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Abstract

Long-term monitoring (LTM) of electrocardiogram
(ECG) can help identify intermittent arrhythmias that may
not appear on shorter recordings, but it is often contam-
inated by noise, affecting their diagnostic utility. Recog-
nizing clinically valid ECG parts can improve the per-
formance of signal processing systems and reduce car-
diologists’ analysis time. This study computes the dis-
tortion of the ECG based on clinical readability rather
than quantitative measures. Although we have proposed
various machine learning systems to characterize clinical
noise, we must expand our limited data to enhance perfor-
mance. The main objective is to develop an active learning
(AL) methodology to increase labeled data and improve
our clinical noise classification models. Our experimental
database comprises 8.467 excerpts of 5 seconds, labeled
by a trained expert and a cardiologist, balanced across
both clean and noisy categories. We adopt an AL scheme
with a 1-D Convolutional Neural Network (CNN) based on
an autoencoder, which iteratively incorporates new exam-
ples into the training set based on their class probability.
The FI-score test curves illustrate that the AL scheme out-
performs sample selection at random. This approach can
refine the models by increasing labeled data for training,
thus enhancing health professionals’ confidence in medi-
cal decision support systems for clinical practice applica-
tions.

1. Introduction

Long-term monitoring (LTM) of ECG recordings in-
volves collecting ambulatory signals that are acquired over
an extended period during routine daily activities. This
method enables the detection of cardiac pathologies that
may not appear in shorter recordings [1]. However, due
to their extended duration, some segments of the ECG are
highly contaminated by various artifacts, and some por-
tions of these recordings are invalid for diagnosis. Health-
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care professionals analyze morphological changes in the
heart rhythm throughout the monitoring period, spending
approximately 10 to 15 minutes for each 24-hour record-
ing. However, this task may be more time-consuming
when the signal is difficult to analyze due to noise. There-
fore, the automatic identification of invalid segments in the
ECG is not only relevant to improve the performance of
signal processing systems, but also to reduce the time re-
quired for the cardiologists’ analysis.

Our alternative approach defines a clinical severity of
noise criterion based on a set of rules in the reading and
analysis procedure performed by a cardiologist [2,3]. Our
approach contrasts the traditional one, where noise is seen
as an undesirable artifact appended to the ECG, assess-
ing its severity quantitatively. Conversely, our approach is
based on the readability of the ECG morphology, like car-
diologists do, to discern whether any signal excerpt con-
tains valuable information to provide a diagnosis. Thus,
we introduced the criterion of clinical severity in [2],
where we proved that our scale of clinical severity of noise
is not related to the traditional approach. We then refer to it
as clinical noise when defining its severity according to the
clinical severity. Following this scale, we entirely labeled a
database that reflects the common practice of clinician ex-
perts, and we tested different ML models in [3], showing
the feasibility of classifying the different levels of clinical
noise. We used several ML models based on feature en-
gineering to distinguish between two classes: clean, when
the whole morphology of the ECG is readable, noise, when
the ECG lacks its pattern. We have also processed raw
ECG signals and developed deep learning models, includ-
ing scratch-designed and pre-trained convolutional neural
networks (CNN), and architectures that enhance explain-
ability in the decision-making process [4].

While our algorithms have shown promising results,
they need to improve their performance, which can be
achieved by incorporating new data to facilitate better
training. However, the challenge lies in the difficulty of ob-
taining additional data conveniently labeled, as it is a labor-
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Table 1: Distribution and size of the database by class and
noise category.

Database
TO  2.093 (24.72%)
4.206 (49.68%) 11 5113 (24.96%)
T2 2.121 (25.05%)
T3 2.140 (25.27%)

Clean

Noisy 4.261 (50.32%)

intensive, cumbersome, and expensive process guided by
specific clinical criteria and traditionally done manually.
To address this task, we propose the application of active
learning (AL) techniques [5, 6], allowing our models to it-
eratively learn from previously acquired knowledge and
feedback received when making new predictions. In this
work, we explore an AL scheme to enhance clinical noise
classification, aiming to increase our labeled database and
refine our systems.

The structure of this paper is organized as follows: Sec-
tion 2 introduces the database, Section 3 outlines the model
and the AL scheme for clinical noise classification, Section
4 shows the results, and Section 5 offers the conclusions.

2. Database

In this study, we employ the data repository introduced
in [2], comprising 6.5 hours of ECG recordings from
10 patients, collected using an External Event Recorder
(EER) at a sampling rate of 200 Hz. EER devices enable
continuous ambulatory ECG monitoring over extended pe-
riods, capturing significant changes in the ECG, including
arrhythmias or artifacts. The data repository was labeled
according to the procedure outlined in [2], involving an it-
erative process between a trained expert and a cardiologist,
which led to the clinical severity score categorized as fol-
lows:

o Noise-free (TO) represents a noise-free segment, where
all waves are clearly recognizable.

o Low noise (T1) presents some noise but with readable P
and T waves and identifiable QRS complexes.

e Moderate noise (T2) represents a moderately noisy seg-
ment where only QRS complexes can be identified in at
least three consecutive beats.

e Hard noise (T3) represents a segment with hardly recog-
nizable or unrecognizable QRS complexes.

e Other noise (T4) represents segments containing cali-
bration pulses or straight lines due to the complete absence
of signal or amplifier saturation.

We adopted the same procedure as in [3,4], and we pose
a binary problem where clean class gathers ECG with pre-
senting full morphology (categories TO and T1) and noisy
class represents signal with no ECG morphology (cate-
gories T2 and T3). T4 (other noise) has been omitted as it
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Figure 1: Architecture of the convolutional AE. The en-
coder is indicated with a brace, representing the set of lay-
ers responsible for compressing the input information into
the latent space.

can be easily identified by simple signal processing tech-
niques.

To design the database for training learning methods,
we randomly extract non-overlapping 5-s excerpts (1000
samples) from the data repository. Due to the imbalance
in noise categories, we employ balancing strategies, which
involve randomly undersampling ECGs from patients with
an overrepresentation of noisy categories, and using spe-
cific overlap across underrepresented categories [4]. This
process led to the creation of a balanced database, referred
to as DB-2 in [4], that consists of 8.467 excerpts of 5 sec-
onds from all ten patients, as detailed in Table 1.

3. Methods

3.1. Classifier

We employ a 1-D CNN based on an autoencoder (AE),
designed from scratch. The proposed scheme, determined
as convolutional AE (Figure 1), operates on the raw data
and maps this information into a 3-D latent space. In the
diagram, a double square represents a convolutional layer
(CL), a trapezoid is a pooling layer (PL), a double vertical
line stands for a global pooling layer, and a square with
a cross inside is a fully connected layer (FC). Our convo-
lutional AE model consists of four convolutional blocks
followed by three fully connected layers. Each convolu-
tional block consists of a 1-D convolution operation with
batch normalization, and a leakyReLU activation function
followed by a max-pooling layer to reduce the dimension
at the output. The number of convolutional filters used in
the first four blocks are 32, 48, 64, and 1, respectively, to
enable the data visualization in a 3-D latent space. We ap-
ply max pooling with a size of 4 and a stride of 4 in each
convolutional block. Zero—padding (pad) is used to pro-
cess the incoming data and preserve the input size. After
the last convolutional block, a global maxpooling layer is
performed to flatten the extracted features. The fully con-

Page 2



TRAINING

. STEP 1 STEP 2 STEP N
Train &
< Validation [T gl
: (1%)
9 patients| z> Z> es
(QQ;Z;ylng Selected Ll
| |
EVALUATION l l

| Step 1 analysis | | Step 2 analysis |

Test curves

Figure 2: Scheme of the AL framework.

nected layers have 64 and 32 neurons, respectively, using
leakyReLU activation. The last layer has two neurons cor-
responding to the two classes with softmax activation.

The network comprises a total of 13.638 weights. We
use Min—Max normalization, and the optimal hyperparam-
eters are determined through a grid search, wherein the
learning rate is set at {1072, 1074, 107°} and the mini—
batch size is chosen from {128, 256, 512}. The best hy-
perparameter configuration entails the stochastic gradient
descent algorithm with a momentum of 0.99 with a con-
stant learning rate of 10~%, a mini-batch size of 256, 200
epochs, and L2 regularization with a coefficient of 0.001
to mitigate overfitting.

3.2. AL scheme

AL is a labeling technique that involves an iterative pro-
cess where the algorithm actively selects and incorporates
new examples into the training set to improve the model’s
performance. This method is particularly useful when la-
beled data is scarce or expensive to obtain [5]. The pro-
posed AL framework, illustrated in Figure 2, operates as
follows. Initially, we used data from 9 out of 10 patients to
train the AL scheme, partitioned into three data subsets: a
training and validation set (1%) and a querying set (99%).
The evaluation of the AL scheme is performed using a test
set consisting of data from the remaining single patient.
This patient permutation strategy, outlined in [3], mitigates
the challenges of the limited availability of patients and the
risk of intra-patient overfitting. We deploy an AL scheme
per patient in the dataset included in the test set.

In the first iteration of the AL scheme, the convolutional
AE is trained on a very small initial training set, and the
best model is selected based on its performance on the
validation set. The selected model then classifies sam-
ples from the querying set and actively selects a specific
number of examples, specifically 30 samples, using mar-
gin sampling— a sample selection strategy that identifies
samples whose predictions for any class are most uncer-
tain, indicating proximity to the classification boundary.
These selected samples are incorporated into the training
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Figure 3: Performance curves for a) Precision, b) Recall,
and c) Fl-score, obtained for one permutation of 10 pa-
tients.

set with their actual labels in the next iteration, being sub-
sequently removed from the querying set. This iterative
approach is executed until the querying set is empty. At
each iteration of the AL scheme, the model performance is
evaluated using the test set.

4. Results

Table 2 shows the overall performance of the convolu-
tional AE [4]. The training and validation sets show better
performance than the test set, suggesting an overestimation
of performance when evaluating the same patients used in
training. The higher standard deviation in the test set re-
flects limitations in generalization across patient permuta-
tions, highlighting the need for more training patients.

Figure 3 illustrates the precision, recall, and F1-score
curves on the test set, generated by the convolutional AE
within the AL scheme for a specific permutation. These
curves are compared with a random sampling scheme that
follows a similar framework but with sample selection
at random. In the early iterations of the AL-as-random
scheme, the learning model demonstrates a high detection

Table 2: Performance of the convolutional AE.

Acc Re Pr Fl-score
Train 0.96+0.02 0.97+0.01 0.95+0.03 0.96+0.02
Validation 0.92+0.02 0.94+0.01 0.91+0.03 0.93+0.02
Test 0.83+0.08 0.82+0.13 0.83+0.06 0.82+0.09
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Figure 4: Representation of the latent space of the con-
volutional AE for the train, querying, and test set for one
permutation of the 10 patients.

capability (Figure 3b), but this comes at the expense of
low precision (Figure 3a). As more examples are incor-
porated into the model training, the number of false posi-
tives decreases, leading to improved precision. Figure 3c
shows the F1-score curve, which is particularly insightful
as it combines precision and recall into a single metric. It
shows a progressive increase in F1-score across iterations.
The performance achieved with the AL scheme outper-
forms that obtained with random sample selection across
all metrics, including F1-score, recall, and precision. How-
ever, there are noticeable fluctuations in the curves over it-
erations, particularly pronounced in the random sampling
scheme. This variability highlights the limited size of the
database and the importance of techniques such as AL.

The model employed in the AL scheme, the convolu-
tional AE, allows us to map the data into a latent space and
observe how they are distributed across different phases
of the training set. Figure 4 illustrates the latent space
provided by the convolutional AE in the training, query-
ing, and test sets, respectively, in a specific iteration of the
AL scheme. By visualizing the latent space, we provide a
qualitative explanation of the decisions made by the model
and the AL scheme. The classification boundary, repre-
sented in gray, is determined using a domain detection
technique within the resulting low-dimensional manifolds
in the training latent space [7]. In the querying set, we can
identify the samples (highlighted in blue circles) that lie
closer to the boundary and are subsequently incorporated
into the training set in the next iteration. Furthermore, in
the test set, the model demonstrates effective generaliza-
tion by separating classes for unknown ECG excerpts from
a patient not included in the training set. This representa-
tion illustrates how different regions in the latent spaces
are associated with the two noise categories, thereby en-
hancing the explainability of the model’s decision-making
for each patient.

5. Conclusions

We have developed an AL framework that integrates
margin sampling with a convolutional AE model that pro-
vides interpretability in the decision-making process. We
conclude that the proposed AL scheme can effectively re-
fine the models by increasing the labeled data for training.
This approach strengthens the confidence of health pro-
fessionals in medical learning decision support systems,
particularly in the detection of invalid parts in LTM ECG
recordings, facilitating its application in clinical practice.
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