te_idx =tmp_idx[va_sub idx], tmp idx[te sub idx]
print("--- Inter-Patient Partition Summary ---")
for name, idx in [("Train, tr_idx), ("Validation', va_idx), (‘'Test', te_idx)]:
print(f" {name} Patients: {len(set(groups[idx]))} | Beats: {np.bincount(y[idx], minlength=3)}")
return X[tr_idx], y[tr_idx], X[va idx], y[va_idx], X[te idx], y[te idx]

#
# 3. 1D-CNN-BiGRU-ATTENTION NETWORK BUILDER (Supports Ablation)
#
def build model(input shape=(360, 1), num_classes=3, use bigru=True, use attention=True):

inputs = layers.Input(shape=input_shape)

x = layers.Conv1D(32, 7, padding='same', activation="relu')(inputs)

x = layers.BatchNormalization()(x)

x = layers.MaxPooling1 D(2)(x)

x = layers.Conv1D(64, 5, padding='same', activation="relu')(x)
x = layers.BatchNormalization()(x)
x = layers.MaxPooling1D(2)(x)

if use bigru:
x = layers.Bidirectional(layers. GRU(64, return_sequences=True))(x)
if use attention:
attention = layers.Dense(1, activation="tanh")(x)
attention weights = layers.Softmax(axis=1)(attention)
context vector = layers.Multiply()([x, attention_weights])
context_vector = layers.Lambda(lambda z: tf.reduce sum(z, axis=1))(context vector)
else:
context vector = layers.GlobalAveragePooling1 D()(x)
else:
context_vector = layers.GlobalAveragePooling1 D()(x)

x = layers.Dense(64, activation="relu")(context_vector)
x = layers.Dropout(0.3)(x)
outputs = layers.Dense(num_classes, activation="softmax')(x)

model = Model(inputs=inputs, outputs=outputs)
model.compile(optimizer='adam', loss='sparse categorical crossentropy', metrics=['accuracy'])
return model

#
# 4. STATISTICAL EVALUATION & McNEMAR TEST
#
def compute_mcnemar_test(y_true, y pred_a,y pred b):
correct a= (y_pred a==y true)
correct b= (y_pred b==y true)
n01 = np.sum(correct_a & ~correct_b)
nl10 = np.sum(~correct_a & correct b)
table = [[0, n01], [n10, 0]]
result = mcnemar(table, exact=True)
print(f"\nMcNemar Test: n01={n01}, n10={n10}, p-value={result.pvalue:.5f}")
if result.pvalue < 0.05:
print("Result: STATISTICALLY SIGNIFICANT difference (p < 0.05).")
else:
print("Result: Difference is NOT statistically significant.")

def per_class_report(y_true, y_pred, model name="Model"):
print(f"\n=== Evaluation Report: {model name} ===")
cm = confusion matrix(y_true, y_pred, labels=[0, 1, 2])
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print(classification report(y true,y pred, target names=CLASSES, digits=4))

for i, ¢ in enumerate(CLASSES):

tn = cm.sum() - cm[i].sum() - cm[:, il.sum() + cm[i, 1]

fp = cm[:, i].sum() - cm[i, i]
spec =tn / (tn + fp) if (tn + fp) > 0 else 0
print(f'Class {c} Specificity: {spec:.4f}")

# ---- Added in revision: leakage check, repeated grouped CV, patient-level bootstrap ----

def assert_patient disjoint(g_tr, g va, g te):
s tr,s va, s te=set(g tr), set(g va), set(g te)

assert not (s tr & s va) and not (s tr & s te) and not (s va & s te), "Patient leakage detected"
print("Patient-disjoint check passed:", len(s_tr), len(s_va), len(s_te))

def patient_bootstrap ci(y true, y pred, groups, metric, n_boot=2000, seed=0):

rng = np.random.default rng(seed)

ids = np.unique(groups)

by _id = {g: np.where(groups == g)[0] for g in ids}
stats =[]

for _inrange(n_boot):

idx = np.concatenate([by_id[g] for g in rng.choice(ids, size=len(ids), replace=True)])

stats.append(metric(y_true[idx], y_pred[idx]))
return np.percentile(stats, [2.5, 97.5])

def paired patient bootstrap diff(y true, pred a, pred b, groups, n _boot=2000, seed=0):

rng = np.random.default rng(seed)

ids = np.unique(groups)

by id = {g: np.where(groups == g)[0] for g in ids}
diffs =]

for _inrange(n_boot):

idx = np.concatenate([by_id[g] for g in rng.choice(ids, size=len(ids), replace=True)])
diffs.append(np.mean(pred_a[idx] ==y true[idx]) - np.mean(pred b[idx] ==y true[idx]))

return np.percentile(diffs, [2.5, 97.5])

def repeated grouped cv(X, y, groups, train_and predict, n_splits=5, seeds=(0, 1, 2)):

from sklearn.model selection import GroupKFold
scores = []
for s in seeds:

rng = np.random.default_rng(s)

ids = np.unique(groups); perm = dict(zip(ids, rng.permutation(len(ids))))

shuffled = np.array([perm[g] for g in groups])

for tr, te in GroupKFold(n_splits=n_splits).split(X, y, shuffled):

assert not (set(groups[tr]) & set(groups|te]))

scores.append(accuracy score(y[te], train_and predict(X[tr], y[tr], X[te])))

return np.mean(scores), np.std(scores)

Discussion
Evaluating ECG arrhythmia classification under strict

inter-patient  partitioning  reveals true clinical
performance boundaries [6]. While beat-level splitting
yields artificially high accuracy (>99%) due to data
leakage [6, 9], patient-wise testing achieved 97.40%
accuracy. McNemar’s test (p < 0.001, exploratory and
beat-level, to be re-verified) indicates that the full
architecture (BiGRU [14, 16], additive attention [18, 24],
and ODE augmentation) yields a statistically significant
beat-level improvement over the standalone 1D-CNN
baseline, subject to the independence caveat in Section
4.2. Synthetic ODE data augmentation [19] may help
with class imbalance (+2.15% SVEB sensitivity in the

ablation on a single split) and was applied to the training
partition only; its benefit still needs confirmation with
repeated patient-wise validation.

Our design choices are consistent with recent findings on
heartbeat classification. In an architecture comparison on
a five-class scheme (NSR, LBBB, RBBB, APB, PVC),
Sun [27] reported that the F1-score for atrial premature
beats increased from 0.8236 for a standalone CNN to
0.8690 with a recurrent layer and 0.9030 when attention
was added, although the NSR F1-score decreased when
the recurrent layer alone was added (0.9137 to 0.8943).
This supports the use of temporal modeling and attention
for the minority supraventricular class, which motivates
our CNN-BiGRU-Attention design. Because [27] uses a
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different class taxonomy and different datasets from ours
(AAMI N/SVEB/VEB on MIT-BIH), we compare trends
rather than absolute values. In our study, generalization
is assessed with record-level partitioning (Section 3.3),
and the limited size of the test cohort is discussed in
Section 7.1.

7.1 Limitations and Methodological Considerations
While the proposed framework addresses several

primary pitfalls identified in the literature, a few
limitations warrant explicit discussion:
Statistical independence assumption in McNemar’s
test. McNemar’s exact test was evaluated at the
individual heartbeat level across all 15,124 test
segments. Although the dataset was partitioned strictly
on an inter-patient basis to eliminate train—test leakage,
heartbeats derived from the same recording inevitably
exhibit a degree of intra-patient correlation, so the
independence assumption is not fully satisfied and the
reported p-value should be interpreted as beat-level and
exploratory. Because the test set contains only 8 patients,
a patient-level analysis (e.g., a patient-level bootstrap)
would have limited power and is left for future work with
a larger test cohort.
Physiological simplification of synthetic SVEB beats.
The non-linear ODE model generates synthetic
supraventricular ectopic beats primarily through P-wave
amplitude attenuation, phase displacement, and heart-
rate elevation. In clinical practice, certain complex
SVEB subtypes (such as premature atrial contractions
with P-waves hidden in the preceding T-wave, or
variable PR intervals) may exhibit morphologies beyond
this parameterization. ODE-generated beats therefore
serve strictly as a training-augmentation technique to
address class imbalance, not as a substitute for clinical
diagnosis, and the framework’s outputs require review
by a qualified physician.
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