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Abstract. Electrocardiograms (ECGs) are essential for cardiac assessment, and
the rising adoption of wearables has intensified the need for automated iden-
tification of abnormal ECGs on resource-constrained platforms. We evaluate
LiteVGG-11, a lightweight CNN (20,365 parameters), for binary classification
using Lead II signals. The model was trained on CODE15 and validated on
PTB-XL and real-world wearable data, achieving AUCs of 0.736 and 0.773, re-
spectively. Wearable validation revealed a decline in specificity due to artifacts
and Lead II’s spatial constraints. Findings indicate that LiteVGG-11 is feasible
for preliminary screening in continuous health monitoring, despite limitations
in identifying non-specific abnormalities that require multi-lead observation.

1. Introduction
Electrocardiogram (ECG) remains one of the most widely used non-invasive tools for as-
sessing cardiac function and diagnosing cardiovascular conditions. Traditionally, ECG
interpretation relies on the analysis of 12-lead signals to detect abnormalities such as ar-
rhythmia, myocardial infarction, and conduction disorders [Goldberger et al. 2018]. With
the increasing availability of large ECG datasets and advances in deep learning, there has
been a growing interest in developing automated systems capable of classifying ECG
signals with high accuracy and scalability.

Despite these advancements, relatively few studies focus specifically on the binary
classification of ECGs into normal and abnormal categories. Most existing approaches
adopt multiclass or multilabel classification frameworks, often targeting a wide range
of cardiac pathologies. These methodological differences, particularly in classification
strategy, dataset composition, and input modality, limit the comparability of results across
studies. For example, Bahuguna et al. (2023) proposed a method that converts ECG
signals into scalograms and employs a VGG16-based autoencoder to detect abnormalities
in simulated ECG signals, achieving high sensitivity (99.49%) and specificity (99.40%).
Zhu et al. (2022) used a convolutional neural network to classify abnormalities using
12-lead ECGs from the PTB-XL dataset, reporting an F1-score of 0.902. Similarly, Dias
et al. (2023) applied DL to classify 12-lead ECG images into four categories, achieving
an F1-score of 81.0% for the normal class using a private dataset. Although these studies
report strong performance, they typically rely on full 12-lead inputs, which is not feasible
for wearable applications.



The use of single-lead data, specifically Lead II, is of growing importance due
to the proliferation of portable health technologies with significant size and power con-
straints. In this context, binary classification serves as an efficient tool for initial screen-
ing and early abnormality detection. Recent research introduced the LiteVGG-11 ar-
chitecture, which employs depth-wise separable 1D convolutions and a reduced fil-
ter count to minimize parameters and computational costs. Clinical assessments have
demonstrated its efficacy for real-time prediction in continuous wearable monitoring
[Soares et al. 2024].

In this study, we evaluate the feasibility of using LiteVGG-11 for binary clas-
sification using exclusively Lead II data. The model was trained on the large-scale
CODE15 dataset and externally validated against a real-world clinical dataset obtained
from a single-lead wearable device.

2. Material and Method

2.1. Datasets

We employed three datasets in this study, summarized in Table 1. For all datasets, the
“Normal” category served as the negative class, while all other findings were grouped
into an “Abnormal” category for binary classification.

CODE15 Dataset: This subset of the Brazilian Telehealth Network CODE dataset
[Ribeiro et al. 2021] includes 345,779 12-lead ECGs collected between 2010 and 2016.
It features seven diagnostic classes: Normal (134,657 exams), First-degree AV block
(1dAVb), Right and Left bundle branch blocks (RBBB and LBBB), Sinus bradycardia
(SB), Sinus tachycardia (ST), and Atrial fibrillation (AFib). The latter six were consoli-
dated into the Abnormal category.

PTB-XL Dataset: For external validation, we used 21,837 12-lead ECG record-
ings from the public PTB-XL dataset [Wagner et al. 2020]. To maintain a strict binary
task, only recordings labeled exclusively as NORM (9,083) were selected as Normal.
Records with mixed labels (NORM alongside other superclasses, here named as “Oth-
ers”) or those labeled as Myocardial Infarction (MI), ST/T changes (STTC), Conduction
Disturbances (CD), or Hypertrophy (HYP) were categorized as Abnormal (12,754).

Wearable ECG Dataset: To evaluate performance under real-world conditions,
24-hour continuous ECGs were collected from 56 participants (28 with confirmed AFib)
using the MD Sensor, a certified Class IIa medical device compliant with the EU Medical
Device Regulation 2017/745 (Certificate CR-03-1229-813-23 02 / FI-MF- 000024281)
[Soares et al. 2024]. The device operated at 128 Hz in a modified Lead II configuration
(reference on the right shoulder and positive on the left abdomen). An experienced cardi-
ologist annotated 120 random 30-second windows per subject, which were re-segmented
into 10-second segments for a total of 20,160 signals. The final distribution consists of
11,634 Normal, 4,632 AFib, 1,503 Other Abnormalities, and 2,391 Artifacts (8,526 Ab-
normal instances).

2.2. Preprocessing

Following the preprocessing approach outlined in Soares et al. (2024), we extracted only
the Lead II signals from the 12-lead CODE15 and PTB-XL datasets and resampled them



Table 1. Summary of the datasets used in this study.

ECG Dataset Source Total Signals Number of Classes Normal ECGs
CODE 15 (12-lead) Public 345,779 7 134,657
PTB-XL (12-lead) Public 21,837 5 9,083
Wearable (1-lead) Private 20,160 4 11,634

to 128 Hz to align with the MD sensor’s sampling rate. Signals were standardized to a
10-second duration by zero-padding shorter signals and truncating longer ones, resulting
in a consistent 1280x1 vector shape. Baseline drift and low-frequency noise were reduced
using a 1 Hz high-pass Butterworth filter (second-order), followed by a 40 Hz low-pass
Butterworth filter (second-order) to retain diagnostically relevant frequencies. Finally,
each signal was normalized to zero mean and unit variance for consistent model input.

2.3. Deep Learning Model
We employed the LiteVGG-11 architecture [Soares et al. 2022], a lightweight 1D-CNN
optimized for resource-constrained wearable devices. To maximize computational effi-
ciency, standard convolutions were replaced with depthwise separable convolutions, sig-
nificantly reducing the parameter count while maintaining feature extraction capabilities.
Efficiency is further enhanced by a smooth filter growth rule, reduced hidden units in the
dense layers, and the use of global max pooling instead of flattening. As illustrated in
Figure 1, the model comprises 11 main layers and 20,365 parameters.

Training was conducted using the Adam optimizer (learning rate: 5 × 10−3) and
binary cross-entropy loss with logits for up to 200 epochs. To mitigate class imbalance, we
applied a weighted loss strategy based on inverse class frequencies. The training process
utilized a batch size of 128, with 20% of the data reserved for validation. We employed
early stopping with a 50-epoch patience and a learning rate reduction factor of 0.2 if the
validation loss plateaued for 30 consecutive epochs. In this study, abnormal ECGs were
defined as the positive class, while normal ECGs constituted the negative class.

2.4. Evaluation
Model performance was assessed using Accuracy, Sensitivity, Specificity, Precision, F1-
score, and the Area Under the ROC Curve (AUC). For development, the CODE15 dataset

Figure 1. Architecture of the LiteVGG-11 model.



was partitioned into 80% for training/validation and 20% for testing, using stratified sam-
pling to preserve the “Normal” class proportion. The evaluation focused on misclassifica-
tions, specifically abnormal segments incorrectly predicted as normal, to identify which
pathological classes were most prone to error. Generalizability and robustness were fur-
ther tested via external validation on the PTB-XL and a private wearable dataset. For the
wearable data, performance was compared across two scenarios, including and excluding
signal artifacts, to determine the model’s resilience to real-world noise and its practical
applicability for continuous monitoring.

3. Results and Discussion
The performance of the LiteVGG-11 model across the three datasets is summarized in Ta-
ble 2. The model achieved moderate performance on the CODE15 test set with an AUC
of 0.736 and demonstrated a degree of generalizability when applied to the standardized
signals of the PTB-XL dataset (AUC: 0.773, Accuracy: 0.788). However, the transition to
real-world wearable data highlighted significant deployment challenges. While sensitivity
remained high (> 0.94), specificity experienced a sharp decline from 0.519 in artifact-free
segments to 0.365 when signal artifacts were present. This substantial drop in specificity
suggests that environmental noise significantly compromises the model’s utility. To ad-
dress this, the implementation of a simple signal quality filter could be a viable strategy
to discard unreliable segments before classification, thereby reducing false alarms.

A detailed examination of subclass-wise false negative rates (FNR), detailed in
Table 3, reveals a critical diagnostic boundary. In the CODE15 test set, the model per-
formed effectively on well-defined rhythm and conduction disorders, specifically achiev-
ing low FNR for LBBB (0.003) and AFib (0.005). Similar trends were observed in the
wearable dataset, where the model maintained high sensitivity for AFib (FNR: 0.005)
and correctly identified most artifacts (FNR: 0.007). Nevertheless, performance degraded
notably within the heterogeneous “Others” category (FNR: 0.349 in CODE15; 0.222 in
PTB-XL) and for specific pathologies in the PTB-XL dataset, such as Myocardial Infarc-
tion (FNR: 0.119) and Hypertrophy (FNR: 0.118).

These performance discrepancies stem from the inherent physical and diagnos-
tic constraints of utilizing a single lead (Lead II). As a unidimensional vector oriented
at approximately +60◦ in the frontal plane, Lead II is effectively “blind” to electrical
activity propagating perpendicularly to its axis or occurring within the horizontal plane.
Consequently, ischemic events located in the anterior or lateral walls, which are typically
associated with occlusions in the left anterior descending or circumflex arteries, may not

Table 2. Performance metrics for the LiteVGG-11 model.

Dataset Sensitivity Specificity Precision F1-Score AUC Accuracy
CODE15 test set 0.709 0.763 0.824 0.763 0.736 0.730

PTB-XL dataset 0.864 0.682 0.792 0.827 0.773 0.788

Wearable dataset

Without Artifacts 0.945 0.519 0.509 0.662 0.732 0.666

With Artifacts 0.975 0.365 0.529 0.686 0.670 0.623



produce detectable changes in this single vector. Furthermore, without the spatial context
provided by precordial leads such as V1 and V6, it is clinically unfeasible to accurately
differentiate between various types of bundle branch blocks or identify complex axis de-
viations.

Given these findings, LiteVGG-11 is best positioned as a preliminary screening
tool rather than a definitive diagnostic solution. While its high sensitivity (reaching 0.975
in the presence of artifacts) ensures that critical rhythm events like AFib are rarely missed,
its low specificity and the resulting potential for false positives necessitate constant clini-
cian oversight. Furthermore, while the architecture is optimized for resource-constrained
environments, the current study is limited by the absence of a direct performance compar-
ison with established lightweight models such as MobileNet or EfficientNet-lite. Future
work will focus on benchmarking against these architectures to validate the structural ad-
vantages of LiteVGG-11 and exploring methods to enhance robustness against real-world
artifacts.

Table 3. Subclass-wise false negative rates in the binary normal/abnormal clas-
sification task, for each test dataset.

CODE15-Test
AFib ST SB LBBB RBBB 1dAVb Others

0.005 0.009 0.017 0.003 0.010 0.053 0.349

PTB-XL Wearable
CD HYP MI STTC Others AFib Others Artifacts

0.051 0.118 0.119 0.066 0.222 0.005 0.110 0.007

4. Conclusion

This study validated LiteVGG-11 as a lightweight solution for binary ECG screening
using exclusively Lead II data. Trained on the CODE15 dataset and validated across
PTB-XL and wearable recordings, the model demonstrates the feasibility of identifying
well-defined rhythm disorders in resource-constrained environments. However, its per-
formance in wearable settings is significantly challenged by signal artifacts, which reduce
specificity and may limit its practical utility without further noise mitigation. Analysis
of misclassifications confirms that while the model achieves exceptionally low false neg-
ative rates for critical pathologies like AFib, errors are primarily concentrated in subtle
or diffuse abnormalities that are inherently difficult to detect with a unidimensional lead.
This reinforces the model’s role as a preliminary screening tool that requires clinician
oversight rather than a definitive diagnostic solution.

To further its clinical utility, future work will focus on benchmarking LiteVGG-
11 against established lightweight architectures, such as MobileNet or EfficientNet-lite, to
better quantify its structural advantages. Additionally, subsequent research will prioritize
enhancing robustness to signal artifacts and exploring transfer learning strategies to adapt
the model to the diverse real-world signal variations encountered in continuous wearable
monitoring.
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