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Abstract: Human ECG sensing signals can be regarded as the observed variables of the human heart’s
nonlinear dynamic system, which can effectively reflect the state changes of the heart system. They
can be used for heart health monitoring and related disease identification. Due to the robust chaos,
nonlinearity, and complexity of ECG signals, it is challenging to express them by standard features.
Therefore, this paper proposes a nonlinear topological data analysis method to model ECG signals
and extract nonlinear features for ECG anomaly detection. Firstly, we use the time delay embedding
approach to map the ECG time series to the topological space for phase space reconstruction to form
the ECG point cloud. Then, based on the point cloud information in space, the persistent homology
method was used to construct the topological imprint of ECG data. Finally, the persistence landscape
in the topological impression was extracted as the topological feature of the ECG signal for ECG
anomaly detection. With only 20% of the total training dataset, it achieves a 100% accuracy for normal
heartbeats, 98.75% for ventricular beats, 95.88% for supra-ventricular moments, and 91.97% for fusion
beats. Thus the method can be trained for a single individual, allowing for personalized analysis
systems. With the present study, TDA could be a valuable tool for biomedical signal analysis, with
potential application in customized data processing.

Keywords: electrocardiography analysis; persistence landscape; topological data analysis; biomedical
signal analysis

1. Introduction

Human ECG sensing signals are the observed variables of Electrocardiographic(ECG) signals
that reflect cardiac electrical activity over time. The abnormal pattern of ECG signal is associated
with cardiac arrhythmia due to severe cardiac risks like stroke, heart failure, and sudden death[1].
Arrhythmia is one of the main tasks that could be induced by aging or different diseases like diabetes,
hypertension, and obesity. Recognizing and detecting arrhythmia of the ECG sensor data is one of
the main tasks of healthcare applications such as intelligent homes[2], rehabilitation[3], and mobile
health[4,5]. Arrhythmia is an irregular heartbeat and is an important event to capture and analyze
in modern healthcare systems. In most heart monitoring systems, the automatic detection and
classification of the heartbeat signal are one of the most fundamental aspects for conserving life and
personalized medicine in today’s growing population. As the Association for the Advancement of
Medical Instrumentation (AAMI, Arlington, VA) recommended, the heartbeats could be classified
into one of the five ECG patterns: N (normal beats originating in the sinus node), S (supra-ventricular
ectopic beats), V (ventricular ectopic beats), F (fusion beats), and Q (unclassifiable beats) for heart
monitoring. In this paper, based on N (normal beats originating in the sinus node), S (supra-ventricular
ectopic beats), V (ventricular ectopic beats), and F (fusion beats) were used to study the abnormal ECG.

Physiologically, heartbeats exemplify complex systems involving turbulence and space-time wave
propagation. The ECG signals collected by different types of sensors can reflect the physiological
dynamics of the heart. These signals can be regarded as the observed variables of the dynamic
system[6]. The dynamic ECG system will evolve, and the arrhythmia phenomenon represents the
abnormal cardiac system. Therefore, the system’s future state can be predicted according to the
practical representation information to realize the state monitoring of the ECG system[7]. The feature
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extracted from the clinical ECG systems is essential to modern arrhythmia systems. Richter et al.
pioneered the phase-space reconstruction method to study ECG signals and gave a preliminary
description of the morphological properties of ECG signals in phase space[6]. Valenza et al. employed
Lyapunov exponents and approximate entropy parameters to study the nonlinear characteristics of
heart rate variability in Holter-ECGI8]. The work on Correlation Dimension features of ECG signals
to check heart rate variability is formulated in the study of Bolea et al. [9]. Chen et al. used the
related tools of Chaos theory to analyze the phase space of ECG signals and extract the corresponding
features to realize the identification based on ECG signals[10]. Desai et al. used the feature analysis
method of Recurrence Quantification Analysis to learn the modeling and classification of ECG patterns
in the state of tachycardia[11]. Other Nonlinear Dynamical System Analysis Techniques, such as
Detrended Fluctuation Analysis (DFA)[10] and Poincaré Plot[12], are also used in ECG analysis
applications. For the ECG signal with robust chaos, the traditional features cannot represent the
nonlinear characteristics of ECG, and some nonlinear features cannot describe the self-organization
characteristics of ECG signals. Therefore, we focus on the study of phase-space reconstruction jointly
with a recently fast-developing technique of topological data analysis (TDA).

The TDA technique adopts a persistent homology[13,14]tool to describe the point clouds,
providing a novel description of the structure of the point clouds and topological properties of
the phase space. Topological data analysis theory was first proposed by Gunnar Carlsson et al.
and applied to data analysis[15]. The description of simple, complex, and persistent homology
tools is abstract. To more intuitively understand the change of state space, Bubenik et al. used the
persistence situation function to describe the state complexity when time series changes[16]. Seversky
et al.[17]extracted topological imprints from time series to explain features and realize classification
problems in standard signals. The nonlinear dynamics analysis with topological descriptions has
been used in wheeze detection[18], heart dynamics analysis toward arrhythmia detection[19], gait
dynamics analysis toward neurodegenerative disease discrimination[20,21], EEG-based dynamics
analysis toward brain state recognition[22], and plenty of time series classification applications[23,24].
TDA provided an alternative viewpoint for signal analysis and enriched the nonlinear dynamical
system-based signal processing research. The jointly nonlinear analysis methods could provide
essential features for arrhythmia analysis. [6]use time-delay embedding to convert the ECG signal into
a 2-D point cloud for cardiac system analysis. In[25], the term topological signal representation
was proposed using time-delay embedding and TDA. Besides, Safarbali[26] offered a statistical
analysis using the time-of-life phrase in persistent homology of TDA toward the atrial fibrillation
nonlinear dynamic analysis, and Dindin[27] used the Betti curves as an alternative feature of the deep
learning representations, using in a recognition system with a cascaded modular neural network.
TDA constitutes an alternative to traditional statistical methods used in recognition applications.
From a nonlinear dynamical system viewpoint, the system’s information can contribute to the
machine learning tasks, which depend on entirely different theories than statistical ones. How to
incorporate the system information into the machine learning statistical computation framework, a
recent topological signature[28-30] termed persistence landscape answers. This work illustrates how
to use the topological signatures in the arrhythmia classification system.

In this spirit, the main contribution of this work includes:

Based on single lead ECG data set, we adopted a nonlinear dynamic characteristic analysis ECG
modeling method to extract nonlinear topological dynamic characteristics of four kinds of ECG signals
for abnormal heart rate detection.

Based on the extracted topological features, we set up four experiments and four test set training
set ratios for ECG anomaly detection. When only 20% of the samples are used for training, the
classification performance of normal heartbeat class is 100% recognized, ventricular beats for 97.13%,
supra-ventricular beats 10 for 94.27%, and fusion beats for 94.27%. The experimental results show that
TDA is a practical solution for the robust detection of ventricular ectopic and supraventricular ectopic
beats that can effectively characterize the nonlinear system of ECG.
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2. Materials & Method

2.1. Materials and pre-processing

The method proposed in Section I is applied to the long-term ECG data in the Physionet MIT-BIH
Long-Term database (PhysioBank)[31]. The long-term ECG database contains six two-channel ECG
signals sampled at 128 Hz per channel with 12-bit resolution and one three-channel ECG sampled
at 128 Hz per channel with 10-bit resolution. The seven long-term ECG record IDs are 14046, 14134,
14149, 14157, 14172, 14184, and 15814. We resample the ECG signals to 340 Hz, a typical sampling
rate in ECG algorithm studies. The baseline wander (caused by perspiration, respiration, and body
movements), power line interference, and muscle noise were removed with a Butterworth filter. Then
the filtered ECG signals were segmented into individual heartbeat waveforms based on the detected
R peaks. With the extracted R peaks, each 340-point signal is determined in an ad-hoc rule: set the
R position as the 141 points, and pull the anterior 140 points and the following 199 points from the
original time series. Then the extracted samples are illustrated in Table 1.

Table 1. The 7 records’detail of MIT-BIH Long Term Dataset.

Arrhythmia Type
User ID N S \ F Total Samples

14046 105,408 2 9,767 95 115,272
14134 38,769 29 9,836 992 49,626
14149 144,548 0 264 0 0

14157 83,422 244 4,369 63 88,098
14172 58,318 1,152 6,529 1 66,000
14184 78,104 39 23,383 11 101,537
15814 91,628 34 9942 1,744 103,348

We can see that the data samples are severely imbalanced for each record. So we further redesign
an experiment with the following settings:

1. Data samples with a limited number are ignored, like the F class in ID 14172 and V in ID 15814;

2. As some samples are ignored, the classification task in ID 14184 and ID 14046 becomes a
two-class classification task.

Then we only focus on the 3-class classification task in ID 15814, ID 14134, and ID 14172. For
each job, we randomly select the corresponding signal samples to make the signal sample distribution
balanced and also for the reduction of computation consumption. As Table 2 illustrated, each task
allocations for the signal samples are 1:2:4. For a small sample validation, we designed different
experiments with 100 representatives from each class from ID 14172. Next, we will conduct experiments
based on the preprocessed data.

Table 2. 4 designed experiments from the MIT-BIH Long-term Database.

Arrhythmia Type
Experiment Number UserID N S A\ F
Exp #1 14134 3,968 0 1,984 992
Exp #2 15814 6,976 0 3,488 1,744
Exp #3 14172 4,608 1,152 2,304 0

Exp #4 14172 100 100 100 0
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2.2. Phase Space Reconstruction

ECG signals are nonlinear and non-stationary time series. When the topological nonlinear
dynamic analysis is carried out, the ECG time series can be converted into the corresponding trajectory
in the phase space. This process is called phase space reconstruction[32], and the reconstructed phase
space is called topological space. In phase space reconstruction, the ECG time series is transformed
into a point cloud in abstract phase space by time delay embedding[33,34], and the point cloud is
regarded as a collection of vector points. Mathematically, consider the time series of {#(, t1, ... }, the
time delay embedding can be denoted as:

X = (b tees oo b a—1)7) €]

X is the time series after delay embedding. The state point cloud of the dynamics of a moving
system can be represented by the state point set of X = {xp, x1, x2, ... }. Two crucial factors in the PSR
stage are the time delay parameter denoted as T and the dimension indicated as d used to unfold the
dynamics in the phase space. Selecting appropriate parameters can improve the robustness of the
model. In previous studies, many methods for phase space reconstruction have been proposed, such as
average mutual information method[35], relevant strategies for selecting optimal delay parameters[36],
methods for determining delay parameters based on geometric information[37] and pseudo-nearest
neighbor algorithm[38]. Based on relevant studies[39], it is found that the fixed size remains unchanged,
which will not affect the validity of the experimental conclusion. Therefore, based on the principle
of the average mutual information method and set size, 7=5 and d=2 are selected as the optimal
parameters for delayed embedding in this experiment. As shown in Figure 2, the ECG signal is
mapped to the point cloud formed in the image space.

2.3. Persistent Homology

Persistent homology is one of the main tools for topological data analysis, which can be used to
analyze point clouds in topological space. The analysis principle uses simple complex sequences to
describe the relationship between data points and extract effective topological features[40]. Among
them, a simple complex is a data structure that uses geometric objects such as points (0-simplex),
lines (1-simplex), triangular surfaces (2-simplex), and tetrahedrons (3-simplex) to splice or glue into
the whole topological space(as shown in Figure 1(a)). In higher dimensional space, a shape formed
by connecting two or more simplex forms is called a simple complex(as shown in Figure 1(b)). The
modeling of persistent homology is to regard a single point in the topological space as a ball with a
radius of €. Various simple, complex forms can represent the topological properties of different radius
balls. The specific construction process is as follows:

1)First, replace the points of {x1, x2, ...x;, } with the radius-based sphere disks in the 2-dimension
case with a radius parameter €, These points can be represented as { B(x1,€), B(x2,€),...B(xp, €) }.

2) Then, gradually increase the radius parameter € from 0 to co. As the parameter of € gradually
increases, thee-spheres collide and merge to form new components and holes, as shown in Figure 2.

3) Finally, all the individual objects of B(x;,, €) merged into one sphere when the radius of the
spheres € increases to .

--—AA <D<

(a) K-Simplex(k=0,1,2,3... (b) K-Simplicial Complex(k=2)

Figure 1. Simplex: (a) the k-simplexes; (b) the combination of simplexes forms a simplicial complex.

The components and holes appear and disappear in the process of simple-complex construction,
as illustrated in Figure 2; the connected components belong to the 0-dimensional homology class H,
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while the holes belong to the 1-dimensional homology class H; as shown in Figure 2. The persistent
barcode can record the continuous state of holes[41]. The straight line length represents the survival
time of different holes, as shown in Figure 3(a).

W) - ;@m
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°

- .
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- . )

°
I = dim0:H, !
I — dim1:H, ®

(a) persistence barcode (b) persistence diagram graph (c) persistence landscape

Figure 3. Barcode Illustrations.
2.4. Topological Feature Extraction

From the perspective of machine learning applications, persistent barcodes generated with the
topological method can be considered alternative feature sets. Some applications directly consider
the persistent barcode as an estimator in statistics or features[42], i.e., use the barcode intervals as
representation. Further, using distance measures like the Bottleneck and Wasserstein distance for
comparison, the topological similarity between persistence diagrams for applications in protein binding
analysis[43]. Other essential works are distance-based signal classification[44]. In this work, we use
the Persistence Landscape as our topological nonlinear features based on the persistence of Hy and Hj.

The persistent landscape is transformed from the persistent barcode. Firstly, the persistent barcode
can be transformed into a persistence diagram graph with birth indices on the horizontal axis and
death indices on the vertical axis in Figure 3(b). The homology a was "born" at b, and "die" at d, which
make a pair (ba, dy).

For each birth-death point (b,, d,), a piecewise linear function:

x — by, if xé(ba,ba—;da)
FOud)d e if xe (it g ?

2
0, if x¢ (byda)

with which a sequence of functions A can be given by:
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A(x) =k —max{fe, a,)(x)[(ba, du) € Pt} ®3)

Where the k-max denotes the k-th most enormous value of a function, statistical methods can
be involved with the persistence landscape in Banach space. More theory descriptions of persistence
landscape can be referred to from[45]. The persistent landscape for the four ECG types is shown in
Figure 4.

A

) /N

Figure 4. The topological feature for each class.

2.5. Algorithm Evaluation

Based on the nonlinear topological features of ECG, we use the Random forests (RF) classifier to
perform the multi-class classification task. RF is an ensemble learning method for classification, widely
used in different classification and regression problems. The proposed method could be evaluated
as a usual classification task parameters, we calculate the four parameters in confusion matrix: the
correct classification number (TP as true positive samples); the false classification number (EN as false
negatives); correct normal classification number (TN true negatives); and false classification number
(FP as false positives). We use the normalized confusion matrix for the performance evaluation. In
the normalized confusion matrix, a row represents an instance of the class with its actual label, and
a column represents the predicted class. Then the values of the diagonal elements are the correctly
classified proportions. In the meantime, the off-diagonal elements are misclassified information. Then
higher values in the diagonal elements mean better results.

3. Results & Discussion

With the experiment’s settings, we evaluated the features of the proposed framework with the
random forest classifier. We can see that in Figure 4, the persistence landscapes for each class are
distributed differently. With the persistence landscapes for each data sample, we set the experiments
with a training partition size of 80%, 60%, 40%, and 20%. The rest of the data samples are treated as
testing sets. The performance is evaluated with classification confusion matrixes illustrated in Figure 5.

The proposed method evaluated the classification task for N, V, and F. We can see that the V class
was well classified; even with only 20% percent of samples used in the training process, the test result
of the V class can achieve 89.35%. The results for the F class recognition, the performance dropped
rapidly as the training sample reduced from 70.71% to 58.31%. Table 2 shows that in Exp#1, there are
only 992 F samples for evaluation. When the training size is set to 20%, with only about 200 training
samples, the recognition rate can still achieve 58.31%.
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Exp #1

Exp #2

Exp #3

Exp #4

train/test=4:1 trainftest=3:1 train/test=2:1 train/test=1:1

Figure 5. The topological signatures for each class.

The experiment results of Exp#1 are shown in the first row of Figure 5. In Exp #1, a 3-class

In the second row of Fig5, for Exp#2, the N, V, and F-oriented 3-class classification task was
evaluated. With 20% percent for the training set, the recognition rates of V and F classes achieve 96.31%
and 91.97%, respectively. In the third row for Exp#3, the N, S, V oriented 3-class classification task was
evaluated, and the recognition rates of V and F are 95.88% and 97.88%, respectively, when training size
set into 20%. The fourth row illustrates the results of Exp#4, and we use a small data size; the results
also show excellent performance.

This paper introduces a new personalized ECG beat classification and arrhythmia analysis
scheme using the algebra topology field’s persistence landscape. This work is the first on the TDA
representation persistence landscape applied to the personalized arrhythmia analysis. The project has
been proven as an efficient representation of ECG analysis, primarily when used in small training
sizes; the technique shows great potential.

Compared to the previous work in ECG classification or arrhythmia analysis. We have the
following different settings:

1. In many ECG analysis tasks, they validate the method using a mixture of different patients.
However, in this work, we focus more on personalized settings. The reason for this setting is
that, for different individuals, the cardiac system could differ from the physiological system. The
locations could bring a sample deviation because of the dynamics difference, which departures
the purpose of this study.

2. The topological method was used in this study to extract representations that differ from the
statistical features” work. This study is more related to nonlinear signal analysis, which uses
TDA instead of other nonlinear parameters.

3. There is a limited study on the small training set experiments; the proposed experiments show
that the proposed method could perform well for the arrhythmia analysis task. This specialty
could be meaningful for wearable or clinical applications when dealing with a high prediction
performance under limited data source conditions.

4. Conclusion

The TDA methods provide alternative insights compared to the statistical features. We show
that a TDA-based signal feature, namely persistence landscape, can give useful representation for
personalized arrhythmia analysis. The proposed method performs well when dealing with customized
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arrhythmia analysis in our experiments. We also find that the proposed method is robust to the size of
the training set. When dealing with only 20% of the total training dataset, it achieves a 100% accuracy
for normal heartbeats, 98.75% for ventricular beats, 95.88% for supra-ventricular moments, and 91.97%
for fusion beats. Thus the method can be trained for a single individual, allowing for personalized
analysis systems. The study proves that topological data analysis is a representation tool for nonlinear
ECG data, which can effectively map the characteristics of the nonlinear dynamic system of ECG. Itis a
successful attempt at topological data analysis in nonlinear physiological signals and lays a foundation
for more complex physiological signal analysis. TDA is an effective tool for biomedical signal analysis
with potential applications in personalized data processing.
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