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ARTICLE INFO ABSTRACT

A Poincaré plot is a return map that geometrically elucidates the progression of a time-series. It has frequently
been used in heart rate variability analyses. However, algorithms for dedicatedly dissecting the shape of this
geometrical plot are yet to be established. In this study, we proposed a gridded Poincaré plot by coarse-graining
the original graph and using the newly proposed one, defined two novel measures, namely gridded distribution
rate (GDR) and gridded distribution entropy (GDE). The GDR essentially represents the percentage of grids with
points, while the GDE estimates the Shannon entropy of the grid weight; that is, the number of points in each
grid. The performances of the two measures were examined using both theoretical data with known dynamics
and experimental short-term RR interval time-series, and they were compared with several existing metrics.
Simulation tests demonstrated that both the GDR and GDE could distinguish among different dynamics, while all
the compared methods failed. The experimental results further indicated the ability of the GDR and GDE to
differentiate healthy young people from healthy aged adults as well as distinguish healthy subjects from patients
with coronary artery disease. Our results suggest that the proposed GDR and GDE may better characterize the
Poincaré plot in terms of differentiating between varying dynamical regimes, and between human physiological
or pathological conditions. Further studies are warranted to establish their feasibility in evaluating cardiovas-
cular functions in clinical practice.
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1. Introduction ellipse have been defined as quantitative indices [6,12,13]. The aging
effect and sex difference in these indices have been observed [14].
Moreover, their changes in diseased subjects, such as patients with di-

lated cardiomyopathy [15], cardiac arrhythmias [16], and heart failure

Heart rate variability (HRV) represents the tiny beat-to-beat fluc-
tuations in the heart rate. It has been widely accepted as a noninvasive

physiological biomarker for evaluating cardiac autonomic control.
Various mathematical algorithms have been established to analyze HRV
quantitatively [1,2]. Importantly, during the past decades, numerous
nonlinear approaches have been proven to be capable of offering new
insights into the changes in the HRV under different physiological or
pathological conditions [2-6].

The Poincaré plot is a frequently used graphical tool for char-
acterizing the nonlinear features of the HRV [7-12]. It plots each RR
interval against the subsequent interval to visualize the acceleration
and deceleration heartbeat patterns. The Poincaré plot has been inter-
preted from several different angles to understand its geometric pat-
terns. For example, ellipse fitting has been used to approximate the
graph shape, and thereby, the major and minor axes of the best fitting

[11], have been studied. The geometric asymmetry of the Poincaré plot
is a further angle that has been applied intensively for quantitatively
describing the graph [17-19]. It is accepted that the beat-to-beat in-
crease or decrease in the heart rate is physiologically asymmetric [20].
Several indices have been established to assess this asymmetry feature,
including the Porta's index (PI) [21], Guzik's index (GI) [10], slope
index (SI) [22], and area index (AI) [23]. Based on these measures,
previous studies have documented changes in the asymmetry of the
Poincaré plot under several pathological conditions; for example,
myocardial infarction [24,25], post-myocardial infarction [26], ob-
structive sleep apnea [27], and type 1 diabetes [28].

The geometric shape itself or the manner in which points are dis-
tributed in the Poincaré plot may also be considerably important. Woo
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et al. [11,29] qualitatively demonstrated that the Poincaré plot for
healthy subjects exhibited a “comet-like” shape. Park et al. [30] found
that the Poincaré plots of atrial fibrillation patients exhibited irregular
shapes. Despite the existence of these qualitative studies, quantitative
algorithms are yet to be established. In this study, two novel quanti-
tative indices were proposed, namely the gridded distribution rate
(GDR) and gridded distribution entropy (GDE), based on a gridded
characterization of the Poincaré plot. Their performance in studying
aged individuals and patients with coronary artery disease (CAD) was
demonstrated, and compared with ellipse fit-based metrics and asym-
metry indices.

2. Method
2.1. Proposed GDR and GDE algorithms

For an RR interval time-series {RR;, RR,,...,RR;, RR;,1,...,RRy, 1 < i < N}
consisting of N RR intervals, the GDR and GDE can be calculated
according to the following steps:

1) Anomalous interval removal

The RR interval sequence is first subjected to an anomalous interval
removal process. In this study, an RR interval is considered abnormal if
it is shorter than 0.3s or longer than 2s, or if it exhibits a change
of > 20% compared to the previous RR interval. The square filter
combined with a quotient filter is used to remove these identified
anomalous intervals [31]. This process is similar to the procedure of
removing the anomalous-related points in the Poincaré plot; for ex-
ample, for an identified anomalous interval RR;, the two related points
[RRi1, RR;] [RR;, RR; 1] in the Poincaré plot will both be removed so
that it will not produce an artificial point [RR;.;, RR;41].

2) Normalization

After removing the anomalous intervals, the RR interval sequence is
normalized to be within the 0-1 range, based on a min-max normal-
ization:

RRY = (RR; — min(RR;))/(max(RR;) — min(RR;)), 1

where RR; indicates the ith RR interval; RRY means the normalized RR
interval sequence; and RR;Y denotes the ith element in sequence RR".

3) Construction of gridded Poincaré plot

The original Poincaré plot is first obtained by plotting each RR in-
terval against its subsequent interval. Once the sequence has been
normalized, the graph should span a 1 x 1 square on the two-dimen-
sional coordinate plane. We coarse-grain this graph along both the x-
and y-directions, using n X n evenly distributed horizontal and vertical
grid lines (see Fig. 1) to construct the gridded Poincaré plot. The
variable n serves as a coarse-graining parameter that determines how
fine the grid is.

4) Calculation

The GDR is defined as the average number of grids filled with at
least one point; that is,

a
GDR = —,
2 ()]
where a is the number of grids filled with at least one point.
The GDE is defined by the formula for the Shannon entropy:

n2
GDE = — ij logp;,

j=1 3
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where j is the jth grid in the gridded Poincaré plot, and the probability
p; indicates the frequency of points in each grid, defined by

b
N-1

Rj_

C)

where b is the number of points in the jth grid.
Fig. 1 provides a schematic explanation of the above four steps.

2.2. Selection of parameters

The coarse-graining level n is the only parameter used in the GDR
and GDE calculations. It is obvious that, with n = 1 or 2, each grid will
have been filled with points for most time-series types. In the current
work, n = 3 was used through a sufficiently larger number, depending
on the signal length (length of RR interval time-series), and sequences
of the GDR and GDE were calculated (that is, for each assignment of n, a
GDR value and GDE value were obtained).

2.3. Existing indices for poincaré plot

2.3.1. Ellipse fit-based metrics

In particular, the major and minor axes of the best fitting ellipse
(SD1 and SD2), and their ratio (SD1/SD2), are used as quantitative
measures [32]. These can be calculated by

SD1 = VARM,
\ NG (5)
SD2 = \/VARM
V2 6
SD1
SD1/SD2 = —,
! SD2 @

where VAR is the variance.

2.3.2. Asymmetry indices

A. PI

The PI is the percentage of points below the line of identity (LI)
[21]; that is,

b
PI = — X 100,
m (8)
where b is the number of points below the LI and m is the total number
of points, except for those on the LI

B. GI

The GI is proportional to the distance of points above the LI [10];
that is,

!
or = Zi=1 D
- m

Ei:l D 9
where [ represents the number of points above the LI; m is the number

of points in the Poincaré plot, except for those on the LI; and D; is the
distance from point P, to the LI, which can be calculated as

x 100,

_ IRRiy1 — RRi|

D; s

10
C: SI

The SI is the ratio of phase angles (with respect to the LI) of the
points above the LI [22]. That is,
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Fig. 1. Schematic representation of proposed GDR and GDE algorithms: (a) preprocessing of RR intervals; (b) RR (normalized RR record) in Poincaré plot; (c) even
division of Poincaré plot into n*n blocks (n = 10 indicated); and (d) grids with points colorcoded for weight of each grid (number of points).

X IR
> IR

where [ is the number of points above the LI and m is the number of
points not on the LI. Moreover, R6; = 6;; — 6;, where 6;; is the phase
angle of the LI and 6; is the phase angle of every point, which is defined
as 6; = atan(RR;;1/RR)).

100,
a1

D. Al

The AI is the ratio of the cumulative area of the sectors corre-
sponding to the points located above the LI [23]; that is,

1
LS
Zizy 151 x 100,

T 18]

where | and m represent the number of points above the LI and total
number of points in the Poincaré plot not on the LI, respectively. Fur-
thermore, S; is the area of the sector, which can be calculated by

Al =
12)

1
Si = — X R6; X 2,
2 " 13)

where r is the radius of the sector.

2.4. Simulation tests

2.4.1. Synthetic data
Examining the GDR and GDE using synthetic signals with known
and predictable dynamical properties may aid in obtaining an improved
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understanding of their performance. In this study, we applied simulated
chaotic time-series, Gaussian noises, MIX(p) processes, and periodic
signals. The logistic attractor x(n + 1) = w X x(n) X (1 — x(n)) with
® = 4.0 was considered for the chaotic series. The MIX(p) process is, by
nature, a sinusoidal signal with length N, in which N X p randomly
selected points are replaced with independent, identically distributed
random noise [33]. In this case, we used p = 0, 0.1, and 0.2 to produce
a periodic signal and two time-series with different randomness levels.
The Gaussian noise was generated by the random number function
(randn) in MATLAB. All synthetic data were generated by customized
MATLAB programs (version R2016a, Mathworks Inc., MA, USA). Fig. 2
presents examples of the five synthetic time-series and their corre-
sponding Poincaré plots.

To eliminate random factors, 30 realizations of each model were
performed. Specifically, 30 randomly selected initial values were
adopted for the logistic attractor to generate 30 realizations of chaotic
time-series, while 30 independent realizations were directly performed
for the MIX(p) processes, Gaussian noise, and sinusoidal signal.
Moreover, for each realization of the logistic map, we allowed a tran-
sient period (200 data points) prior to sampling a dataset to ensure that
the dynamics had settled down on its trajectory. Considering that we
were focusing on short-term RR interval time-series (essentially 5min
RR interval data), the length of each synthetic signal was predefined as
N = 400 points.

2.4.2. GDR and GDE calculations
The GDR and GDE were calculated for each realization of the syn-
thetic signals. As illustrated in Fig. 2, we expected a higher GDR value
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Fig. 2. Synthetic data. The top panels illustrate the five synthetic time-series: (from left to right) periodic series, MIX(0.1) process, MIX(0.2) process, Gaussian noise,
and logistic chaotic time-series. The corresponding Poincaré plots of the five time-series are presented in the bottom panels, where x; means the ith value of a time-

series.
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Fig. 3. Examples of RR interval time-series and corresponding Poincaré plots: (a) signal from representative healthy young subject; (b) signal from representative
healthy old subject; (c) signal from representative healthy subject; and (d) the signal from representative CAD patient.

in the Gaussian noise, followed by the two MIX(p) processes, and fi-
nally, the sinusoidal signal. The logistic chaotic time-series could in-
itially have a GDR as low as the level for the sinusoidal signal. However,
as the coarse-graining level increased, the GDR could reach beyond the
levels of the MIX(p) processes, as the points in the graph appear to be
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continuously distributed, rather than aggregated into clusters. There
could ultimately be more grids with points filled in the Poincaré plot of
the logistic chaotic time-series than those in the two tested MIX(p)
processes. The same inference could also apply to the GDE.
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Table 1

Basic characteristics of subjects.
Variables Healthy controls CAD patients P
No. (female/male) 35 (16/19) 30 (10/20) 0.31
Age (years) 58.3 = 6.1 594 = 9.3 0.77
Height (cm) 168.0 = 7.2 166.2 = 8.7 0.83
Weight (kg) 65.6 = 10.5 67.9 = 9.9 0.39
BMI (kg/m?) 23.8 + 2.8 245 + 2.5 0.30
HR (s) 53.8 = 6.1 57.2 = 8.7 0.07

Data are expressed as number (female/male) or mean *+ standard deviation.
Abbreviations: No. = number, BMI = body mass index, HR = heart rate.

2.5. Experimental tests

2.5.1. Comparison of healthy aged and healthy young groups

The Fantasia database was used, which is publicly available online
from the PhysioBank Archives [34]. It consists of 20 elderly subjects
(74.6 = 4.5 [mean = standard deviation, unless otherwise indicated]
years old) and 20 young subjects (26.0 + 4.3 years old; p < 0.0001
versus the elderly subjects) with rigorously screened health statuses. All
subjects underwent a 120 min continuous ECG collection while lying
straight on their backs. The ECG was digitized at 250 Hz. Previous
studies have documented differences between the two groups in various
RR interval metrics, including time- and frequency-domain measures,
entropy measures, and symbolic dynamics [35].

The database also includes annotated heartbeat information to fa-
cilitate the analysis of RR interval time-series. These heartbeats were
identified by means of an automated algorithm, followed by expert
inspections [34]. Fig. 3 (a-b) shows two examples of the RR interval
time-series from a young and an old subject, respectively, and their
corresponding Poincaré plots. To understand the performance of the
GDR and GDE in handling short-term RR interval time-series, two
analysis protocols were applied: 1) using a short-term HRV segment
randomly selected from the complete HRV recording (corresponding to
a 5min ECG segment); and 2) using 10 subsequent short-term HRV
segments without overlap (corresponding to 10 subsequent 5 min ECG
episodes, starting from the beginning of the ECG).

2.5.2. Comparison of CAD patients and health control subjects
To examine the performance of the proposed GDR and GDE
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algorithms further, we revisited the 5min ECG data collected from our
previous human study [36-40]. A total of 30 CAD patients and 35 age-
and sex-matched healthy volunteers were recruited and provided in-
formed consent in that study. Their basic characteristics are presented
in Table 1. All healthy subjects underwent routine ECG and echo-
cardiography examinations, along with medical history questionnaires,
to confirm their health status. The CAD patients were recruited from
those who were scheduled for interventional surgery and data were
collected one day prior to the surgery. Patients were enrolled whose
coronary angiography suggested that > 50% stenosis presented in at
least one main coronary branch. Standard limb lead II ECG data were
collected continuously for 5min in a quiet, temperature-controlled
clinical measurement room (25 * 3°C) at the Shandong Provincial
Qianfoshan Hospital by a cardiovascular function detection device (CV
FD-II, Huiyironggong Technology Co., Ltd, Jinan, China). The data were
sampled at 1000 Hz. The study obtained full approval from the In-
stitutional Review Board of Shandong Provincial Qianfoshan Hospital,
and it was conducted according to the principles in the Declaration of
Helsinki and its following amendments. The R-peaks were detected and
ectopic R-peaks identified based on a template-matching approach
[38], followed by visual inspections by experts. Intervals of consecutive
normal R-waves formed the RR interval time-series. Two examples of
RR interval time-series from a healthy subject and a CAD patient, re-
spectively, and their corresponding Poincaré plots are shown in Fig. 3
(c-d).

2.6. Statistical analyses

We implemented both the proposed and existing algorithms in
MATLAB. The results were first subjected to the Shapiro-Wilk test to
examine the normality [41]. The student's t-test was used to examine
the group differences (young versus old; healthy versus CAD) in the
GDR and GDE if the normality hypothesis was not rejected; the Man-
n-Whitney U test was used otherwise. The effect size was estimated by
Cohen's d static. The statistical significance was accepted at p < 0.05.
An effect size of d > 0.5 was considered as large [42,43]. The area
under the receiver operating characteristic (ROC) curve was used for
further examination of the classification performance. All statistical
analyses were performed in MATLAB.

Fig. 4. Results of Poincaré plot metrics for Gaussian
noises, chaotic time-series, MIX(0.2), MIX(0.1), and
periodic time-series: (a) GDR results (base-10 loga-
rithmic transformed) with n ranging from 1 to 200;
(b) GDE results with the same range of n; (c) ellip-
tical indices (SD1, SD2, SD1/SD2); and (d) asym-
metry indices (GI, PI, SI, and AI). The error bar in-
dicates the standard error from 30 realizations.
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Table 2

Results of Poincaré plot metrics for Gaussian noises, chaotic time-series, MIX(0.2), MIX(0.1), and periodic time-series.

Periodic time-series

MIX(0.2) MIX(0.1)

Logistic chaotic time-series

Gaussian noises

Index

Median + IQR

Mean + SD

Median + IQR

Mean + SD

Median + IQR

Mean = SD

Median + IQR

Mean + SD

Median + IQR

Mean + SD

—3.26 = 0.00

2.48 = 0.00
0.37 = 0.00
1.37 = 0.00
0.27 = 0.00

—-3.26 = 0.00

2.48 = 0.00
0.37 = 0.00
1.37 = 0.00
0.27 = 0.00

+ 0.07

—-2.41

+ 0.05

—2.41

—2.16 = 0.05

3.99 = 0.17
0.67 = 0.06
1.25 * 0.02
0.54 = 0.05

—2.17 = 0.04

3.98 = 0.13
0.67 = 0.04
1.25 *+ 0.02
0.53 = 0.04

—1.98 = 0.03

5.24 = 0.10
0.35 = 0.01
0.36 = 0.02
0.99 = 0.08

—1.98 = 0.02

5.25 = 0.07
0.35 = 0.01
0.35 = 0.01
1.00 + 0.05

—-1.75 = 0.01

5.96 = 0.02
1.00 + 0.07
1.00 = 0.07
0.99 = 0.06

—-1.75 = 0.00

5.96 = 0.01
1.00 + 0.05
1.00 = 0.05
1.00 = 0.05

GDR
GDE
SD1

3.28 = 0.14
0.55 = 0.04

3.31 = 0.11
0.55 = 0.03
1.30 = 0.02
0.42 = 0.03

1.30 = 0.02
0.42 = 0.04

SD2

SD1/SD2

GI

50.00 = 0.17 49.98 + 0.24 49.72 + 0.16 49.64 + 0.12 49.56 + 0.06 49.56 + 0.03 49.44 + 0.00 49.44 + 0.00
33.38 =

49.99 + 0.19

49.99 + 0.15

33.38 = 1.25 50.29 * 1.33 50.25 * 1.75 50.33 = 0.94 50.25 + 1.50 50.50 = 0.00 50.50 = 0.00

1.5

49.88 + 1.50
50.01

50.13 * 1.59
50.01

PI

50.05 + 0.24 49.7 = 0.18 49.64 + 0.14 49.54 + 0.08 49.52 + 0.10 49.40 = 0.00 49.40 += 0.00

50.06 + 0.17

+ 0.18

+ 0.18

SI

49.70 = 0.43 49.61 = 0.37 49.73 * 0.62 49.57 = 0.00 49.57 + 0.00

49.75 + 0.38

49.94 + 0.23 49.96 + 0.34 45.45 = 0.39 45.45 + 0.61

Al

SD: standard deviation; IQR: interquartile range; GDR and GDE: average of n = 100 to 200.
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3. Results
3.1. Simulation results

Fig. 4 summarizes the GDR and GDE results for the synthetic signals,
as well as the results of the existing metrics of the Poincaré plot.
Moreover, the results are presented in Table 2 in terms of the
mean * standard deviation (SD) and median * interquartile range
(IQR). As the coarse-graining parameter n increased from 1 to 200, the
GDR values all exhibited an initial sharp decrease and then became
stable at approximately n = 80. To provide improved visualization of
this changing pattern, we illustrate the base-10 logarithmic transform
of the GDR in Fig. 4, instead of using its original linear scale. As ex-
pected, during the initial unstable stage, the GDR was the highest in
terms of Gaussian noises and decreased gradually in the order of MIX
(0.2), MIX(0.1), logistic chaotic time-series, and sinusoidal signals
(Fig. 4a). At approximately n = 25, the GDR for the logistic chaotic
time-series reached beyond the level for MIX(0.1), then beyond the
level for MIX(0.2), and finally settled down. Furthermore, the GDE
exhibited an initial sharp change before converging towards each stable
level (Fig. 4b). This suggests the same ranking as for the GDR; that is,
the GDE level gradually decreased in the order of Gaussian noises, lo-
gistic chaotic time-series, MIX(0.2), MIX(0.1), and sinusoidal signals.
Surprisingly, none of the traditional metrics could fully discriminate
among these, as illustrated in Fig. 4c and d, suggesting that these tra-
ditional metrics may not be sensitive to the underlying time-series dy-
namics, or cannot capture the relevant geometrical features. To un-
derstand the different abilities of the proposed metrics and existing
traditional metrics in capturing the dynamic structural time-series
characteristics further, we performed surrogate data tests. Specifically,
the logistic chaotic time-series were randomly shuffled, and all metrics
were recalculated for the shuffled data. The results are summarized in
Fig. 5, which clearly indicates that both the GDR and GDE were quite
sensitive to the changes in dynamical patterns caused by the random
shuffling, while all traditional metrics failed, except for the PI and Al

3.2. Comparison between healthy aged and healthy young groups

3.2.1. Using 5min HRV segment randomly selected from complete time-
series

Using the experimental data, similar transient sharp changes fol-
lowed by steady stages were identified in the GDR and GDE, as illu-
strated in Fig. 6al and 6a2. Both the GDR and GDE in the stable stages
suggested a decrease in the healthy aged group compared to the healthy
young group. Of the seven traditional Poincaré plot indices (Fig. 6b1 to
6b9), only SD1 and SD2 exhibited significant differences. The corre-
sponding p values, area under the curve (AUC) levels, and Cohen's d
statics are summarized in Fig. 6¢1 to 6¢3, which clearly suggest su-
perior performance of the GDR and GDE over the traditional metrics
(Fig. 6d1 to 6d3).

3.2.2. Using 10 subsequent 5 min HRV segments without overlap

Relatively consistent performance of the GDR and GDE was
achieved across the 10 HRV segments, as illustrated in Fig. 7. The p
values, AUC values, and effect sizes behaved similarly with the change
in n across all 10 segments, suggesting that the significantly improved
performance of the GDR and GDE illustrated above was not by chance.
This could be further clarified when demonstrating their performance
together with the traditional metrics, as explained in Fig. 7(a3) to (c3).
In all 10 HRV segments, the GDR and GDE outperformed the existing
metrics. Note that the performance of SD1 and SD2 also appeared to be
relatively stable, and significant group differences could be identified
for the majority of the 10 segments. However, both the AUC values and
effect sizes, as reflected by the Cohen's d static, were relatively low,
which is consistent with the findings when using only one 5min HRV
segment (Fig. 6).
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Fig. 6. Results of Poincaré plot measures for
RR interval time-series of healthy young
and old adults: (al) GDR results (base-10
logarithmic transformed) with n ranging
from 1 to 200; (a2) GDE results with the
same range of n, where error bars indicate
standard errors; (bl to b9) comparisons of
GDR (average of n =100 to 200), GDE
(average of n =100 to 200), SD1, SD2,
SD1/SD2, GI, PI, SI, and Al, respectively,
between young healthy subjects and aging
healthy group; (c1 to c¢3) performance of
GDR and GDE for comparing young healthy
subjects with aging healthy group in terms
of p values, AUC results, and Cohen's d, re-
spectively; and (d1 to d3) performance of
existing indices in terms of p values, AUC
results, and Cohen's d, respectively. *:
p < 0.05, **:p < 0.01, ***:p < 0.0001.
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Fig. 7. Performance of GDR and GDE for comparing healthy young and healthy old groups in terms of p values, AUC results, and Cohen's d statics. The GDR and GDE
results presented in the right panels are based on mean values of n = 100 to 200.

3.3. Comparison between CAD patients and healthy control subjects

Using our experimental data, similar transient sharp changes fol-
lowed by converged stages were also identified in the GDR and GDE, as
illustrated in Fig. 8. Both the GDR and GDE in the stable stages sug-
gested a decrease in the CAD group compared to the healthy control
group. Of the seven traditional Poincaré plot indices, only SD1/SD2
exhibited significant differences.

The corresponding p values, AUC levels and Cohen's d statics are
summarized in Fig. 8, which also clearly suggests superior performance
of our proposed indices, particularly the GDE, compared to the tradi-
tional metrics.

4. Discussion

Two novel measures, namely the GDR and GDE, were established in
this study to characterize the shape of the Poincaré plot quantitatively.
These were applied to both synthetic data with known properties and
experimental ECG RR interval time-series, and their performance
compared with seven existing Poincaré plot measures. The simulation
tests demonstrated that the proposed GDR and GDE could effectively
differentiate among the synthetic signals while none of the existing
measures could, suggesting that the GDR and GDE may be able to
capture the underlying dynamic or certain intrinsic geometric proper-
ties of a signal. These observations were also supported by the sub-
sequent experimental tests. Specifically, the GDR and GDE could ef-
fectively discriminate the Poincaré plots of short-term RR interval time-
series between healthy young and healthy aged subjects. In comparison,
only two of the seven existing measures could achieve this, albeit with
significantly inferior performance. Moreover, the GDR and GDE ex-
hibited fairly strong performance in differentiating subjects with CAD
from healthy controls, while only one of the seven existing methods

could achieve this.

Our results indicated that the GDR and GDE of young subjects were
greater than those of older subjects, suggesting a more dispersed dis-
tribution of the Poincaré plot for young people. Furthermore, the con-
verged GDR and GDE values for healthy people appeared to be quite
close to those for the synthetic chaotic signal, while the changing di-
rections of the GDR and GDE in CAD patients were towards the level of
less irregular/complex regimes (that is, periodic or the two studied mix
processes) (see Figs. 4 and 8, and Table 2). Together, these results are in
line with the studies of Lipsitz et al. [44] and Iyengar et al. [45], which
demonstrated a reduction in the fractal organization of HRV owing to
aging, as well as the study of Goldberger et al. [46], in which decreased
complexity of the HRV was observed in a healthy aging group. Fur-
thermore, the results suggested that the points in the Poincaré plot of
CAD patients were clustered more intensively than those of the healthy
controls (Fig. 8), which could indicate that CAD patients have reduced
variance in the beat-to-beat heart rate [47,48], while also suggesting a
certain shape distortion of the Poincaré plot, which could easily be
overlooked by existing methods.

The proposed algorithms, particularly the GDE, can take full ad-
vantage of the Poincaré plot. In particular, they weight the grid areas
according to the number of points, and further take all of these grids
into consideration. By this means, the GDR and GDE are less likely to be
affected or determined by a single outlier. The ellipse fit-based metrics
SD1 and SD2 may offer a similar advantage. However, compared to the
finely tuned grids and rates applied in the GDR and GDE, the ellipse fit
may only offer a rather rough description of the shape, which is far from
sensitive. However, towards another extreme, the four studied asym-
metry metrics may be too sensitive to the positions of points, thereby
being quite easily affected by the reallocation of even a single point.
Our proposed GDR and GDE manage to composite the performance and
are therefore neither too abstract nor too vulnerable.
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Moreover, it is worth noting that another well-established graphical
analytic tool, namely the recurrence plot or recurrence quantification
analysis, offers similar metrics, such as entropy [49,50]. The recurrence
plot is based on delay embedded reconstruction and aimed at indicating
at which times the trajectory visits roughly the same areas in the phase
space, by demonstrating how the distances between different vectors
(of length m — the dimension parameter) are distributed (either within a
threshold parameter r or not). Conceptually, the Poincaré plot is a type
of one-dimensional recurrence plot, with the difference that it re-
presents data in the original magnitude instead of illustrated the di-
chotomized distances between data points (as a real one-dimensional
recurrence plot would do), which may offer additional information
regarding the dynamics compared to dichotomized values [39,40].
Another obvious benefit of the GDR and GDE is that the construction of
the gridded Poincaré plot requires only one input parameter, while the
recurrence plot requires at least three (the embedding dimension m,
time delay 7, and threshold r), leading to the potential disadvantage of
parameter dependence, particularly for short-term data. To understand
all of the pros and cons fully and objectively, a systemic comparison
among these methods is warranted.

The coarse-graining parameter n is the only input parameter for the
GDR and GDE. With increases in n, both measures exhibited an obvious
and unique evolving profile, as explained by the initial transient sharp
change (either an increase or a decrease), followed by a converged
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steady stage. The extensive steady stage suggests that the two features,
namely GDR and GDE, are not trivial and should explain certain in-
trinsic properties. The steady stage in the GDR and GDE profiles should
be the exact region on which we focus. Moreover, the wide range of n
values with the steady results renders feasibility in the selection of this
input parameter in practice. However, it should be noted that the length
of the RR interval time-series may play a role, as it may interact with
the parameter n to make the evolving profiles of the GDR and GDE more
complicated. As mainly short-term, specifically 5min, data were the
focus of this study, we will attempt to investigate the influence of the
data length and the appropriate selection of the parameter n in future
works.

We note that, according to the flow of the algorithms illustrated in
Fig. 1, the HRV time-series are normalized with a min-max normal-
ization and hence, both the x-axis and y-axis range from 0 to 1. Outliers
may thus potentially affect the calculations of the GDR and GDE. For
example, extremities would certainly cause the actual RR intervals to be
clustered more closely to one another in this normalized plane. In the
current study, we applied the outlier removal prior to the normalization
process, which possibly minimized this effect. A further possible lim-
itation of this study is that, as we have applied open-source data, an
effectively performing metric may simply be exhibited by statistical
chance. However, the results when using our own experimental data
suggest consistent performance of the proposed algorithms, which
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essentially aided in alleviating this limitation.

In conclusion, we established two novel measures, namely the GDR

and GDE, for quantitatively describing the shape of a Poincaré plot for
short-term heartbeat interval time-series. We applied both simulation
and experimental tests to validate these two algorithms. Our results
clearly suggest that our proposed GDR and GDE outperform many ex-
isting Poincaré plot indices, including ellipse fit-based metrics (SD1,
SD2, and SD1/SD2) and asymmetry indices (PI, GI, SI, and AI).
Therefore, these two novel indices may be potentially applicable in the
clinical and noninvasive evaluation of cardiovascular function.
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