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The electrocardiogram (ECG) is one of the physiological signals applied in medical clinics to determine health status.
The physiological complexity of the cardiac system is related to age, disease, etc. For the investigation of the effects of
age and cardiovascular disease on the cardiac system, we then construct multivariate recurrence networks with multiple
scale factors from multivariate time series. We propose a new concept of cross-clustering coefficient entropy to construct a
weighted network, and calculate the average weighted path length and the graph energy of the weighted network to quan-
titatively probe the topological properties. The obtained results suggest that these two network measures show distinct
changes between different subjects. This is because, with aging or cardiovascular disease, a reduction in the conductivity or
structural changes in the myocardium of the heart contributes to a reduction in the complexity of the cardiac system. Conse-
quently, the complexity of the cardiac system is reduced. After that, the support vector machine (SVM) classifier is adopted
to evaluate the performance of the proposed approach. Accuracy of 94.1% and 95.58% between healthy and myocardial
infarction is achieved on two datasets. Therefore, this method can be adopted for the development of a noninvasive and
low-cost clinical prognostic system to identify heart-related diseases and detect hidden state changes in the cardiac system.

Keywords: electrocardiogram signals, multivariate recurrence networks, cross-clustering coefficient entropy,

multiscale analysis
PACS: 05.10.—a, 87.18.-h, 87.85.Ng, 87.19.X-

1. Introduction

The human cardiac system, as a typical complex system,
The elec-
trocardiogram (ECG) is a non-invasive and efficient approach

has non-stationary and nonlinear characteristics.

that has been adopted clinically to diagnose heart-related dis-
eases. The analysis of traditional nonlinear time series has
made great progress since the 1980s,!'! such as Lyapunov

[2-4] [5-71 fractal dimensions, 819 etc. The

exponents, entropy,
transformation of a time series into a complex network has
drawn much attention to its topological structure and the dy-
namic behavior of the system.!'!) For instance, Zhang and
Small!"?! mapped the pseudo-periodic time series into a com-
plex network, where each cycle represented a node of the net-
work and the connectivity was determined by related parame-
ters between periods, such as phase space distance, linear cor-

(13 1.1 proposed to apply the

relation coefficient,!'3] etc. Xu et a
theory of phase space reconstruction to map the points in the
phase space as nodes in the complex network, and the edge de-
pended on the phase space distance of points. Lacasa et al.[1%]
declared that they combined visibility graphs with complex

networks. On the basis of the recurrence plot,[m] Donner et

fCorresponding author. E-mail: xyang@cumt.edu.cn
© 2023 Chinese Physical Society and IOP Publishing Ltd
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al.'"V introduced the concept of the recurrence network. Dur-
ing the construction of the transition network taken by Sun et
al.,"® a class represented one node, and the weighted edge
was determined by the transition probability between any two
classes.

The recurrence plot is a versatile and reliable method that
has been extensively used to graphically represent the recur-
rence dynamics in time series data, which characterizes the
proximity of two states in the time-delay reconstructed state
space of a dynamical system. Because the recurrence of trajec-
tories in phase space is one of the most important fundamental
features of dynamical systems, consequently, the recurrence
network method has been successfully applied to evaluate the
dynamic behavior of real systems, such as climate,['>?%! the
cardiac system, [>!??] electroencephalogram signals,?>>* etc.
However, when the number of time series is greater than 2,
the relationship between the time series cannot be portrayed.
In order to overcome this issue, Gao et al.[*! constructed a
multivariate recurrence network to evaluate the dynamic char-
acteristics of the two-phase flow. Gao et al.[*! also mapped
the multivariate time series to the multivariate multiscale re-
currence network in order to further study the internal char-
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acteristics of the two-phase flow. In recent years, multivariate
recurrence networks?’>?1 have been adopted to explore the
complex dynamic behavior of multivariate time series. Eroglu
et al.®% put forward a different method to construct multivari-
ate recurrence networks, which compare the similarities and
differences between time series. Xu et al.*! applied multi-
variate recurrence networks to analyze the information link-
ages between carbon and energy markets.

Coronary heart disease is a common heart system disease.
Due to the spatial inhomogeneity of the heart tissue and the
anisotropy of the electrical signal propagation in the heart, a
single lead ECG signal cannot adequately characterize the en-
tire cardiac system. Therefore, to fully investigate the effects
of age and pathological heartbeat dynamics on the entire car-
diac system, we propose a novel method to analyze multivari-
ate time series based on multivariate recurrence networks. In
the experiment, the multivariate time series, namely the syn-
chronous 12-lead time series of healthy subjects and individu-
als diagnosed with coronary artery disease, are coarsely gran-
ularized and constructed as the corresponding multivariate re-
currence network. Next, we calculate the cross-clustering co-
efficient entropy of multivariate recurrence networks and ob-
tain the optimal scale by comparing the difference between
different groups. The method of one-way analysis of variance
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(ANOVA) is adopted to explore the distinction between dif-
ferent groups at each lead on the optimal scale. Finally, to
further investigate the structural changes and internal charac-
teristics of ECG signals in healthy and coronary artery disease
subjects, we construct weighted networks and calculate the pa-
rameters. Through setting the parameters as features of the
SVM, the classification accuracy of the ECG signals recorded
from healthy subjects and myocardial infarction is 94.1% and

95.58% on two datasets, respectively.

2. Theory
2.1. Recurrence networks and cross recurrence networks

Recurrence networks have been proposed by Donner et
al.'"” to map recurrence plots to complex networks. The ba-
sic construction steps of a recurrence plot are as follows: First,
take the time series x(¢) (f = 1,2,...,n) and transform it into
a phase-space vector x () using the embedding theory3?!

@ (1) = (x(1),x(t+7),....x(1+ (m—1)7)), M
where m represents the embedding dimension and 7 denotes

the delay time. Empirically, m and T are chosen as 2 and 1 in

this paper.
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Fig. 1. Construction of a recurrence plot and a cross recurrence plot using a healthy elderly person’s ECG time series as an example: (a) the
V1 lead time series, and the subgraph below (a) is the recurrence plot constructed by the V1 lead time series; (b) the V1 and the V2 lead time
series, and the subgraph below (b) is the cross recurrence plot constructed by the V1 and V2 lead time series, where m = 2, T = 1, and € is set
as 15% of the standard deviation of the time series. The black dots and yellow dots in the recurrence plot and cross recurrence plot represent
recurrence and non-recurrence at the corresponding positions, respectively.

The phase-space distance of any two phase-space vectors
is calculated in terms of the maximum norm. Compared to
the Euclidean norm, the maximum norm is computationally

faster and allows the study of some features of recurrence plots

analytically.!1®!

—1)7)

—w(b+ I} 2)

The recurrence plot is denoted by the recurrence matrix as fol-
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lows:

Rauto(a7b):Q(g_d[w(a)_m(b)])7 3)
where ©(-) is the Heaviside function, ® (x) = {1|x > 0; O|x <
0}, and ¢ is the threshold. The selection of the threshold is a
critical operation that can easily affect the results. The core
criterion for choosing a threshold is the power in signal de-
tection that threshold yields.[33] Therefore, several threshold
selection techniques have been proposed.**8] For the sake
of consistency, we always use the standard deviation of the
time series in this work.['%37] Tt is worth pointing out that we
set the threshold at 15% of the standard deviation of the time
series in our study.

In contrast to recurrence plots, cross recurrence plots>!
measure the recurrence relationship between two different

time series, and the cross recurrence matrix is represented as

Reross (a,b) = ©(e —d[m (a) — y(b)]), “)
where y(b) represents the phase-space vector constructed by
We use the methods

provided in the tool°! to obtain the recurrence plot and cross

other time series y(f) (r = 1,2,...,n).

recurrence plot, which are shown in Fig. 1. The recurrence
plot is constructed from the V1 lead time series of a healthy
elderly person and the cross recurrence plot is obtained from
the V1 and V2 leads of the same person in Fig. 1.
The adjacency matrix A of a recurrence network is ob-
tained from the recurrence matrix Ryto:
Aauto (Ll, b) =

Rauto (a, b) - 5a,b7 (5)

where &, is the Kronecker delta function that is introduced to
avoid artificial self-loops in the recurrence network (6,5 = 1
if a = b, otherwise 9, = 0). The adjacency matrix A of the
cross recurrence network is the cross recurrence matrix Reross
of the corresponding cross recurrence plot.

2.2. Multivariate recurrence networks

In this study, an M-layer multivariate recurrence network
is constructed by recurrence networks and cross recurrence
networks. For M-dimensional multivariate time series, we can
1) dif-
We denote the adjacency

create M different recurrence networks and M* (M —
ferent cross recurrence networks.
matrix of the pth layer as A? and AP (i, j) = 1 if node i and
node j are connected in the pth layer, A? (i, j) = 0 otherwise.
We denote the adjacency matrix REZ to describe the connec-
J) = lifnode
iin the pth layer and node j in the gth layer are connected,
R4 (i, )
scribing the entire multivariate recurrence network is denoted

tion between the pth and gth layers and R (i,

= 0 otherwise. The giant adjacency matrix Ry, de-

by
1 ; 1M
Aauto Rcross e Rcoss
2,1 2 2.M
Rcross Aauto e Rcross
)1 2 M
Rgoss Rgoss e Aauto

where M is the number of time series, and AL, , REd
(1<p<M,1<qg<M,p+#gq) denote the adjacency matrix
of a recurrence network formed by time series p and the ad-
jacency matrix of a cross recurrence network formed by two
different time series p and g, respectively.

By computing the global cross-clustering coefficients, we
quantify the degree distribution of the nodes in the recurrence
network and explore the correlation between the time series
corresponding to the multivariate recurrence network. First,
we calculate the local cross-clustering coefficient Cfr’gss(i) of

the nodes i in recurrence network p. The equation is described

as
; Rgfgss(i’j)Rgrgss( )Aguto (j,Z)
; 7L pa
Chds (i) = kl_’#(k(hq —1) k> 2, @)
0, else,

where Ré’;gss(i J) denotes whether the adjacency matrix of the
cross recurrence network is recurrence between node i and
node j. If it is recurrence, its value is 1, otherwise it is O.
A is the adjacency matrix of the recurrence network g. k"
represents the cross degree of node i in the cross recurrence
network. It is the number of nodes connected to node i in the
recurrence network g. The global cross-clustering coefficient
of the recurrence network p is the average of the local cross-

clustering coefficient of all nodes. The equation is

Z (8)

where N, denotes the number of nodes in the recurrence net-

global

work p.

In order to explore the intrinsic characteristics of the car-
diac system, according to information entropy, we propose the
novel concept of cross-clustering coefficient entropy, which is

calculated by
cross Z P IOgP ) (9)
PC(Z) CCI”OSS ( ) , (10)
Z 1 Ccrosﬂ( )

where Cmm( ) denotes the local cross-clustering coefficient
of node i, and E&Z represents the cross-clustering coefficient
entropy of recurrence network p about recurrence network g

ED4 #+ E&P). By calculating the cross-clustering coefficient
entropy of the recurrence network in multivariate recurrence
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networks with different scale factors, the variation of the non-
linear dynamic characteristic of ECG signals between healthy
subjects and patients is analyzed.

2.3. Weighted networks

The multivariate recurrence network not only quantifies
the variation within time series but also explores the correla-
tion between time series through adjacency matrices Ry (M
denotes the number of time series). In our study, we consider
each time series as a node, and the weight of the edge between
two nodes is the mean of the cross-clustering coefficient en-
tropy of the recurrence network constructed by relevant time

(a)

series. The formula is as follows:

E_p.,q = ( cross +Egrgss)/2 (11

where E, , denotes the weight of edge between nodes p, ¢
P,q Eq7p )
CI'OSS Cross

Welghted network. The introduction of a weighted network[*!]

Therefore, we get a fully connected and

simplifies the description of the adjacency matrix Ry, into
M x M, which reduces the size of the matrix. Figure 2 shows
the process of converting multivariate time series to a mul-
tivariate recurrence network and weighted network when the

number of time series is 3.

The node in
tlme pomt t

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Fig. 2. Illustration of the steps from a multivariate time series to a weighted network (the number of time series is 3, M = 3). (a) Multivariate
time series X, Y and Z, (b) recurrence network constructed by the time series X (upper) and cross recurrence network constructed by the time
series Y and Z (lower), (c) multivariate recurrence network (take the nodes corresponding to time points near time point ¢), and (d) weighted
network. In subplot (c), the solid lines indicate the intra-layer links and the dotted line represents the inter-layer connections. The node whose
color is gray in layer X is the same node in time point 7 in the recurrence network in subplot (b). The connections between nodes near the time
point ¢ in the cross recurrence network in subplot (b) correspond to the connections between layer Y and layer Z in subplot (c).

In addition, the quantification of weighted networks is a
well-established method.!*?! In this paper, we adopt the aver-
age weighted path length (AWPL) and graph energy (GE)*3]
to characterize the weighted networks. The equation for the
AWPL is as follows:

L= ¥

o.feM

12)

where M is the set of nodes (layers of the multivariate re-
currence network) in the weighted network, n represents the
number of nodes and d(o, ) represents the weighted shortest
path length, defined as the minimum value of the sum of the
weights among all the paths from node o to node .44 The
equation of the GE is as follows:

E=Y" |l (13)

where A; denotes the eigenvalues of the adjacency matrix of
the weighted network, and n represents the number of eigen-
values.

3. Experiments
3.1. Dataset 1

The ECG data applied in this experiment were carefully
obtained from the Cardiovascular Medicine Department of

Shanghai Changzheng Hospital.[*! The experimental subjects
include four groups, i.e., healthy young (HY), healthy old
(HO), myocardial ischemia (IO), and myocardial infarction
(MI). In order to exclude the effect of other diseases on the
experimental results, patients only suffer from one single dis-
ease. Healthy old people have normal blood pressure and no
history of heart disease, and healthy young people have sinus
rhythm. Among them, there are 40 cases of healthy young
people (mean age + standard deviation: 22.0040.00 years),
23 cases of healthy old people (mean age + standard devi-
ation: 67.13+17.13 years), 42 cases of myocardial ischemia
(mean age =+ standard deviation: 68.03+15.03 years), and 11
cases of myocardial infarction (mean age + standard devia-
tion: 59.00418.21 years).
The  NHE-2000

workstation developed by the Biomedical Electronics Re-

multi-functional  electrocardio-
search Institute of Nanjing University is adopted. This device
is able to detect and display frequency components higher than
100 Hz (i.e., 0.1-2 kHz). Figure 3 depicts the 12-lead ECG
waveform of a healthy elderly person captured by the NHE-
2000 multi-functional electrocardio-workstation. As has been
reported in some literature,*>*” coronary artery disease is
accurately identified by high-frequency ECG (HFECG, whose
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frequency components are 0.02 Hz-2 kHz compared to rou-
tine ECG (0.05-100 Hz)). The standard ECG displays wave-
forms within the 0.05-100 Hz portion of the spectrum.[*3]
The standard 12-lead ECG records potential differences be-
tween prescribed sites on the body surface that reflect dif-
ferences in transmembrane voltages in myocardial cells that
occur during depolarization and repolarization within each
cycle.[*1 ANSI/AAMI affirmed that the low-frequency cutoff
is 0.05 Hz for standard 12-lead ECGs."% A high-frequency
cutoff of 100 Hz was considered adequate by the AHA in
1975 to maintain diagnostic accuracy during visual inspection
of direct-writing tracings by electrocardiographers.>! In our
equipment, the lowest frequency is 0.02 Hz and the highest
frequency is 2 kHz. The similarity is that a 12-lead approach
to signal acquisition is taken.

The detection system has features such as wide frequency
response and high sensitivity. Each single datum is denoted
by 2 bytes (the highest 4 bits are set to zero) and the resolu-
tion of the data is 12 bits. Before the data are collected, the
subjects lie down in a completely relaxed body position for
several minutes. The next step is to first amplify the ECG sig-

located in the workstation with 1 kHz sampling rate per chan-
nel. In a time duration of about 1 min, as with routine ECG,
the data are acquired at 12 different positions of the subject’s
body, with each lead corresponding to a different location and
containing about 60000 data points. The first 1000 points of
the data are deleted in order to reduce the influence of errors,
and each lead selects 5000 points for subsequent calculations.

3.2. Dataset 2

On the other hand, we use the PTB Diagnostic ECG
Database from Physionet!®?! to validate the effectiveness of
the method. In total, data from 231 subjects are applied in
our analysis, 52 of which are healthy (HC), and rest of which
are from one of three diseases: bundle branch block (BBB,
14), myocardial infarction (MI, 148), or cardiomyopathy/heart
failure (CF, 17). Each record consists of mostly 60 s duration,
sampled at 1000 Hz (60000 points), and 15 lead ECG signals.
In our study, the remaining standard 12 leads of each record
are selected except for the Vi, V, and V, leads. Similarly, start-

ing at the 1001st point, we choose 5000 points to analyze the

nals, which are then transmitted to a special AD sample card  difference.
1.0 1.0 1.0 1.0
AVR I II ‘ II1
0.5 0.5 K\'J" 0.5 0.5
0 0 0 0
0 2000 4000 0 2000 4000 0 2000 4000 0 2000 4000
1.0 1.0 1.0 1.0
AVL 1 MMMMM 12 A / 13
0.5 0.5 0.5 (u N 0.5
0 0 0 0
0 2000 4000 0 2000 4000 0 2000 4000 0 2000 4000
1.0 1.0 1.0 1.0
AVF 14 /u 15 N / 16
0.5 0.5 /u 0.5 0.5
0 0 0 0
0 2000 4000 0 2000 4000 2000 4000 0 2000 4000

Fig. 3. The 12-lead signals collected by a high-frequency ECG from a healthy elderly person from dataset 1, where the number of every lead

is 5000. The data have been normalized in this figure.

4. Analysis and results
4.1. Multiscale analysis

Coarse-grain processing of time series was proposed by
Costa et al.[>31 The original time series can be constructed as a
shorter time series, and redundant information can be removed
while extracting the basic time series features. For the given
time series: x(¢) (r =1,2,...,N) (N denotes the number of

elements in the time series), new time series are obtained by

coarse granulation at different scale factors e

1
Oy =- X ), (14)
t=(j—1)e+1

where e represents the scale factor, 1 < j < N/e.

To obtain new coarse-grained time series, the scale factors
selected in this paper are from 1 to 20. Then multivariate re-
currence networks are constituted and the cross-clustering co-
efficient entropy of the multivariate recurrence networks is cal-
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culated. Figure 4 shows the results, in which the D-value rep-
resents the difference in ACCE (average cross-clustering coef-
ficient entropy) from two groups at the same scale. In Fig. 4,
we observe two different types of behaviors: (1) The ACCE
measure for time series derived from HY and HO monotoni-
cally decreases. (2) The value of ACCE for time series derived
from IO and MI decreases when the time scale varies from 1
to 10, then stabilizes at a constant value. Therefore, the op-
timal scale is obtained at scale 10. It is also found through
experiments that the length of data has no effect on the selec-
tion of scale. From Fig. 4(a), we find that for all time scales,

10 T T .
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st L Y
,* -4+ HO
.:;-‘ D-value
6 Y333 4=
= "_"""Qi-‘
O g4t
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2t
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< 4} ]
2t
0L . . . ,
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Scale factor e

a higher value of ACCE is assigned to time series from young
subjects. From a physiological point of view, the nonlinear
dynamic characteristics of the human heartbeat signal may de-
crease as people get older. The conclusion that age affects the
dynamical characteristics of complex systems is verified. 5]
The complexity of the cardiac system is at its lowest in MI pa-
tients because of coronary artery occlusion and interruption of
blood flow in patients with coronary heart diseases, leading to
necrosis of part of the myocardium due to severe and persistent

ischemia. Therefore, we obtain the result that cardiovascular

disease can have an impact on complexity dynamics. >
10 T T T
. ® - HO
8 Ty -¢ 10
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Fig. 4. ACCE of multivariate recurrence networks constructed from ECG data of different groups. Distributions of ACCE with a change in scale
factor are presented. Comparisons of the differences between HY and HO, HO and IO, IO and MI, as well as HY and MI are described in subplots
(a), (b), (c) and (d) respectively. In each subplot, the green line represents the difference between two groups under the same scale factors.
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Fig. 5. Joint distribution of ACC and ACCE at optimal scale factor 10.
(a) Difference in ACCE of HY and HO subjects. (b) Difference in ACCE
of HO and IO subjects. (c) Difference in ACCE of 10 and MI individuals.
(d) Difference between the ACCE of HY and MI individuals.

For further verification, we calculate the cross-clustering
coefficient for four different groups in scale 10. As we can
see, Fig. 5 shows the joint distribution of the average cross-
clustering coefficient (ACC) and the ACCE with a scale factor
of 10. IO cannot be well distinguished because their hearts
are less damaged and are similar to those of healthy elderly
people. At the same time, it can be seen that the cross-
clustering coefficient entropy is indeed capable of distinguish-
ing between the HY and MI.

4.2. Multivariate recurrence networks

The 12-lead ECG signals of subjects are coarsely granu-
lated at the optimal scale factor of 10 and first constructed to
a multivariate recurrence network. In order to better demon-
strate the changes of each lead under different physiological
states, the cross-clustering coefficient entropy is calculated.
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Similarly, the above operations are performed for all samples
in the four categories.

Tables 1 and 2 show the mean value and standard devi-
ation of the cross-clustering coefficient entropy of the same
channel between different persons. Statistically, the ACCE
of all leads in patients with MI, a life-threatening condition,
are at the lowest magnitudes. At the same time, the ACCE

for each lead is slightly higher in HO than in patients with
I0. This possibly suggests that, although myocardial ischemia
may cause some functional degradation to the heartbeat sys-
tem and reduce the nonlinear complexity of the ECG signal to
some degree, it is still in an early stage and not serious enough
to cause damage to the dynamical system or even change its
structure physically.!>”l HY has the highest values of all leads.

Table 1. Cross-clustering coefficient entropy for 12-lead of different groups (limb leads).

Leads I II I AVR AVL AVF
HY 5.96+0.07 5.95+0.04 5.90+0.06 5.86+0.08 5.89+0.10 5.94+0.05
HO 5.7140.25 5.61+0.23 5.48+0.52 5.59+0.33 5.57+0.48 5.62+0.39
10 5.46+0.60 5.32+40.82 5.26+.87 5.52+0.44 5.54+0.45 5.14+0.98
MI 4.81+0.87 5.0540.80 4.7940.75 5.0840.61 4.58+1.04 4.9440.80
P-value 9.57x107° 1.02x10°3 9.05%x10°¢ 228x10°6 2.18x10°8 2.66 x 1076
P, HY vs HO 0.19 0.12 0.07 0.03 0.07 0.26
P,HY vs IO 1.01x 104 4.33x10°5 244 %1074 9.41x10~* 0.01 8.09 x10°¢
P,HY vs MI 1.71x10°8 4.84x1074 6.09 x 10~5 3.56x10°6 451x107° 6.62x1074
P,HO vs IO 0.20 0.21 0.55 0.89 0.99 0.03
P, HO vs MI 5.57x1073 0.12 0.05 0.01 6.22x10°5 0.07
P, 10 vs MI 4.80x1073 0.82 0.32 0.04 373%x10°5 0.96
Table 2. Cross-clustering coefficient entropy for 12-lead of different groups (chest leads).
Leads Vi V2 V3 V4 V5 V6
HY 5.81+0.16 5.95+0.05 5.93+0.05 5.9240.07 5.93+0.05 5.93+0.06
HO 5.65+0.34 5.55+0.24 5.59+0.35 5.63+0.27 5.57+0.32 5.49+0.54
10 5.18+0.92 5.36+0.46 5.34+0.54 5.34+0.49 5.33+0.49 5.22+0.69
MI 4.81+0.72 4.9440.40 4.9540.79 4.70+1.12 4.50+.95 4.73+0.67
P-value 1.81x10°° 1.25x 1012 2.46x 108 3.70 x 10710 6.89 x 10712 438x10°8
P, HY vs HO 0.74 1.55x 1074 0.02 0.10 0.02 0.01
P,HY vs IO 222x1074 2.50 x 10710 7.69 x 1077 6.00 x 106 1.73x10°° 1.06 x 10~°
P, HY vs MI 7.94 x 1074 8.03x 10710 1.89%x10°¢ 1.46x 107 1.37x10° 11 3.29x10°%
P,HO vs IO 0.02 0.14 0.14 0.10 0.19 0.22
P, HO vs MI 0.01 3.50x 1073 0.01 1.68x 1075 2.31x10°6 0.03
P, 10 vs MI 0.74 0.16 0.39 420%x1073 3.06x10°4 0.44

Moreover, ANOVA and post-hoc are applied to assess the
statistical group differences in the topological characteristics
of multivariate recurrence networks for four groups. The P
value is considered statistically significant if it is less than
8.33x 1073 after Bonferroni correction. As we can see, the
P value of ANOVA for all leads is far less than 8.33x1073.
This indicates that the cross-clustering coefficient entropy can
effectively differentiate between healthy individuals and pa-
tients. From the post hoc results, compared to HY, the V2
chest leads in HO are affected. At the same time, we find that
the distinction between HO and IO is not very effective. More-
over, compared with IO and HO, the I and AVL leads in the
limb leads and the V4 and V5 leads in the chest leads of the
MI produce relatively large changes.

After analyzing the adjacency matrix of the multivariate
recurrence network, the weighted network is constructed. In
Fig. 6, we present the weighted networks of the HY subjects
and MI subjects. In order to describe more clearly the changes
in the status of the cardiac system in these four groups, the
network parameters of the weighted network constituted by

the four groups are calculated: the AWPL and GE. The results
are shown in Fig. 7. As we can see from Fig. 7, the AWPL and
GE of HY are at the highest values, while the HO group and
patients with IO are in the middle due to age and cardiovas-
cular disease, respectively. Patients with MI have the smallest
values due to the severe damage to the myocardium and the
possible alteration of the heart’s structure.

CY ™ . (b) pre.
el
345
W3
6
AWF
& é
AWR
W AVL
o
Y. '} Y’ AWR
s
Mo
AVl ¥ Ter e

Fig. 6. Fully connected, undirected, and weighted network of (a) HY
subjects and (b) MI subjects. Each black circle represents a node, and
each orange line indicates an edge. The width of the edge is propor-
tional to the size of the weight of the edge. The I-AVF are the names of
limb leads, and V1-V6 are the names of chest leads.
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(a)

AWPL
W

135
130 iy
125}

g 120t
15}

110

105 . ! ! .

HY HO 10 MI

Fig. 7. Bar charts and error bars represent the parameters for four differ-
ent people. (a) AWPL of four different groups. (b) GE of four different
people, where HY, HO, 10, and MI indicate four categories of people,
respectively.

4.3. Comparison with other studies

The same steps are applied to dataset 2 to verify the valid-
ity of the method in this paper. We first need to calculate the
cross-clustering coefficient entropy for multivariate recurrence
networks with scales between 1 and 20, and compare the dif-
ferences between the average cross-clustering coefficient en-
tropy for any different pair of groups at each scale. If all the
differences are the largest on the same scale, then the definite
scale is the optimal scale. If the differences reach the maxi-
mum at different scales, the scale with the larger difference is
chosen as much as possible. We calculate and compare to find
the optimal scale 2 for dataset 2. Figure 8 shows the results of
the AWPL and GE at a scale factor of 2. As we can see, two
parameters, namely the AWPL and GE, are at their maximum

for HC. Compared to healthy individuals, the subjects of BBB
have lower AWPL and GE. The reason for this is that the infor-
mation capacity of BBB ECG signals reduces, the complexity
is reduced, and more physiological adaptations are lost to the
lesser adaptive capacity inside and outside the heart.>®!

On the one hand, patients with BBB do not have other
Patients with BBB, on the other
hand, have slightly smaller parameters than healthy people.

The type of BBB may be RBBB, which is generally consid-

associated heart diseases.

ered benign.’) As we can see, two parameters of patients di-
agnosed with MI or CF are in the lowest position. We consider
that it is possible that alterations in cardiac structure have led
to a reduction in the complexity and nonlinear dynamic char-
acteristics of the cardiac system.

7.00

(a)

6.70

HC BBB MI CF

154

(b)

1531 %

1521 #

5151}
150

149

148

HC BBB MI CF

Fig. 8. Bar charts and error bars representing the parameters from four
different people. (a) AWPL of four different groups, (b) GE of four dif-
ferent people, where HC, BBB, MI, and CF indicate four categories of
people respectively.

Table 3. Comparison between the accuracies of this method and the other published results between healthy and myocardial infarction.

Author/Year Methods Accuracy
Dohare er al.1% 2018 14 feature vectors + SVM 96.66%
Sadhukhan er al.1°"1 2018 Phase of DFT + LR 95.6%
Liu et al.1921 2019 dual-Q TQWT + KNN 86.3%
Kayikcioglu er al.[3! 2020 Choi-Williams feature + weighted KNN 94.23%
Ma et al.[% 2021 AWD/AWCC + SVM 93.3%
Our proposed (dataset 1171) AWPL + GE + SVM 94.1%
Our proposed (dataset 21521 AWPL + GE + SVM 95.58%

The parameters of the weighted network serve as the in-
put for the features of the SVM, (%3] which are the AWPL and

GE. It is a linear classification method. To solve the issues of

overfitting and sample imbalance, we adopt stratified ten-fold
cross-validation. This splits the data into ten folds, where the

original ratio of samples is preserved. Each fold acts once as
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the test split, while the remaining data act as the training data.
This allows the models to retain reliable estimates on unseen
data. The accuracy of the classification of healthy people and
Ml is illustrated in Table 3. Compared with the method in the
literature, [°°! only two parameters are applied in our study. In
contrast to other methods, our approach achieves high accu-

racy.

5. Conclusion and perspectives

The investigation of typical nonlinear complex systems
like the heart system has been a hot topic of research. Combin-
ing recurrence phenomena in heartbeat dynamics with com-
plex networks provides an idea for analyzing the nonlinear
dynamical characteristics of the cardiac system. In this pa-
per, we construct multivariate recurrence networks and per-
form multiscale analysis on them. Meanwhile, the concept of
cross-clustering coefficient entropy is innovatively proposed
to achieve a distinction between healthy subjects and coronary
heart disease patients. The results show that the complexity
of ECG signals decreases in elderly people compared with
young people due to the weakening of cardiovascular func-
tions with age. The conclusion that age affects the dynami-
cal characteristics of complex systems is verified.3*>3 On the
other hand, the ECG signals of subjects with myocardial is-
chemia and myocardial infarction have lower complexity due
to the fact that patients may have narrowed or blocked coro-
nary vessels. This is consistent with the literature.'>’] At the
same time, we get 94.1% and 95.58% accuracy in two datasets
between healthy subjects and persons diagnosed as myocar-
dial infarction. Therefore, this method can effectively detect
changes in cardiac disease status, which can provide ideas for
the diagnosis of heart-related diseases.

The multivariate time series describes the internal char-
acteristics and state changes of the cardiac system more ade-
quately than a single time series. By constructing multivariate
recurrence networks, we can explore the nonlinear dynamic
characteristics of the complex system, which can be applied
to different fields in the real world, such as paleoclimatology,
neuroscience, economics, etc., and provide new ideas to in-
vestigate the dynamical properties and different state transi-
tions of the system. However, when the number of time se-
ries in the complex system being applied becomes large, the
adjacency matrix corresponding to the multivariate recurrence
network becomes too large and the computational complexity
increases. In addition, gender may also be a factor affecting
the cardiac system, and we will also explore the differences
in the cardiac system between different genders in our future

studies.
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