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Abstract

Background and Objectives. The massive storage of cardiac arrhythmic episodes from Implantable Cardioverter
Defibrillators (ICD) and the availability of new artificial intelligence algorithms are opening up new opportunities for
electrophysiological knowledge extraction. However, expert cardiologists must provide accurate and reliable episode
labeling, which is manual, expensive, and time-consuming. Methods. In this work, we propose using Active Learning
(AL) to design classification models that streamline the manual process of labeling cardiac arrhythmic episodes.
When AL is used, relevant episodes for classification are selected and then presented to the human expert to be
labeled so that the burden associated with the labeling process can be dramatically reduced. Results. We adapted
four large-margin-based AL strategies to a previously proposed classification methodology. We benchmarked them
in problems involving 3 and 8 arrhythmia types in 9908 episodes extracted from a massive national repository of ICD
data. Specifically, the relevance of the episode-patient diversity for classification was evaluated. Results showed that
the gold standard performance (obtained using all episodes) was achieved when approximately 20% (50%) episodes
from 60% (85%) of patients were included in the 3-class (8-class) model design. Conclusions. We can conclude that
AL techniques are beneficial for designing classification models and can streamline the human labeling process of
massive ICD datasets.

Keywords: Implantable Cardioverter Defibrillator, Episode of Cardiac Arrhythmia, Statistical Classification,
Expert Labeling.

1. Introduction

Predictive data analytics is assuming a leading role in clinical practice by providing healthcare profession-

als with support for their daily decision-making. Advances in analytics technologies have been significant,
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enabling the development of new models to address a wide range of clinical classification problems. Data-
driven classification models are typically derived from Machine Learning (ML) techniques and often rely
on sample similarity measures. Cardiovascular disease has been an intense area of activity in recent years,
with many reviews in the past few years focusing on the clinical applications and basic cardiovascular re-
search of ML techniques [1]. A review of ECG detection and classification based on learning systems was
conducted [2], concluding that the primary focus is often accuracy and noting the increasing interest in
wearable technologies for applying ML and Deep Learning (DL) approaches.

But in all cases, when designing models with massive datasets, opting for a curated subset comprising
relevant and representative samples becomes advantageous. This is due to the exponential increase in
computational memory and processing demands as more samples are integrated into the design of data-
driven models. Within the ML literature, this approach of selecting pertinent samples is known as Active
Learning (AL). A fundamental concept in AL is that a classification model trained with a thoughtfully chosen
reduced set of samples can generalize as effectively as one trained with a larger set of randomly selected
samples [3]. To achieve this, AL is characterized by an iterative exchange between humans and the model. In
this process, the model identifies samples with classification uncertainty and presents them to the human for
labeling. The human then annotates these uncertain samples, contributing to the continuous improvement
of the model generalization capabilities. To date, the effectiveness of AL has been demonstrated in a large
number of different nature applications, such as remote sensing [4, 5, 6, 7], humanitarian geolocalization [8],
industrial robotics [9], or biomedical applications [10, 11, 12, 13], among many others.

A field of relevance in cardiac arrhythmia monitoring is implantable devices. In recent years, an increasing
number of individuals facing a heightened risk of sudden cardiac events have received treatment by implanting
an Implantable Cardioverter Defibrillator (ICD). This small, battery-powered device is surgically placed
beneath the skin and operates with constrained memory and computational capabilities. It is fitted with
slender wires, known as leads, positioned within the right ventricular apex, sometimes in the septum, and the
right atrium or the left ventricular epicardium. These leads enable the ICD to record intracardiac electrical
signals, called electrograms or EGMs. These EGMs are then used for automatically detecting arrhythmic
episodes, triggering the application of various therapies such as pacing, cardioversion, or defibrillation when
necessary [14, 15]. Present-day ICDs retain the corresponding EGM data when an arrhythmic episode is
detected. Subsequently, this data can be uploaded into a centralized database during the patient’s visit to
the cardiologist or even through remote follow-up transmissions. This approach empowers cardiologists to
meticulously review each arrhythmic episode and assess, during subsequent follow-ups, whether the detection
and treatment were executed effectively or require changes [14].

In our prior research [16], we demonstrated that innovative approaches utilizing compression similarity
measures can effectively classify ICD arrhythmic episodes with high accuracy. The dataset we utilized exem-

plifies a common challenge in analyzing biomedical signals: it requires expert revision for accurate labeling,
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which can pose challenges when employing ML methods. Despite those challenges, only a few approaches
have been proposed for leveraging AL in the context of large cardiac signal repositories [17, 18]. In our effort
to assess how AL can enhance the performance of automatic arrhythmic episode classification methodolo-
gies, we compare the results of applying four distinct AL approaches based on large-margin techniques. It is
important to emphasize that these AL algorithms are particularly well-suited to ML classification schemes,
such as Support Vector Machines (SVMs) used in the proposed methodology. Moreover, implantable devices
need to classify arrhythmia episodes while being power and memory-constrained, so they need to work with
algorithms with as few parameters as possible. In this setting, SVM classifiers only need to compare samples
to training ones, so these training samples need to be wisely chosen, which is a strength of AL techniques.
Additionally, we investigate the importance of patient diversity in the classification process, which is relevant

in the context of ECG-based ML systems.

2. Active Learning

Let us consider a labeled dataset X = {(x;,1;)}/_, used to train a classification model, where samples
x; € R? (d is the dimension of the feature space) and labels [; € {C1,...,Cp}, with L the number of different
classes and these labels are available for a limited number of samples I. Let us also consider an unlabeled
dataset U = {Xj}'j]:17 known as the pool of candidates, with samples x; € R? and cardinality J > I.
An AL algorithm aims to iteratively select those samples from U, which could improve the classification
performance of the model designed with X'. In AL, the selection criterion is a heuristic [3] usually based on
the discovery of uncertain or low confidence regions of the feature space. If the model solved such regions,

the classification performance would greatly improve. In short, the general learning procedure of an AL

Ce
Jj=1

algorithm can be described as follows [3]: (1) for a given iteration €, the set of C, candidates, S = {x;}
is selected from U¢ following a predefined heuristic; (2) the selected candidates are labeled by the human,
ie., {lj}jC;1 are determined; (3) the labeled set &’ = {(xj,lj)}?;l is added to X¢, i.e., X(t1) = ycy 8,
and S¢€ is removed from U¢; (4) the model is retrained; (5) the process is repeated until a stopping criterion
is met.

Hence, an AL algorithm requires the interaction between humans and models. The human provides
knowledge of the task through the labeling, whereas the model provides computational capacity. The
selection strategy defining a heuristic is crucial for the AL algorithm and sets the success of the learning
process. Different AL algorithms have been proposed, and at least four AL heuristic families are differentiated
[3], those based on committees, large margins (specific to SVMs), posterior probability, and clusters. Due
to the nature of our classification task for arrhythmic episodes and mainly to the classification methodology

used, we focus on the AL algorithm based on large-margin heuristics in this work. An AL algorithm based

on large-margin is characterized by quantifying the uncertainty depending on the distance to the separating
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classification hyperplane. Classifiers such as SVMs [19], used in our previous proposed methodology, are
naturally tailored for this type of AL philosophy. In short, the absolute value of the decision function (before
taking its sign) can be used to quantify our confidence in the classification of a sample.

Let us consider a binary classification problem (L=2). The distance of a sample x, to the SVM hyperplane

is given by:
I
d(x.) = Y oilik(xi, %) + b (1)
=1

where k(x;,x,) is a kernel function defining the similarity between the unlabeled candidate x, and the I
samples {x;}!_; used for designing the SVM classifier; I; € —1,1; and «; values denote the coefficients
associated with each training sample. Samples with an associated nonzero « coefficient are known as
support vectors and contribute to defining the classification model. More detail on SVM description and
kernel functions can be found in the SVM basic literature [19, 20].

Conceptually, SVMs are based on a sparse representation of the training set. In this setting, relevant
samples are those with a high or nonzero associated coefficient. Hence, samples lying within the model
margin potentially contain relevant information, which would improve the classification performance by
shifting the position of the classification hyperplane. Different large-margin-based heuristics can be defined
depending on the classification task [3]. The following describes the most common heuristics used in this
work.

Margin Sampling (MS). This heuristic is also known as most ambiguous [21, 3] and is characterized
by taking the SVM geometrical properties into account. Specifically, it considers support vectors [22], and
candidates are selected by minimizing the following cost function:

Sirg = argmin {max {dc(xj)}} (2)
x; €U ¢
where d.(x;) is the distance of the sample x; to the hyperplane defined for the ¢ € {C1,...,Cr} class in a
one-against-all multi-class scenario.

Breaking Ties (BT). This heuristic was proposed by Luo et al. [23] and characterizes uncertainty as
the difference between the distance to the hyperplane and the nearest data points on each side of it, i.e., the
following cost function is minimized:

Spr = argmin {dc, (x;) — dcy(x;)} (3)
x; €U

where

de, (x5) = maz {d.(x;)}
de, (%) = max {de(x;)}

and C is the class associated to dc; .
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Level Uncertainty with Diversity. In AL algorithms, the sample selection is performed by batches,
i.e., more than one sample is selected per iteration. In this case, one wants to avoid selecting similar
high-uncertainty samples. The concept of data diversity essentially concerns the ability to select samples as
different as possible from each other and Depending on each problem, data diversity has been widely studied
in the AL field. For our real clinical scenario of arrhythmic episodes, the diversity can be defined using the
patient information, i.e., the patient who suffered from the arrhythmic episode. Thus, aiming to analyze
the effect of this diversity, in this work, we defined two heuristics with patient diversity (PD) from the two
previous ones, i.e., the MS-PD and the BT-PD. For both heuristics, we denote the pool of candidates as
U= {(xj,pj)};-]:17 with patient indicators p; € {1,..., P} and P as the number of different patient. Then,
MS-PD and BT-PD heuristics candidates are selected by minimizing cost functions in Eqgs. (2) and (3) ,

respectively, but subject to the following constraint:
pj #1; Vx;,x; eS8 (4)

Note that Eq. (4) ensures that patient diversity takes priority over episode uncertainty.

3. Database of arrhythmic episodes

A clinical classification scenario requiring AL techniques is the Big-Data Scientific COOperation Platform
(SCOOP) project of cardiology developed in Spain by Medtronic® [24]. The classification of cardiac
arrhythmic episodes recorded by ICDs was manually carried out in SCOOP by a committee of expert
cardiologists, by labeling each arrhythmic episode into eight different categories (see [16] for further details).
Moreover, SCOOP was included in an observational research study called UMBRELLA and informed consent
was obtained as detailed in [25, 26], ensuring the legal regulations for scientific data exploitation and patient
privacy.

For this work, a set of 9908 arrhythmic episodes recorded by ICDs from 840 patients in 44 different
Spanish hospitals were extracted from SCOOP. Each episode consists of two EGMs sampled at 128Hz and
1 byte of amplitude resolution and an associated set of ICD time notes (known as markers). Episodes were
recorded either using the ICD configuration pair [CanToHVB, VtipTo Vring| or [Atip ToAring, Viip To Vring|
(4051 and 5857 episodes from 324 and 517 patients, respectively). More details about these configurations
can be found in [16].

Each arrhythmic episode was evaluated, manually analyzed, and labeled through a systematic clinical
process. A scientific committee of 6 expert cardiologists (reviewers) with deep ICD backgrounds defined a
classification guide (detailed in [16]). The guide considers eight arrhythmic categories based on: (1) the
arrhythmia origin; (2) the heart activation events; and (3) the signal EGM waveform. Arrhythmic episodes
had lengths of 23.94+15.6 s (mean+tstd), median length of 19.7 s, and interquartile range of 13.2 s. The

5
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Table 1. Relative occurrence of the arrhythmic categories in the SCOOP dataset used in this work.

Category Number of Episodes Occurrence
8-class 3-class 8-class 3-class 8-class | 3-class
ST 1419 14.32%
AF 851 8.59%
Atrial 3196 32.26%
SVT 545 5.50%
UST 381 3.84%
SMVT 6132 61.89%
Ventricular 6525 65.85%
VF 393 3.97%
TWO 121 1.22%
Other 187 1.89%
NS 66 0.67%

number of episodes per patient was 11.8422.8, with a median of 4 and an interquartile range of 11. The
relative occurrence of each arrhythmic category (8 classes) in this work is shown in Table 1, as well as their
grouping into three major sets (3 classes, broadly used in clinical practice) according to the arrhythmia
origin, namely, atrial, ventricular (which are the more clinically urgent), and other episodes. Atrial rhythms
included Sinus Tachycardia (ST), Atrial Fibrillation (AF), Supraventricular Tachycardia or Flutter (SVT),
and Uncertain Supraventricular Tachycardia (UST). Ventricular rhythms included Sustained Monomor-
phic Ventricular Tachycardia (SMVT) and Sustained Polymorphic or Ventricular Fibrillation (VF). Other
rhythms included T-wave oversensing (TWO) and Noise Sensing (NS). See [27] for a detailed description of

the grouping criteria.

4. Experimental Setup

This section describes the figures of merit and the validation strategy used to assess the performance of
AL heuristics. Likewise, our experimental setup and kernel functions are also detailed.

Figures of Merit. The Accuracy Rate (AR) [28] is the most common merit figure used to quantify
performance in classification scenarios. However, when imbalance is present in the data (i.e., classes are
not equally represented), AR may lead to wrong conclusions since majority classes can mask failures by
saturating classifiers and ignoring the minority classes. Thus, when imbalance is present, better performance
interpretations can be achieved by considering other merit figures such as the specificity, the sensitivity, the
area under the ROC curve (AUC), the F-Score, or the Cohen’s Kappa coefficient, among others [28]. For
this work, the Cohen’s Kappa coefficient (x) [28] has been used to assess the classifier performance of the

3- and 8-class imbalanced scenarios aiming at complementing the AR merit figure. The Kappa coefficient
6
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expresses how reliable a classifier performance is, considering imbalance and quantifying whether the level
of agreement between the target and the model output could be due to random chance [28].

Performance Assessment. In this work, a validation strategy based on random resampling without
replacement was used to assess the performance using AL algorithms. In this strategy, the original dataset
is 1000 times (runs) randomly divided into two different subsets: (1) a training set containing episodes
from the 70% of patients of the dataset; and (2) a test set with episodes of the remaining 30% of patients.
The consideration of runs for using different training and test sets allowed us to get an empirical confidence
interval of the merit figures, thus providing information about the approach stability. Likewise, this strategy
estimates the model performance when no episodes of the same patient are simultaneously considered in
training and test sets. The latter allows us to evaluate the generalization capability of the AL heuristic in
real-world clinical scenarios as new patients are incorporated, consequently reducing the over-fitting risk.

Ezperimental Methodology. We have considered the methodology proposed by the authors in [16] to
classify arrhythmic episodes and evaluate the AL heuristics. The methodology is mainly composed of three
stages: (1) A minimal preprocessing of arrhythmic episodes; (2) The extraction of a data compression-based
kernel among episodes (a similarity matrix); And (3) the classification using a free-parameters kernel-based
SVM classifier. In AL algorithms, the labeled dataset X' was initialized by random selection of 1% of the
episodes from the training set, considering the remaining 99% of them as the unlabeled U dataset. For each
heuristic and e iteration, 1% of the episodes of the training set were selected from U/ as candidates, i.e., 8¢ is
added to X. Thus, € = 100 iterations were computed for each heuristic and run. Besides aiming to analyze
the patients’ diversity, the percentage of patients who included at least one episode in X was also evaluated.

Two bounds (upper and lower limit) on the classification performance were computed for comparison.
The upper limit is obtained when learning with the whole training dataset, i.e., X UU. For estimating the
lower limit in performance, we assessed a model such that S¢ candidates were randomly selected in each
iteration, getting the Random Selection (RS) heuristic.

Similarity Among Arrhythmic Episodes. The data compression-based kernels computed for our 8 and 3
class scenarios are represented in Fig. 1b and 1a, respectively. Through these graphical representations (built
sorting episodes by class label and similarity degree), the effectiveness of a kernel can be readily evaluated.
Green or light (blue or dark) colors are associated with high (low) similarity values in these panels. Thus,
if these kernels are compared with their associated ideal case (Figs. 1d and lc, i.e., when similarity among
samples of the same class is either 1 or 0), it can be noted that a high degree of similarity among episodes
of the same class is present. However, many episodes also present a high degree of similarity with other
classes, suggesting potential inefficiencies in the kernel functionality for such instances or even raising the

possibility of labeling errors.



Author / Artificial Intelligence in Medicine 00 (2024) 1-11 8

5. Results

Performance and comparisons among AL heuristics are presented in Fig. 2. A total of 5 heuristics (4
based on large-margin and one associated with RS) were evaluated in both 8-class and 3-class schemes. In
Figs. 2 (a) to (d), the median value of performance (AR and k) for the lower (RS heuristic) and upper (gold
standard) bounds are represented by employing a red curve and a horizontal black line, respectively. The
four curves between both bounds are associated with the median values of performance achieved by the four
large-margin-based AL heuristics: MS (yellow), BT (purple), MS-PD (blue), and BT-PD (green).

As expected, the performance of MS, BT, MS-PD, and BT-PD was significantly better than those
obtained by RS. As samples were selected considering their uncertainty, the gold standard was quickly
reached when approximately 50% (8 classes) or 20% (3 classes) of episodes in the training set were included.
These results are relevant because they indicate that a high volume of episodes contains redundant or non-
relevant information for the classification and that a smart selection strategy can significantly and positively
impact the classifier performance. In general, BT heuristics performed better than MS ones because they
reached high performance using fewer episodes. However, differences are not significant if the percentage of
episodes included in the model is analyzed when the AL heuristics reach the gold standard. In Fig. 2, this
percentage is represented by dashed vertical black lines. Specifically, the four heuristics reached the gold
standard when 46% (8 classes) or 22% (3 classes) of episodes from the training set were included in the
model. Predictably, with more categories, one needs more episodes with relevant information to solve the
increase in complexity.

PD was analyzed by evaluating the percentage of patients included in the model with at least one
episode per iteration. This evolution is represented in Fig. 3 (a) and (b) for both 8-class and 3-class
schemes, respectively. Note that evolution is nonlinearly correlated with including episodes in the model for
all heuristics (even for the RS one). The reason for this effect is twofold: (1) patients are not associated
with the same number of episodes; and (2) the category imbalance. Moreover, there is a clear difference
between the four large-margin heuristics and the RS one. As expected, the MS-PD and BT-PD heuristics
include more patients in their classifiers because they have a PD constraint. However, differences with
the other two heuristics (MS and BT) are insignificant (close to 1-2%), indicating that uncertainty is not
mainly determined by the type of episode but by the patient. Specifically, when approximately 85% (8 class)
and 60% (3 class) of patients from the training set are included in the model, gold-standard performance
is reached. This result benefits systems such as SCOOP since the manual labeling could be optimized to
search for episodes from different patients, and it even would avoid labeling non-representative episodes.

A pertinent aspect of the AL paradigm pertains to how performance within each category undergoes
development throughout the training process. In Fig. 4, this evolution is shown for the BT-PD heuristic

(similar results were obtained for the rest of heuristics excepting RS) in both 8-class and 3-class schemes.
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Note that within the context of the 3-class scheme, the best learning performance for the “Atrial” and
“Ventricular” categories is practically achieved when 5% of episodes are incorporated in the model design.
However, for the “Other” category, there is an initial decrease followed by a sustained and progressive per-
formance improvement until approximately 20% of episodes are included. This value matches the minimum
number of episodes (dashed vertical line) required to reach the gold standard. This result suggests that: (1)
the proportion of relevant episodes is lower than expected according to the information provided in Fig. 2.
This is likely attributable to imbalance; (2) the minority category essentially conditions the learning process.
This conclusion can also be extended to the 8-class scheme, wherein the imbalance is even more pronounced.
Specifically, SPVT-VF and NS categories condition the learning, and to a lesser degree, SVT, UST, and
TWO categories (which are not the most life-threatening critical ones to detect in ICDs). These results
suggest that AL should be oriented towards labeling arrhythmic episodes belonging to minority categories,
which would optimize the model learning process. Sampling strategies grounded in point density analysis

may be explored [29] to further progress in this direction.

6. Discussion and Conclusion

In this study, we have explored the impact of four AL heuristics on the classification of ICD arrhythmic
episodes. Specifically, we compared the performance of a previously proposed classification methodology
when employing four large-margin-based AL heuristics in conjunction with a kernel-based SVM classifier.
Additionally, we assessed the influence of patient diversity on performance and its effects on the learning
process. Our findings highlight the potential advantages of AL techniques in tasks that demand expert
knowledge. By fostering collaboration between computational models and domain experts, it is possible to
create efficient training datasets containing relevant and representative arrhythmic episodes for classification.
These datasets may undergo continual refinement to achieve enhanced performance. Furthermore, AL
has the potential to support domain experts in their labeling tasks for arrhythmic episodes, reducing the
economic burden associated with achieving high expert consensus.

As presented in this work, AL techniques can be used in current cardiac arrhythmia scenarios for im-
proving classification methodologies in the context of Big Data systems for cardiac arrhythmic episodes.
These advancements can potentially facilitate a transition in ICD patient treatment towards a more person-
alized strategy, reflecting the dynamic healthcare landscape. Their extension to DL approaches and ECG
beat classification can also move forward the current state of the art in artificial intelligence for automated

systems on arrhythmia discrimination.
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Figure 1. Actual ((a) and (b)) and ideal ((c) and (d)) kernel matrices for both 8-class ((a) and (c)) and 3-class ((b) and (d))
scenarios computed using the 9908 arrhythmic episodes of the SCOOP database. For a better interpretation, episodes are

sorted by class and degree of similarity.
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Figure 2. Evolution of the test AR ((a) and (b)) and & ((c¢) and (d)) median values considering 1,000 runs when the proposed

methodology is AL-streamlined in both 8-class ((a) and (c)) and 3-class ((b) and (d)) schemes. Horizontal black lines denote

the gold standard. Dashed vertical lines indicate the percentage of the gold standard reached by the four AL heuristics different

from RS.

13



Author / Artificial Intelligence in Medicine 00 (2024) 1-11

~ ~ ® ®
o a1 =] a
T T T T

% of training patients incluided in the model
[o2]
a

50 L 1 L L L L

L L

0 5 10 15 20 25 30
% of training episodes incluided in

(a)

35 40 45
the model

8'

75

70

65

% of training patients incluided in the model

L L L

L

14

5 10 15 20 25
% of training episodes incluided in the model

(b)
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schemes. Each dashed vertical line indicates the proportion of the gold standard achieved by the four AL heuristics different

from RS. The same legend is used in Fig. 2.
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Figure 4. Evolution of the test AR median values considering 1,000 runs when the proposed methodology is AL-streamlined

in both 8 (a) and 3-class (b) schemes. BT-PD heuristic was used for the AL streamlining. Dashed vertical black lines denote

the gold standard performance value represented in Fig. 2.
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