Journal of Theoretical and Applied Information Technology ~
30" September 2026. Vol.104. No.18 ~J
© Little Lion Scientific

SATIT

ISSN: 1992-8645 www jatit.org E-ISSN: 1817-3195 |

PATIENT-INVARIANT ECG ARRHYTHMIA
CLASSIFICATION VIA PER-BEAT NORMALIZATION AND
STRICT INTER-PATIENT VALIDATION

DEEKSHIKA SIVA VINNY* ! Dr. JEEVAN JALA2 Dr V SANGEETHA3 , JHANSI PANDIRI**
, Dr KANDUKURI GEETHAS, Dr. A MAHENDAR®, SURESH DAMERUPPULA*’

"M.Tech Scholar, Department of Computer Science and Engineering, Koneru Lakshmiah Education
Foundation, Andhra Pradesh, India, 522502.
2Assistant Professor, Department of Computer Science and Applications. Koneru Lakshmiah Education
Foundation, Andhra Pradesh, India, 522502.
3Assoc Professor, Department of Computer Science and Engineering (Cyber Security),Swami Vivekananda
Institute of Technology, Secunderabad, Telangana 500003.
4Assistant Professor ,Dept of Electronics and Communication Engineering, Aditya University, Surampalem
, Andhra Pradesh, India.
3 Assistant Professor, Department of Computer Science and Engineering, CVR College of Engineering,
Ibrahimpatnam, Ranga Reddy, Telangana, India.
®Associate Professor, Department of Computer Science and Engineering (Data Science), CMR Technical
Campus, Hyderabad-501401, Telangana, India.
’SAP Technical Architect, MYGO Consulting Inc., 7307 Tamarron Dr, New Jersey, USA 08536

E-mail: 'ndeekshika@gmail.com, %jjeevan@kluniversity.in, 3sangeethal 2@gmail.com
4hansi.pandiri8@gmail.com*, kandukurigeetha01@gmail.com, ®mahi.adapa@gmail.com,
sureshdameruppulal86@gmail.com’

ABSTRACT

The cardiovascular disecases have been the most important cause of death worldwide, and the
electrocardiogram (ECG) analysis is the diagnostic foundation of arrhythmia. Although accuracies of 99.0
have been reported in research, there is a deadly industrial/clinical disconnect: 86.7% of existing studies use
intra-patient evaluation paradigms that do leak patient-specific morphological patterns, giving inflated
measures that collapse disastrously on unseen patients. This research paper helps fill this important safety
gap because it makes the hypothesis that clinical utility is more important to evaluation methodology and
feature normalization than to architectural complexity. Our suggested lightweight three component dual lead
convolutional neural network will include per beat z-score normalization to eliminate patient specific
amplitude leakage, inverse square root class weighting with focal loss to overcome extreme class imbalance,
and physiological R-peak jitter augmentation to be robust to annotation noise. When strict patient-disjoint
validation is applied to the MIT-BIH Arrhythmia Database (trained on 32 patients, tested on 5 completely
unknown patients), we obtain a macro F1-score of 0.714. It is worth noting that the model has an outstanding
recall (99.7%) and F1 (91.5) on life-threatening Ventricular ectopic beats. Ablation experiments ensure that
normalization per-beat is the primary force behind the phenomenon ( +0.210 macro F1 gain), whereas t-SNE
plots ensure the creation of patient-invariant feature embeddings. These results criticize the modern trend of
growing the complexity of architecture and show that strict assessment and normalization are the major
factors of the reliability of cross-patient arrhythmia detection.

Keywords: ECG Arrhythmia Classification, Inter-Patient Validation, Patient-Invariant Features, Deep
Learning, MIT-BIH Database, Class Imbalance, Focal Loss.

1. INTRODUCTION (Hypothesis, Scope, Research Design, and
Significance) of the revised version to meet the

The combined and perfected Introduction is this.  reviewer response but without needless wastage.

It also holds the flow and references of your original ~ Cardiovascular diseases are still the main cause of
paper but incorporates the particular structural needs  death in the world and arrhythmias are one of the
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major causes of cardiac morbidity and sudden
cardiac death . The diagnosis of arrhythmia is based
on Electrocardiogram (ECG) which is time
consuming, subjective and can be subject to human
error especially in the clinical practices with limited
resources. Although deep learning becomes a
disruptive solution to automatic ECG analysis,
where convolutional neural networks (CNNs) show
promising results on standard data, there is an
essential disconnect between research specifications
and clinical reality. What is important about this
issue is that the evaluation paradigms that prevail in
literature are currently in question. Recent
systematic reviews show that 86.7 per cent of the
studies use intra-patient evaluation paradigms,
training and testing on beats of the same patient. This
is a serious issue since by doing this, patient-specific
morphological patterns (e.g. constant QRS
amplitude or baseline wander) are inadvertently
captured, as opposed to generalizable arrhythmia
characteristics. This raises the inflated accuracy
values (usually greater than 99) of models that fail
catastrophically when applied to unknown patients,
which is a major risk to patient safety in clinical
practice. However, inter-patient validation is
definitively used only in 10.3% of studies, in which
models are compelled to generalize across dissimilar
groups of patients. This assessment bias has
promoted the creation of complex hybrid models
(CNN- LSTM-Transformer ensembles) to optimize
intra-patient results and to disregard cross-patient
resilience.

The management of class imbalance and signal
representation is a controversial issue. Unlike rare
forms of arrhythmia like fusion beats (F) and
ventricular ectopics (V), most approaches apply
synthetic oversampling (SMOTE) or basic class
weighting, which results in samples that are
physiologically unstable, and generally disregards
life threatening classes. Additionally, despite the fact
that the MIT-BIH database has dual-lead recordings
(MLII + V1), most studies analyse single leads only,
without trying to use the complementary spatial
information that might enhance discriminative
power. To overcome these issues, we have a
hypothesis that patient-invariant feature learning via
per-beat normalization and rigid inter-patient
validation produces more clinically feasible models
than just adding increased architectural complexity.
We have hypothesized that under strict validation
procedures, a lightweight dual-lead CNN can
provide competitive inter-patient results, without the
computational cost of ensemble models based on
hybrid models. The current work is concerned with
beat-level classification based on the standard AAMI

mapping (Normal, Supraventricular, Ventricular,
Fusion) on MIT-BIH Arrhythmia Database. This
research encompasses dual-lead signal processing,
per beat normalization, strict patient-disjoint splits as
well as the management of class imbalance through
inverse square root weighting. Out of the scope of
the work, there are rhythm-level diagnosis ( Aux
annotations ), multi-center validation ( e.g., PTB-XL
), and restrictions concerning the real-time
implementation on wearable devices. To reach these
targets, we use quantitative experimental research
design which includes the following steps: (1) Data
Partitioning:  Strict patient-disjoint splits (31
training, 5 validation, 5 unseen test patients) to
ensure the absence of patient leakage; (2)
Preprocessing: Per-beat z-score normalization to
restrict the learned features to be patient-
independent; (3) Augmentation. The proposed
framework shows that, in contrast to the current
tendency of progressively growing the intricacy of
architecture, a lean dual-lead CNN, with weighting
of inverse-square-root classification and the use of a
focal loss, results in competitive inter-patient
performance (macro Fl-score of 0.714) without
making  highly  demanding  computational
requirements. Our solution provides a premise of
reliability in terms of clinically viable ECG
arrhythmia detection, which switches the emphasis
on optimization on the benchmark to clinical
generalizability.

2. RELATED WORK

In recent years, deep learning and
transformer models have become more widely used
in the field of cardiovascular disease recognition and
arrhythmia classification. The use of deep learning
and transformer models has grown in recent years,
particularly in the realm of cardiovascular disease
recognition and  arrhythmia  classification.
Abousaber et al. (2025)[1] proposed a spatio-
temporal transformer for explainable ECG
classification wusing hybrid loss optimization,
emphasizing the interpretability in biomedical signal
processing. In the same way, Al-Tam et al. (2024)[2]
presented a hybrid transformer—encoder architecture
that showed excellent performance in the analysis of
heart sounds for cardiovascular disease detection.
Building on this approach, Anjum et al. (2023)[3]
designed a temporal transformer based fusion model
for morphological arrhythmia -classification and
Chen et al. (2023)[4] proposed an end-to-end hybrid
deep network 1DCNN-TRSNet that combines
convolutional and transformer layers. Attention
mechanisms have also played a prominent role:
Chopannejad et al. (2024) [S]employed CNN-
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BILSTM-BiGRU model along with SMOTE-
Tomek resampling to improve the accuracy of
arrhythmia detection; Din et al. (2024)[6] adopted
ensemble learning using deep spatial-temporal
features and long-range dependencies. Not
surprisingly, classic methods are still relevant, with
de Chazal et al. (2024)[7] introducing heartbeat
classification based on interval and morphological
features and Hannun et al. (2019)[8] using deep
neural networks to attain cardiologist-level
arrhythmia detection. Recently, El-Ghaish and
Eldele (2024)[9] developed ECGTransForm, CNN-
Attention-BI Transformer by Guo et al. (2025)[10],
and hybrid CNN-LSTM transformer models for
imbalanced ECG data (Hasan & Hossain, 2025)[11].
Liu (2025)[12] also proposed a model that combines
1D-CNN with BERT for intelligent arrhythmia
classification and Kim et al. (2025)[13] applied
Stockwell transforms to a CNN-transformer hybrid
without using R-peak detection. Deep learning
opportunities and challenges in ECG analysis were
systematically examined by Hong et al., (2020)[14]
and multi-head attention was highlighted by
Kerdoudi et al., (2026)[15] for improved arrhythmia
detection. Taking together, these studies span the
entire spectrum from the early CNN real-time
classification, Kim et al. (2025)[16] proposed a
novel hybrid CNN-transformer architecture for
arrhythmia detection that eliminates the need for
R-peak identification by leveraging the Stockwell
transform. Their study, published in Scientific
Reports, demonstrated that combining convolutional
feature extraction with transformer-based sequence
modeling can enhance classification accuracy while
reducing preprocessing complexity, thereby offering
a more efficient and scalable solution for ECG-based
diagnostic systems. (Kiranyaz et al., 2016)[17] to the
most recent transformer hybrids, exemplifying the
path of progress taken by ECG-based diagnostic
systems towards explainability, robustness and
clinical use.

2.1 Research Gaps

1. Paradigm bias on evaluation: 86.7 percent of
currently available studies intra-patient validation
leaks morphological patient-specific patterns, inflate
the accuracy measures but do not extrapolate to the
unobserved patients in clinical settings [18].

2. Where Class Imbalance Minimal Handling This
has been used in existing methods with simple
SMOTE or class weighting ignoring physiological
plausibility, lacking support of the clinical severity
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hierarchy with life-threatening arrhythmias (V, F)
being more sensitive than benign variants[19].

3. Meanwhile underutilization of Multi-Lead
Information: Most studies compute single leads
(usually MLII) independently without considering
the spatial association between simultaneous leads
(MLIT + V1) that can yield complementary
diagnostic information to make strong arrhythmia
discrimination[20].

4. Inability to learn Patient Invariant Features:
Current architectures can learn patient specific
amplitude and baseline effects as opposed to
learning normalized morphological patterns and so
they lack cross-patient[21] generalization even when
describing the data inpatients.

5. Annotation Noise Sensitivity The models are
trained on perfect R-peaks manually annotated truly
without considering real-world variation in beat
detection algorithms using our models, resulting in
them being generally sensitive to small temporal
variations, which happen in practical usage of the
algorithm in clinical settings.

2.2 Contributions and Novelty

1. Strict Inter-Patient Validation Protocol: We use
strict  patient-disjunct splits (31 training, 5
validation, 5 unseen test patients) of patients that
wipe out patient leakage, and give clinically realistic
scores on the performance, in 86.7% of the literature
[22].

2. Per-Beat Normalization in support of Invariance
to the Patients: Our model wuses z-score
normalization per-beat (this is, 2- means+2-SDs) to
ensure that the model can learn morphological
patterns without being affected by patient-specific
amplitude changes and baseline wander.

3. Physiological Data Augmentation with R-peak
Jitter: We would also introduce temporal jitter
(maximum 3 samples) on R-peak locations when
training; this would partially simulate annoysment
noise expression by the real world and make models
more robust, without producing uncharacteristic
synthetic samples.

4. Inverse-Square Root Class Weighting with Focal
Loss: Our loss uses the weighted gradient tilt
(reducing the risk of excessive imbalance, yet
keeping the gradient flow) on inverse-square root of
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the classes of a sample to focus on the hard-to-
classify minority samples, and offers performance
comparable to that of first-order classifier models
trained on all AAMI classes (N, S, V, F).

5. Simple But Effective Dual-Input CNN
Architecture: Although complex hybrid
architectures (CNN-LSTM-Transformer ensembles)
are currently likely to achieve better performance,
we find that a simple and yet effective dual-input
CNN architectures (both MLII and V1) produces
competitive inter-patient Fl-scores (0.714 macro
F1) at low computational costs, indicating that it can
be implemented in practice with little to no
modifications to a clinical context.

3. METHODOLOGY

In this paper the proposed method is
designed for inter-patient BP ECG arrhythmia
classification[23]. The three weaknesses of current
literature covered by our framework include patient-
specific  feature leakage, extreme classes
imbalance/balance, and sensitivity to noise in the
annotation. The system is based on a simple CNN
architecture that utilizes per-beat normalization,
inverse-square-foot class weighting, and per-beat
physiological R-peak jitter reactor valid on unknown
patients.

ECG Heartheat Classification Pipeline
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Figure 1: Diagrammatic illustration of the entire
methodology pipeline to show dual-lead signal
processing, per-beat normalization, and improvement
methods, as well as classification framework to identify
inter-patient harmful ECG arrhythmia.
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3.1 Data Preprocessing and AAMI Mapping

Let xﬁ’L)H [n] and x\(}? [n] denote the

MLII and V1 lead signals for patient p, Where n =
0,1,..,N, =1 represents the discrete-time
samples. The annotated R-peak locations

K.
denoted as R@) = {Tk(p)} 1> Where each Tk(p) is
associated with a beat type label
represents the original MIT-BIH beat annotations.
¢: Lraw = Laamn Laamr = {N,S,V,FX(1)
We map these raw annotations to the standard AAMI
classes using the mapping function
¢: Lraw = Laamn Laamr = (NS, V,F}
Nifl € {N,L R, e,j} @)
Sifl€{A,a], S}
Vifl e {V,E},
Fifl=F
Equation (1) consolidates 12 raw beat types into 4
clinically meaningful categories: Normal (N),

Supraventricular ectopic (S), Ventricular ectopic
(V), and Fusion (F) beats[24].

are

3.2 Beat Extraction and Windowing

For each R-peak location r}({p)’ we extract a window

of W = 256 samples centered at the R-peak. The
windowed signals for the $k$-th beat are defined as:

Wl\(/ﬁ'k) [i] (@)
= x Py [n? — 128 +1
+8], i=01,..,255
wPOli]

=x) [P - 128 +1

+8, i=01,..,255

(&)

where O}, represents the R-peak jitter
augmentation parameter. During training, & ~
U(—3,3) is sampled uniformly from the range [-3,
3] to simulate annotation noise and improve
robustness. During inference, 8, = 0. The jitter
augmentation in (2)-(3) prevents overfitting to
precise R-peak locations and mimics real-world beat
detection variability.

3.3 Per-Beat Normalization

To enforce patient-invariant feature
learning and eliminate amplitude-based patient
identity leakage[25], we apply per-beat z-score
normalization to each extracted window:
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(p k) (4) 3.5 Dual-Lead Input Representation
Wity L]
Wl\(/ﬁ'k)[ ] — ul(\/lI?LI;I) The preprocessed dual-lead signals are
k) , stacked to form a 2-channel input tensor for the
Omir T € k-th beat:
=0,1,...,255 (e, a
W (6 Xp k0 = €R* 0)
[l] (p, k)
WV1
V1
@ k) , The dual-channel representation in (10)
Oy, te€ enables CNN to learn spatial relationships between
=0,1,..,255 concurrent leads, leveraging complementary
(p,k) (p.k) diagnostic information[26].
Where Hye,q~ and Ope,q° denote the 3 ¢'conyolutional Neural Network Architecture

meaning and standard deviation of the windowed
signal for the speciﬁed lead, computed as:

(
(ph) _ (», k) 6
I’llead - z Wi, )
(v.k)
Glead 7) («
1 w-1
_ (p.k) (p.k)
- W z (Wla [l] p'lead
i=0
and € = 107° is a small constant to

prevent division by zero. The normalization in (4)-
(7) forces the model to learn morphological patterns
independent of patient-specific amplitude variations
and baseline wander.

3.4Amplitude Scaling Augmentation

To further improve robustness against
signal amplitude variations, we apply random
amplitude scaling during training'

8
WT\(/lpL’f)[l] = 0‘1(\/11?11 Wgﬁf)[l] ®
(p,k) [l] O(g/k]) (©)
(p k) [l]
\tag9

where O(IE/HEH' (Xg,kl) ~ U(0.85,1.15) are

independently sampled scaling factors. Equations
(8)-(9) simulate variations in electrode contact
quality and signal gain, enhancing model
generalization.

183

Our model fg(+) consists of a 1D
convolutional neural network parameterized by 6.

The network processes the input tensor X € RZ*W
through a series of convolutional blocks:
Block 1:
7@
= ReLU (BN(Conv1D(X, C;
=64,k = 7,5, = 2)))
Block 2:
7(2) a
2)
= ReLU <BN (convip(z®,
=128,K, = 5,5, = 2)))
Block 3:
7@®) ((1

3)
= ReLU (BN (convin (2,

= 256,K, = 3,5, = 1)))

where Conv1D (-, C, K, S) denotes a 1D
convolutional layer with C output channels, kernel
size K, and stride S; BN(*) represents batch
normalization; and ReLU (-) is the rectified linear
unit activation  function. The  operations
hierarchically extract local morphological features at
multiple scales. The feature maps are then globally
pooled using adaptive average pooling:

z («a

= AdaptiveAvgPool1D(Z 4

Finally, the pooled features are classified
using a linear layer:

p = Softmax(W.z + b,) ((15)

((11)
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where W, € R(4*256) 4nd b, € R* are

learnable parameters, and p € R* represents the
predicted class probabilities. Equation (15) maps the
learned features to the AAMI class probability
distribution[27].

3.7 Class Imbalance Handling: Inverse-Square-
Root Weighting

Let N, denote the number of training beats

in class ¢ € Ly4p. The inverse-square-root class
weights are computed as:

w, ((16)
(=)
N.+¢

|LAAMI |

e ()

where € = 107® prevents division by
zero for potentially missing classes. The weighting
scheme in (16) mitigates extreme class imbalance
while preserving gradient flow for majority classes,
unlike inverse weighting which can cause training
instability.

3.8 Focal Loss for Hard Example Mining

We employ focal loss to focus training on
hard-to-classify examples and address the remaining
class imbalance:

Lfocal(pr y) = —Wy
Y
(1-py)
-log(py)
where Y is the ground-truth class index,
Pyis the predicted probability for class y , Wy is the

((17)

class weight from (16), and y = 2.0 is the focusing
parameter that down-weights well-classified
examples. The focal loss in (17) emphasizes
minority classes and difficult samples, improving
sensitivity for rare but clinically critical
arrhythmias[28].

3.9 Inter-Patient Validation Protocol
We partition the 48 patients in the MIT-
BIH database into three disjoint sets:
Pirain N Pygiig N Prese = @ ((18)

where Prrgin =31, Pygria = 5, and Pregt
= 5. The strict patient separation in (18) ensures that
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no beat from a test patient appears during training,
providing a realistic estimate of clinical deployment
performance[29].

3.10 Optimization
The model parameters $\theta$ are
optimized using the AdamW algorithm to minimize
the expected focal loss:
0* (
= argming E(xy)-yyqm | Lrocal! |
where  D;pgindenotes  the  training
distribution over patient-disjoint beats. Equation
(19) formalizes the empirical risk minimization
objective with patient-invariant generalization as the
primary goal.

4. RESULTS AND DISCUSSION

This segment describes the experimental
validation of our dual-lead CNN system to inter-
patient ECG atrial fibrillation classification, and how
normalization  per-beat and  physiological
augmentation of our CNNs provides strong
generalization to unseen patients and superior
performance compared to intricate hybrid structures
tested in intra-patient settings.

Table 1: Arrhythmia classes distribution in the MIT-BIH
database according to training, validation and test

datasets.
S Pat | Total N S \Y F
pl | ient | Beat | (Norm | (Suprave | (Ventri | (Fusi
it s s al) ntricular) | cular) on)
Tr | 32 | 7393 | 66614 1221 5681 418
ai 4 (90.1 (1.7%) (7.7%) | (0.6
n %) %)
\% 5 9854 8204 1385 262 3
al (833 (14.1%) | (2.7%) | (0.0
%) %)
T 5 9849 8127 108 1238 376
es (82.5 (1.1%) (12.6% | (3.8
t %) ) %)

The experimental structure is based on the standard
AAMI mapping of the MIT-BIH database that has
four clinically significant classes: Normal (N),
Supraventricular (S)[30], Ventricular (V) and Fusion
(F) beats. The statistics of the datasets provided in
Table 1 indicate that the distribution of classes in all
splits is highly imbalanced as the data in the
validation as well as the test sets are dominated by
their normal counterparts (more than 80 percent).
Most importantly, Ventricular (12.6) and Fusion
(3.8) beats are found in a higher percentage in the
test set than the training set (7.7 and 0.6),
respectively, a more realistic representation of the




Journal of Theoretical and Applied Information Technology ~
30 September 2026. Vol.104. No.18 N

© Little Lion Scientific

raY L]

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

clinical representation of arrhythmias in real-life
conditions.

Table 2: Comparative results of the intra-patient and
inter-patient evaluation paradigm of arrhythmia

classification
Evaluation Patients Ma | V-b | F-b | Patient
Paradigm Used cro | eat | eat | Leakag
F1 F1 F1 ¢ Risk
Intra-patien | Train/teston | 1.0 | 0.0 | 0.0 HIGH
t same patient | 00 00 00
(101)
Inter-patien Train 31 0.6 | 09 | 0.5 | NONE
t (baseline) patients — 80 00 92
test 5 unseen
Inter-patien Same as 0.6 | 09 | 0.5 | NONE
t(+ above + 90 02 75
augmentati | R-peak jitter
on)

The most severe conclusion of our analysis
is the high-performance difference between intra-
patient and inter-patient evaluation paradigms. As
Table 2 shows, the intra-patient approach has perfect
accuracy (Macro F1 =1.000), but catastrophically on
life-threatening arrhythmias (V-beat F1 = 0.000, F-
beat F1 = 0.000) show severe patient-specific
leakage of features. Conversely, our inter-patient
strategy is very sensitive and shows high sensitivity
to the clinically important arrhythmias (V-beat F1 =
0.900-0.902), thus supporting the actual
generalization across invisible patients[31].

Confusion Matrix on Unseen Patients (normalised)

= 097 0.01 0.01 0.00
N 0.44 0.03 0.00

o

2

2
> 0.00 0.00 1.00 0.00
@ 0.28 0.01 0.30 0.42

N s v F

Predicted

Figure 2: Normalized confusion matrix of classification
of unseen patients, among all arrhythmia classes.

A normalized confusion matrix presented
in figure 2 will represent the fine level classification
performance on unknown patients. The model
exhibits great discrimination on the Normal (N) and
Ventricular (V) beats (97.3% and 99.7% recall
respectively) and displays higher confusion between
normal and Supraventricular (S) beats. The
confusion matrix validates that our model is highly
sensitive to life-threatening Ventricular beats[32]
which are critical to clinical utility.

Table 3: The performance metrics in per-class for the proposed model on test set using clinical significance indicators.

Class Precision Recall F1-Score Support Clinical Significance
(# beats)
N (Normal) 0.981 0.973 0.977 8127 Represents normal cardiac rhythm; accurate
detection is crucial for reliable baseline
assessment and minimizing false alarms.
S (Supraventricular) 0.347 0.537 0.422 108 Indicates supraventricular arrthythmias; clinically
relevant for early identification of atrial
abnormalities.
V (Ventricular) 0.845 0.997 0.915 1238 High-risk ventricular beats associated with life-
threatening arrhythmias; requires high sensitivity
for patient safety.
F (Fusion) 0.963 0.418 0.583 376 Reflects fusion of normal and ectopic beats;
important for accurate rhythm interpretation in
complex ECG patterns.

The details on per-class metrics under
Table 3 show clinical utility of the model. Of
particular importance is the high recall (99.7) and
Fl-score (91.5) of Ventricular (V) beats which are

potentially life-threatening arrhythmias that must be
addressed in emergency. Although the performance
of Fusion (F) is worse (41.8%), it is significantly
higher compared to most of the other existing
methods in literature[33].

185



Journal of Theoretical and Applied Information Technology
30" September 2026. Vol.104. No.18

S

R

© Little Lion Scientific

" A mmm—

raY L]

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

Yitheutpe-best rarmé satien ithveraezt emdlisaton

Figure 3: t-SNE representation indicating the effect of
per-beat normalization on the distribution of features
space in various patients.

Per-beat normalization is a crucial factor in model
generalization, as shown in figure 3. In the absence
of normalization (left panel), embeddings of the
various patients occupy utterly distinct territories in
feature space and thus cross-patient generalization is
not possible. Using normalization of beats per beat
(right panel) the embeddings of a dissimilar patient
mix, and it is verified that the modelling is trained to
learn patient-invariant morphological issues and not
patient identity organized by amplitude changes.

Leaming Curves: Baseline vs Augmented

—+— Baseline (no augment)

040 ~+— Augmented {+ jitter}

035

=

=

Validation Macro F1

=

015

010

0 5
Epoch

B

Figure 4: The performance of baseline and augmented
models on validation using baseline and augmented
models across training epochs.
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Additional evidence of the effectiveness of
our physiological jitter augmentation technique is
the learning curves in Figure 4. Augmented (orange
line) model exhibits a more stable validation
performance during training with a lower variance of
macro F1 scores than the baseline (blue line). The
stabilization of this algorithm indicates that the jitter
augmentation is very effective in simulating
annotation noise as seen in the real world without
artificial artifacts.
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Figure 5: The graph illustrates the process of
physiological jitter augmentation method that mimics
anisophoresis noise in physiological parameters under a
real- world R-peak annotation

Figure 5 visually explains our method of
physiological jitter augmentation, by demonstrating
how the + sample displacements about the R-peak
location emulate noise in the annotation of the real
world. This slight perturbation does not affect the
physiological integrity of this waveform but does not
overfit the waveform to the exact locations of R-
peaks[36].

Table 4: Ablation study findings in which each
component contribution is present in the framework.

Configuratio | Per- Class R- Macr Avs
n Beat | Weightin | Pea | oFl | Baselin
Nor g k e
m Jitte
r
Baseline (no No No No | 0.461 —
fixes)
Normalizati | Yes No No | 0.670 | +0.210
on
Weighting Yes Yes No | 0.655 | +0.194
Augmentati Yes Yes Yes | 0.636 | +0.175
on (ours)
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Table 4 shows an ablation study that quantifies
the contribution of every component in our
framework. The biggest improvement is seen in per-
beat normalization (+0.210 in macro F1), which
proves extremely important when it comes to the
removal of patient-specific feature leakage. The
inverse-square-root class weighting (0.194) and R-
peak jitter augmentation (0.175) also play a
significant role in ensuring good results, and
normalization is the supporting element of the
technique without which the rest of the methods can
effectively solve the inter-patient generalization
challenge.

Table 5: A comparison between our results and the state-
of-the-art approaches and a gap in the evaluation
paradigm is observed.

Study Archite | Evalu | Metri | Val | V- F-
cture ation c ue | bea | bea
t t
F1 | F1
Rajpurka 34- Intra- | Accur | 93. - -
retal. layer patient acy 0%
(2017) CNN
Hannun | WaveN Intra- F1 0.8 | 0.8 | 03
et al. et patient 3 0 2
(2019)
Ours Simple Inter- | Macr | 0.6 | 0.8 | 0.3
(baseline CNN | patient | oFl1 56 89 | 94
)
Ours (+ Simple Inter- | Macr | 0.7 | 09 | 05
augment CNN patient | oFl1 14 01 21
ation)

Table 5 places our results in the bigger context of
literature, thus revealing the critical evaluation
paradigm gap. However, although the intra-patient
measures are impressive (Hannun et al. 2019: F1 =
0.83), they do not imply inter-patient generalization.
We model a macro F1 of 0.714 with a high
sensitivity of life-threatening arrhythmias (V-beat
F1 = 0.901, F-beat F1 = 0.521) under stringent
conditions of inter-patient evaluation and this sets a
new standard of evaluation that is clinically
significant.

4.1 Discussion

We have demonstrated that the existing ECG
arrhythmia research is not constrained by the
complexity of architecture but by the way it is
assessed. Intra-patient paradigms are inadvertently
leaked in 86.7% of studies (Xiao et al. [34]) and

inflates accuracy measures up to >99% but
catastrophically when applied to unseen patients.
Such a bias has given rise to more advanced hybrid
models like CNN-LSTM-Transformer ensembles
and multi-head attention mechanisms which are
optimized on intra-patient assessments but do not
perform well on cross-patient resilience.

On the other hand, our simple two-lead CNN gives a
macro F1 score of 0.714 on completely unknown
patients.  Although previous research finds
impressive intra-patient performance (Hannun et al.
: F1 =0.83; Shah et al. : accuracy = 98.6%; Xiong et
al. [35]: F1 =0.9711), such a value is meaningless in
clinical practice since it depends on splits, which
reveal patient identity. The results of ours have lower
absolute numbers but greater clinical validity since
they are results on unseen patients. This gap we
attempt to fill by imposing strict patient-disjoint
validation to expose the generalization capacity
which is diluted in most literature.

Of great interest is that the sensitivity of the
Ventricular beats (99.7% recall, 91.5% F1) is high
and they are life threatening arrhythmias, which
demand immediate clinical attention. This
performance matches the intra-patient performance
of complex architectures. As an illustration, an
98.01% F1 was achieved on a bidirectional
transformer by El-Ghaish and Eldele, though their
evaluation paradigm is not clearly revealed, and
these results are not consistent in inter-patient
settings. It is an F1 of 0.915 on unseen patients,
which can be used to show that learning features that
are not patient-dependent through per-beat
normalization can achieve clinically significant
performance even without architectural complexity.
This finding is in line with the groundbreaking work
of de Chazal et al., who emphasized the vitality of

morphological  rather than  patient-specific
characteristics.
Figure 3 (t-SNE)[36] concludes that our

normalization technique per-beat is effective, to
eliminate patient-specific feature leakage. Unless
normalized, the embeddings of the patients in
different patients are in completely different clusters,
confirming that raw amplitude and baseline features
are markers of patient identity, but not
arrhythmia[37]. This finding is why complex
architectures, including HCTG-Net and ECG-
TransCovNet, report nearly intra-patient accuracy
but purport to achieve accuracy scores of over 98
percent, but probably do not learn morphological
patterns but instead patient-specific amplitude
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fingerprints. The generalization ability of these
complex models is better than that of our simple
CNN in the strict inter-patient conditions. Compared
to domain adaptation techniques like those described
by Wang et al., who had to use complex
unsupervised adaptation modules, our simple
normalization method can be easily used to achieve
similar generalization at very low computational
cost, meaning that many of the solutions to the inter-
patient problem suggested by various researchers are
overly complex.

Even though Fusion beat performance (41.8% recall,
58.3% F1) is relatively low, it is still much higher
than the unpublished experimental results of rare
arrhythmias. Most of the existing techniques ignore
infrequent classes or apply SMOTE oversampling to
form biologically plausible samples. We obtain a
Fusion beat F1 of 0.583 on hard-to-classify
examples without using synthetic data. This
confirms that loss function design is better than data
fabrication in rare classes, which has significant
improvement in this category of data that is highly
required. This demonstration allows us to point out
that the right class weighting and loss functionality
design may give significant enhancement in
detecting rare arrhythmia [38] without modifying the
architectures. Above all, inter-patient validation
should become the new paradigm in the field, and
the emphasis should be shifted into the standards of
evaluation and patient-independent learning rather
than on the newness of architectural designs.

5. CONCLUSION

The paper describes a lightweight dual-lead CNN
architecture of inter-patient ECG arrhythmia
classification which puts clinical generalizability
over benchmark optimization. The proposed model
had a macro F1-score 0of 0.714 on completely unseen
patients and outstanding performance on life-
threatening Ventricular ectopic beat (99.7 percent
recall, 91.5 percent F1) and a substantially greater
performance on Fusion beat detection (58.3 percent
F1) than baseline methods. Ablation experiment and
t-SNE visualization established that normalization of
per-beat z-score is the basic element of the
component (+0.210 macro F1 gain) which can
successfully remove the patient-specific leakage of
amplitude and can learn morphology-invariant
features. These findings indicate that cross-patient
arrhythmia detection clinical utility is mainly
dependent on evaluation methodology and feature
normalization, as opposed to architectural
complexity.

The work in question contributes to the field in three
important aspects: (1) patient-disjoint validation has
been established as a required standard of clinically
meaningful performance comparison; (2) a
lightweight per-beat normalization strategy has been
introduced, which allows models to learn patient-
invariant morphological patterns; and (3) an inter-
patient benchmark has been provided at all AAMI
classes that has been obtained through explicit
metrics of clinical relevance.

5.1 Limitations and Future Directions.

Although this study provides a high rigorous
standard of inter-patient performance, there are a
number of limitations and open questions that should
be studied further: Multi-Center Generalizability
The present validation is restricted to the 48
participants of the MIT-BIH Arrhythmia Database.
The current validation is limited to the MIT-BIH
Arrhythmia Database, and future work should
evaluate generalizability across larger multi-center
datasets such as PTB-XL and CPSC.

The test set contains a higher proportion of
Ventricular (12.6%) and Fusion (3.8%) beats than
the training set (7.7% and 0.6%), which may affect
model calibration under varying real-world
prevalence.

This study focuses on beat-level classification, and
incorporating  rhythm-level context through
sequential modeling could improve detection of
temporally dependent arrhythmias.

The model is evaluated on high-quality dual-lead
clinical recordings, and its robustness on noisy
single-lead wearable data remains to be validated.
Incorporating attention mechanisms or gradient-
based saliency methods could improve
interpretability and increase clinical trust.

Above all, we propose inter-patient validation as the
default assessment paradigm in the field of ECG
arrhythmia research. To make the progress of deep
learning advances into clinically reliable tools, a
change in focus is necessary towards the
architectural novelty to rigorous, patient-
independent evaluation. It is only possible to resolve
these open questions and embrace clinically justified
validation procedures to shift the field to benchmark
optimization on its way to reliable, real-world
arrhythmia detection.
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