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Abstract: Lagged Poincaré plots have been successful in characterizing abnormal cardiac function.
However, the current research practices do not favour any specific lag of Poincaré plots, thus
complicating the comparison of results of different researchers in their analysis of heart rate of
healthy subjects and patients. We researched the informative nature of lagged Poincaré plots in
different states of the autonomic nervous system. It was tested in three models: different age groups,
groups with different balance of autonomous regulation, and in hypertensive patients. Correlation
analysis shows that for lag [ = 6, SD1/SD2 has weak (r = 0.33) correlation with linear parameters of
heart rate variability (HRV). For [ more than 6 it displays even less correlation with linear parameters,
but the changes in SD1/SD2 become statistically insignificant. Secondly, surrogate data tests show
that the real SD1/SD?2 is statistically different from its surrogate value and the conclusion could be
made that the heart thythm has nonlinear properties. Thirdly, the three models showed that for
different functional states of the autonomic nervous system (ANS), SD1/5D2 ratio varied only for lags
I'=5and 6. All of this allow to us to give cautious recommendation to use SD1/5D2 with lags 5 and 6
as a nonlinear characteristic of HRV. The received data could be used as the basis for continuing the
research in standardisation of nonlinear analytic methods.
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1. Introduction

Heart rate variability (HRV) describes the variations between consecutive heartbeats, known as
RR intervals. Sympathetic and parasympathetic nervous regulation alter the pattern of these variations,
and HRV can quantitatively describe the function of the autonomic nervous system [1]. The standard
methods for HRV analysis include statistical (time domain), power spectral (frequency domain),
and nonlinear geometrical analysis. Both linear and nonlinear methods are used to analyse heart
rate in healthy subjects and patients with different pathologies [2-4]. The nonlinear methods usually
supplement the linear ones [5-12]. Many authors especially claim the prognostic value of nonlinear
analysis [13-19]. There are publications examining gender differences in the nonlinear structure of
HRYV [20-22] and its variations throughout the times of day and night [22]. Certain publications deal
with diagnosis and classification of arrhythmias based on nonlinear parameters [23,24], even up to
the point of prognosis of various cardiovascular diseases like ventricular tachycardia and congestive
heart failure [25]. With that, the additional clinical validation of existing novel methods is needed to
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define the clinical predictive value of nonlinear parameters as well as their robustness in relation to
reproducibility and widespread clinical use [26].

One method of HRV analysis is the Poincaré plot, which takes a sequence of intervals and plots
each interval against the following interval. It is a representation of a time series into a phase space,
where the values of each pair of successive elements of the time series define a point in the plot.
The Poincaré plot is a very simplified two-dimensional phase space with delay or lag of one beat
(i.e., each RR interval is plotted as a function of the previous RR interval). According to Takens’
theorem [27], attractor of a dynamical system may be reconstructed by using an appropriate time delay
and embedding dimension. The “true” attractor of HRV is certainly not displayed by the Poincaré
plot as the HRV has a higher estimated dimension (greater than one) [28]. Nevertheless, it gives
useful visual information about HRV. A quantitative analysis of the plot can be made by using three
parameters: SD1—variance of RR intervals in a short time scale, SD2—variance of RR intervals in a
long time scale, and the ratio SD1/SD2 [28-30].

Poincaré plots have been successful in characterizing abnormal cardiac function and have become
an integral part of HRV analysis [30-33]. They are shown to provide prognostic information in
myocardial infarction, chronic heart failure, and sudden infant death syndrome. They also predict the
mortality risk of life-threatening ventricular arrhythmias in cardiac surgery patients [34-36].

Poincaré plots are on the boundary between linear methods and tools based on nonlinear
dynamics—the principle of its construction is taken from the nonlinear dynamics theory,
but parameters used for its quantification are essentially linear. Brennan et al. [31] raised doubts
on using SD1 and SD2 parameters to characterise nonlinear properties of heart rhythm dynamics and
revealed their mathematical direct relation to such linear parameters as standard deviation (SDNN)
and standard deviation of the successive difference between adjacent RR (SDSD). Several authors
modified the chart construction to get parameters that are more informative. In particular, they used
the time lag of not one RR interval, but of two to ten, because a heart beat influences not only the beat
immediately following it, but also up to 6-10 beats downstream [37], possibly as a consequence of
respiratory sinus arrhythmia.

Lerma et al. [38] researched the Poincaré plots of patients with chronic renal failure compared
to healthy volunteers. The authors showed that the Poincaré plots built with time lags of four heart
beats reflects the changes in HRV after haemodialysis. In other papers, Poincaré plot indices were
informative at all lags from 1 to 10 [39,40].

Contreras et al. [41] researched correlations between linear parameters (HF and LF) and SD1 in the
groups of healthy volunteers and diabetic patients. The Poincaré plot parameters have been calculated
at different lags from 1 to 10. In both the groups, SD1 increases with the increase of the lag, but the
correlations between SD1 and HF, as well as between SD1 and LF, have varied in healthy subjects and
remained constant in diabetic patients.

Thakre and Smith [42] justify the use of Poincaré plot parameters to describe the vegetative
regulation of heart rate in case of inconsistency of traditional methods. They showed that in congestive
heart failure patients, the dependence of SD1/5D2 on time lag value was linear, while in control subjects
it was nonlinear.

The further development of the method is possible through 3D Poincaré plots with the axes
(RRy;; RRy11; RRy42). The three projections could be analysed in this case: (RR;; RR;+1), (RRu+1;
RRy42), and (RRy;; RRy42) [31]. The authors of the indicated publications suggested using these facts as
additional diagnostic criteria.

However, the current research practices do not favour any specific lag of Poincaré plot, thus
complicating the comparison of results of different researchers in their analysis of heart rate of healthy
subjects and patients.

Our primary goal was to complement the current research with our own data. We tested the
informative nature of lagged Poincaré plots in three different models. The first model included persons
with different autonomic balancing of heart rate regulation. The second model tested the age-related
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properties of dynamics of heart rate. We used such a model because of certain knowledge on the
interrelation of neural regulation mechanisms and structural and functional development of organs
and systems in different periods of human life. In the third model, we tested the differences in
parameters between the patients with hypertension and healthy volunteers. It is a known fact that
disturbances in normal function of the autonomic nervous system play an important role in the genesis
and progression of arterial hypertension [43,44]. After discussing the results, we also compare them to
the findings of other authors.

2. Materials and Methods

We used short-term (5-min) HRV indices analysis in both linear time and frequency domains
and in the nonlinear dynamics domain [45]. The electrocardiogram (ECG) was recorded while the
patients were in a sitting position after resting for at least 20 min. The measurements were taken in the
morning and in the same room. All ECGs were recorded at a fixed time of day to avoid the effects of
diurnal variations on HRV. We analysed the whole 5 min of the recording. Cardiac signal was then
analysed visually and was only used for the HRV analysis if there were no obvious irregularities in
the RR intervals. A 16-bit analog-to-digital converter was used to digitalise the ECG signal for the
consecutive generation of RR interval time series. The sampling rate was 1000 Hz. The signal was
averaged by a shifting window of 32 ms to eliminate the high-frequency noise. The modified Pan
and Tompkins real-time QRS detection algorithm [46] allowed automatic detection of R-waves and
obtaining RR interval time series with the efficiency rate of 99.3%.

RR recordings were then exported into Kubios HRV 2.2 for analysis [47]. To correct for artefacts,
cubic spline interpolation method was used [48]. According to the heart rates, the different correction
thresholds were defined (very low = 0.45 s, low = 0.35 s, medium = 0.25 s, strong = 0.15 s, very strong
= 0.05 s) for detecting RR intervals differing “abnormally” from the local mean RR interval.

Trend component removal of the time series was carried out according to an “a priori” smoothing
method. The detrending was performed using a smoothing parameter A = 300 [49], and interpolation
using cubic splines at a frequency of 1 Hz was applied to extract equally spaced samples.

The spectrum for the selected RR interval sample was calculated with Welch’s periodogram
method (FFT spectrum). The value for window width was 128 samples and the overlap was 50%
(corresponding to 64 samples).

The study involved 95 healthy subjects (Table 1). They were categorized into three groups based
on their age: 35 children (15 girls and 20 boys) aged 8 to 10 (ChG), 28 young volunteers (20 women and
8 men) aged 19 to 21 (YG), and 32 adults (18 women and 14 men) aged 35-55 (AG). Besides the healthy
subjects, we also analysed the data from 14 patients with essential hypertension aged 45-55 who were
taking antihypertensive drugs (HG). All the subjects in this group had a confirmed diagnosis of the
first- or second-stage essential hypertension based on clinical manifestations and 24-h ambulatory
blood pressure monitoring. The control group for these subjects included 14 healthy volunteers of the
same age from the AG group.

Table 1. Characteristics of all volunteers (Mean (M) 4 SD).

Title Sex N Age Height,cm  Weight, kg BMI SBP, mmHg DBP, mmHg

15 8-10 1324+ 5.5 28.0+£58 162 +3.1 107.4 £ 10.2 70.5 £ 8.8
f 20 19-21 1622 £ 6.2 65.4+164 243+58 110 £13.5 73.6 £10.8
18  35-55 1604 +64  69.5+£143 26653 118 £14.3 784 +11.3

Healthy
20 8-10 129.6 £ 4.2 25.6 = 6.6 153+41 1153 +£11.6 752+75
m 8 1921  1747x71 730x145 238=+41 118 = 12.2 79.5+£99
14 35-55 1734+£711 8154147 268+£43 124 +12.9 84.6 +12.2
. 4  35-55 156.8+6.3 74 £15.0 301+5.6 13734203 86.5 - 12.0
Hypertension

m 10  35-55 168.1 £ 6.7 78 £16.0 27.6 £5.2 140.5 £ 23.8 86.7 +13.3
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All subjects signed the informed consent form to participate in the study. The Ethics Committee
of Karaganda State Medical University approved the research (protocol Ne§ OT 17.10.2009 r.).
Subjects were instructed to avoid caffeine, alcohol, and physical exertion the day before the study
was performed.

2.1. Linear and Nonlinear Parameters

The Poincaré plot is a scatter plot of RR;;, vs. RR;+1, where RR,, is the time between two successive
R peaks and RR;;4+1 is the time between the next two successive R peaks. When the plot is adjusted by the
ellipse-fitting technique, the analysis provides three indices: The standard deviation of instantaneous
beat-to-beat interval variability (SD1), the continuous long-term RR interval variability (§D2), and the
SD1/SD2 ratio. On the Poincaré plot, SD1 is the width and SD2 the length of the ellipse. In addition
to this conventional plot (RR,+1 vs. RR;), we also used the generalized Poincaré plot with different
intervals, including the m-lagged Poincaré plot (the plot of RR;1s vs. RR;). The values of SD1, SD2,
and SD1/5D2 were calculated for lag = 1 to 10 [29]. Calculation was performed using the TISEAN
software package.

The time-domain measures of heart rate (HR) variability were analysed by the methods
recommended by the Task Force of the European Society of Cardiology [1]. We calculated
SDNN—standard deviation of the RR interval, i.e., the square root of variance, RMSSD—the square root
of the mean squared differences of successive RR intervals, SDSD—standard deviation of differences
between contiguous RR intervals, and spectral components—low-frequency (LF), high-frequency (HF),
LF/HF ratio.

2.2. The Surrogate Data Tests

The surrogate data analysis technique [50] was used to prove the null hypothesis that the heart
rhythm is a linear process. The original HRV time series was transformed by a discrete Fourier
transform, the phases were randomized and then the inverse Fourier transform was performed. When
phases are randomized, the non-linearities in the original time series disappear and the new surrogate
time series becomes a sum of only linear autocorrelations. If the differences between heart rate
parameters calculated from the real and surrogate data sets were statistically significant, the conclusion
could be made that the heart rhythm has nonlinear properties. By specifying the probability o that
we are prepared to reject the null hypothesis although it is true, we obtain a test that is valid at the
(1 — «) significance level. A rank-based one-sided test with significance (1 — ) may be employed by
generating N = 1/ — 1 surrogates in order to test whether the studied measure v, is smaller than
expected for data obeying the null hypothesis that the measure is linear. By computing the N values
for the nonlinear measure vy; (i=1, ..., N), we can reject the null hypothesis whenever v is smaller
than all of the ;. For our chosen significance level of 95%, we constructed 19 surrogates for each
studied HRV time series, as required by the formula above.

2.3. Statistical Methods

Relationships between the Poincaré-plot parameters (SD1, SD2, and SD1/5D2) and linear
(SDNN, RMSSD, and SDSD) indices were tested by the Spearman rank correlation test. We used
the Wilcoxon signed-rank test to compare real and surrogate data, the nonparametric Mann-Whitney
test for pairwise comparisons, and the nonparametric Kruskal-Wallis test for multiple comparisons
to compare various groups. Using K-means clustering on HF and LF, we divided all healthy subjects
into two groups with different balance of autonomic regulation [51]. Differences with p < 0.05 were
considered to be statistically significant.
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3. Results

3.1. Influence of Time Lag on Poincaré Plot Indices

At first we explored the correlation between Poincaré plot indices and linear parameters of HRV
in lag numbers [ = 1 to 10 in the group of healthy volunteers. As seen from Table 1, both SD1 and SD2
continue to be highly correlated with SODNN, RMSSD, and SDSD (with a correlation coefficient from
0.9 to 1) for all lags. However, SD1/5D2 tends to lose the correlation with linear parameters at higher
lags. When the lag equals to one RR interval, its correlation coefficient with both RMSSD and SDSD is
0.8; when the lag increases to 6 RR intervals, the correlation coefficient drops to 0.33 and continues to
approach 0 at higher lags, though coefficients themselves are not significant (Table 2).

Table 2. Spearman correlation coefficients between Poincaré plot indices and linear parameters of heart
rate at different time lags.

Lag Title SDNN p-Level RMSSD p-Level SDSD p-Level

SD1 0.94 <0.05 1.00 <0.05 1.00 <0.05

1 SD2 0.97 <0.05 0.84 <0.05 0.84 <0.05
SD1/SD2 0.63 <0.05 0.80 <0.05 0.80 <0.05

SD1 0.97 <0.05 0.98 <0.05 0.98 <0.05

2 SD2 0.97 <0.05 0.85 <0.05 0.85 <0.05
SD1/SD2 0.62 <0.05 0.73 <0.05 0.73 <0.05

SD1 0.98 <0.05 0.95 <0.05 0.95 <0.05

3 SD2 0.99 <0.05 0.91 <0.05 0.91 <0.05
SD1/SD2 0.50 <0.05 0.54 <0.05 0.54 <0.05

SD1 0.98 <0.05 0.93 <0.05 0.93 <0.05

4 SD2 0.99 <0.05 0.91 <0.05 0.91 <0.05
SD1/SD2 0.42 <0.05 0.44 <0.05 0.44 <0.05

SD1 0.98 <0.05 0.95 <0.05 0.95 <0.05

5 SD2 0.99 <0.05 0.90 <0.05 0.90 <0.05
SD1/SD2 0.44 <0.05 0.47 <0.05 0.47 <0.05

SD1 0.98 <0.05 0.94 <0.05 0.94 <0.05

6 SD2 0.98 <0.05 0.91 <0.05 0.91 <0.05
SD1/SD2 0.31 <0.05 0.33 <0.05 0.33 <0.05

SD1 0.98 <0.05 0.93 <0.05 0.93 <0.05

7 SD2 0.99 <0.05 0.92 <0.05 0.92 <0.05
SD1/SD2 0.07 NS * 0.09 NS * 0.09 NSt

SD1 0.98 <0.05 0.93 <0.05 0.93 <0.05

8 SD2 0.99 <0.05 0.91 <0.05 0.91 <0.05
SD1/SD2 0.02 NSt 0.06 NSt 0.06 NSt

SD1 0.98 <0.05 0.95 <0.05 0.95 <0.05

9 SD2 0.99 <0.05 0.90 <0.05 0.90 <0.05
SD1/SD2 0.06 NSt 0.15 NSt 0.15 NSt

SD1 0.98 <0.05 0.95 <0.05 0.95 <0.05

10 SD2 0.99 <0.05 0.90 <0.05 0.90 <0.05
SD1/SD2 0.05 Ns 0.16 NSt 0.16 NS *

f—NS stands for non significant (p > 0.05).

Exploring the absolute value of Poincaré plot indices at increasing time lag (Figure 1),
we registered the increase in short-term variability (SD1), the decrease in long-term variability (5D2),
and stabilising values of SD1/SD2 after their initial increase.
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Figure 1. Changes in Poincaré plot indices (medians) at different time lags.

Table 3 shows the results of multiple comparisons of SD1/SD2 at different time lags; starting with
[ =5, the changes in SD1/SD2 are statistically insignificant.

Table 3. Statistical significance (p-levels) of multiple comparisons of SD1/SD2 at different time lags.

Lag 1 2 3 4 5 6 7 8 9 10
1 - 0.000" 0.022f 0001t 0.000Ff 0000Ff 0000Ff 0000F 0000F 0.000°
2 0.000 * - 0.065 0.000F o0000f 0000t 0000t 0000t 0.000t 0.000%
3 0.022 0.065 - 1.000 0.000t o0.000t 0000t 0000t 0000t 0.000%
4 0.001T 0.000t  1.000 - 0011t 0005% 00247 0003T 0009 00127
5 0000t 0000t 0000t 00117 - 1.000 1.000 1.000 1.000 1.000
6 0000t 0000%* 0000f 0005f @ 1.000 - 1.000 1.000 1.000 1.000
7 0000t 0000t 0000F 0024F  1.000 1.000 - 1.000 1.000 1.000
8 0000t 0000t 0.000f 0.003f @ 1.000 1.000 1.000 - 1.000 1.000
9 0.000" 0.000t 0000t 000"  1.000 1.000 1.000 1.000 1.000

0000t 0000t 0.000f 0.012F @ 1.000 1.000 1.000 1.000 1.000 -
Multiple Comparisons, Kruskal-Wallis test:  p < 0.05.

—_
o

Thus, our research once again supports the theory of a high correlation of SD1 and SD2 with linear
characteristics of HRV, such as RMSSD and SDSD, for all m-lagged Poincaré plots. In addition, SD1/5D2
has its standalone value, since starting with I = 6 it displays a low correlation with linear characteristics.
When the time lag is greater than 6, the changes in SD1/5D2 become statistically insignificant, but
its value slowly converges to 1 making the Poincaré plot more circular. This change was expected,
since when intervals are plotted against immediately preceding intervals (lag 1), the correlation
between these will be higher than if they were more widely separated. This indicates that increasing
lag corresponds to increasingly unrelated beats. Cigar-shaped plots are typical of high correlation,
whereas round clouds of points are typical of lack of correlation [52,53]. It has been reported that any
given RR interval can influence up to eight subsequent RR intervals, possibly as a consequence of
respiratory sinus arrhythmia [38,42].

We used the surrogate data to test whether SD1/5D2 really reflects the nonlinear properties of
RR interval time series. SD1/SD2 calculated for real data was compared to SD1/SD2 calculated from
surrogate data sets using the Wilcoxon signed-rank test.

The null hypothesis is that the heart rhythm is a linear process. If the differences between SD1/SD2
calculated from the real and surrogate data sets were statistically significant, the conclusion could be
made that the heart rhythm has nonlinear properties. Results of testing the Poincaré plots with time
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lags of 1 to 10 show that the real SD1/5D2 was statistically different from its surrogate value in 69% to
82% of RR interval time-series (Table 4).

Table 4. The results of surrogate data analysis.

Lag 1 2 3 4 5 6 7 8 9 10
Yo 82 78 76 81 78 82 69 74 79 72

%—percentage of time series of RR intervals for which SD1/SD2 had statistically significant differences from
SD1/SD2 calculated from surrogate data (Wilcoxon signed-rank test, p < 0.05) for / =1 to 10.

3.2. Lagged Poincaré Plot in Persons with Different Balancing of Autonomic Nervous System

It is known that Poincaré plot parameters reflect the state of the autonomic nervous system.
As suggested by previous studies, the width of the Poincaré plot (SD1) could be considered
as a nonlinear indicator of parasympathetic activity, while the length of Poincaré plot (5D2) is
influenced by both sympathetic and parasympathetic components. In fact, the balance between
sympathetic-parasympathetic arms can be represented by SD1/5D2 [30,54]. So we tested a technique
of lagged Poincaré plot indices calculation in persons with different autonomic balancing that was
measured by HRV spectral characteristics. The amplitude of the high-frequency (HF) component of
the HRV spectrum is related to the vagal influence on heart rate [55]; the low frequency (LF) power is
an index of vagal and sympathetic modulations [56]. Correspondingly, the LF/HF ratio could be used
to measure the level of autonomic balancing of heart rate regulation.

Using K-means clustering on HF and LF we divided all healthy subjects into two groups (Groups 1
and 2). Table 5 presents some HRV measures in these groups. Group 2 has lower heart rate variability
(RMSSD), total spectral power TP, and high-frequency power HF with elevated values of LF, and,
correspondingly, twice as high LF/HF.

Table 5. Linear heart rate variability (HRV) measures in groups with different balancing of the
autonomic nervous system (ANS).

Titl Group 1 Group 2
itle

N Me Q25 Q75 N Me Q25 Q75 p-Level
HR 57 69.03 63.18 74.32 38 76.91 68.43 82.60 0.003

SDNN 57 60.57 41.40 80.00 38 53.69 41.57 67.08 0.242
SDSD 57 57.45 37.70 83.12 38 40.59 24.90 53.93 0.004 *
RMSSD 57 57.35 37.65 82.99 38 40.54 24.87 53.85 0.004 *
TP 57 5196.89 241843  9369.49 38 388735  2540.30  8025.33 0.455
HFn.u. 57 36.89 26.83 54.16 38 24.43 17.39 35.67 0.002
LFn.u. 57 29.22 21.33 37.22 38 42.25 31.88 50.72 0.000 *
LF/HF 57 0.86 0.44 1.23 38 1.56 1.10 2.69 0.000 *

t—statistically significant differences (Mann-Whitney U Test, p < 0.05).

These comparisons allowed us to classify the second group as the one with higher sympathetic
autonomic regulation (SNG, n = 38) and the first group as the one with balanced regulation (BG, n = 57).

Figure 2 presents the results of the calculation of SD1/5D2 in these two groups with the lags of 1
to 10. The change in SD1/SD2 in both groups is nonlinear, starting to level off at a lag of 5.
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Figure 2. Poincaré plot indices (medians) in groups with different balancing of autonomic nervous
system activity.

The SD1 value was higher in the BG group, but statistically significant differences were received
only for I =1, 2 u 3. At all other lags there were no significant differences. SD2 was also higher in
the BG group, but it did not show significant differences when Poincaré plot was lagged. SD1/SD2
was also higher in subjects with a balanced autonomic nervous system than in subjects with elevated
sympathetic regulation; this effect was significant for all lags (Table 6).

Table 6. Statistical significance (p-levels) of Poincaré plot indices” difference between groups with
balanced and increased sympathetic regulation.

Lag 1 2 3 4 5 6 7 8 9 10

SD1 0043t 0026t 0.032%  0.139 0.219 0.275 0.384 0.205 0.205 0.182
SD2 0.982 0.699 0.767 0.946 0.927 0.820 0.974 0.783 0.683 0.635
sD1/sD2  0.0007 0.000f 0.000f 0.000f 0016% 0015% 0008 0001t 0001t 0003t

f—statistically significant differences (Mann-Whitney U-test, p < 0.05).

It could be expected that SD1 and SD2 would differ in the groups under consideration, as they
have a high correlation with the linear HRV indices, which are significantly different in these groups.
However, as we show above, SD1/SD2 does not correlate with linear indices and its differences between
BG and SNG could highlight differences in the nonlinear dynamics of HRV in these groups.

3.3. The Analysis of Age-Related Differences

We used an age-related model because of certain knowledge on the interrelation of neural
regulation mechanisms and structural and functional development of organs and systems in different
periods of human life [57,58]. Relying on this knowledge, we could make assumptions about
involvement of different parts of the autonomic nervous system into the heart rate regulation and
about mechanisms of aperiodic oscillations in HRV.

In all three age groups, with the increase of time lag there was the increase in short-term variability
captured by SD1, the decrease in long-term variability captured by SD2, and initial increase of SD1/SD2
with levelling off at I = 5 (Figure 3). The situation mimicked the one outlined in the previous case.

Atl =1, SD1/5D2 shows statistically significant difference between the groups of children and
adults. At =2, there are no differences between children and young adults. Not all the groups are
different at time lags of 3, 4,7, 8, 9, and 10. There are statistically significant differences in SD1/5D2
between all groups only for lags of 5 and 6 (Table 7).
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Figure 3. Age-related differences of lagged Poincaré plot indices (medians).
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Table 7. Statistical significance of differences (p-levels) of SD1/SD2 at various time lags between the

age groups.

Lag Group ChG YG AG
ChG - 0.465 0.000 ¥
1=1 YG 0.465 - 0.563
AG 0.000 * 0.563 -
ChG - 1.000 0.002
1=2 YG 1.000 - 0.014
AG 0.002 0.014 7 -
ChG - 0.168 0.329
1=3 YG 0.168 - 0.005*
AG 0.329 0.005 * -
ChG - 0.000 0.145
I=4 YG 0.000 ¥ - 0.030 *
AG 0.145 0.030 -
ChG - 0.000 * 0.003
1=5 YG 0.000 - 0.048
AG 0.003 * 0.048 -
ChG - 0.000 * 0.005 *
1=6 YG 0.000 * - 0.047
AG 0.005 * 0.047 * -
ChG - 0.001 * 0.010 *
1=7 YG 0.001 ¥ - 0.264
AG 0.010* 0.264 -
ChG - 0.058 0.007 ¥
1=8 YG 0.058 - 1.000
AG 0.007 * 1.000 -
ChG - 0.401 0.007 *
1=9 YG 0.401 - 1.000
AG 0.007 * 1.000 -
ChG - 1.000 0.014 1
1=10 YG 1.000 - 0.590
AG 0.014 1 0.590 -

Multiple comparisons, Kruskal-Wallis test: * p < 0.05.
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Table 8 shows Poincaré plot indices estimated with lags of 5 and 6 heartbeats. The lowest value is

in the group of children, the highest is in the group of young adults.

Table 8. Lagged Poincaré plot indices in different age groups at [ = 5 and 6.

Las  Ave Grou N SD1 SD2 SD1/SD2

& 8 P Me (Q25; Q75)  Me (Q25;Q75)  Me (Q25; Q75)
ChG 35  44.0(363;541) 59.2 (47.9;72.9)  0.75 (0.66; 0.83)

5 YG 28 56.4(42.8;689) 65.6(49.4;71.6) 0.92(0.82;1.05)
AG 32 351(232;56.1) 43.1(30.8;613) 0.82(0.71;0.96)

ChG 35  46.4(37.7;57.5) 57.7(45.8;69.9) 0.81 (0.73;0.89)

6 YG 28 57.8(467;684) 64.3(46.2;70.7)  0.99 (0.89;1.05)
AG 32 364 (243;57.1)  41.6(29.6;60.3)  0.90 (0.77; 1.00)

10 of 16

3.4. Lagged Poincaré Plot in Hypertension

There is considerable evidence to suggest that the autonomic nervous system plays an important
role in blood pressure regulation and in the development of hypertension [59,60].

HRYV may be of importance in identifying subjects at higher risk of developing hypertension, so
the integrity of the autonomic modulation of heart rate is evaluated by using linear and nonlinear
analysis of HRV.

According to our data, SD1 and SD2 in healthy volunteers are statistically higher than in
hypertensive patients for all lags. SD1/5D2 ratio is also higher in healthy subjects, but the difference is
statistically significant only for [ = 5 and 6 (Figure 4).

70 90 1,1
80
60 cG cG
70 0,9
50
3 00 o a
a o) % QOJ
40 950 =
’,A*"w-o <, - =
* HG 40 0,5
30 4 !
’ 30 HG
¢
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0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
lag lag lag

Figure 4. Lagged Poincaré plot indices (medians) in healthy volunteers (CG) and hypertensive
patients (HG).

4. Discussion

The interaction of the sympathetic and parasympathetic nervous systems shapes linear and
nonlinear dynamics of heart rhythm, allowing HRV analysis to be widely used in assessing the
autonomic nervous system in different functional and pathological states. At this time, the search is
ongoing for the most informative measures that could be used as diagnostic or prognostic criteria.

However, the available literature information is scarce on m-lagged Poincaré plots. The use of
keyword “lagged Poincaré plot” in PubMed and Web of Science databases resulted in 21 publications.
Of these, PubMed returned only six publications, doubling the ones found in Web of Science.

Out of these 21 papers, 17 described lagged Poincaré plots in HRV and four papers described
other biological signals. In 10 papers, authors calculated SD1, SD2, and SD1/5D2 using traditional
approaches, while in other papers, the Poincaré plot was analysed using modified descriptors. The vast
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majority of publications were dedicated to the clinical aspect of nonlinear analysis of HRV. In all papers,
the authors argue that differently lagged indices have important diagnostic and prognostic values.

However, the results of the published research still do not present some unified method of
selecting the lag for Poincaré plot indices. Lerma et al. [38] examined the Poincaré plot indices to
analyse the HRV after hemodialysis in chronic renal failure patients. They found that with [ = 4,
the SD1/5D2 ratio reduced after hemodialysis, but there were not significant differences between the
indexes measured from / = 2 and 3, and between the lags of 4 and 5. With lags of 6, 7, and 8, the indices
measured were the same as the ones obtained with smaller lags.

Goshvarpour et al. [39] examined the influence of different lags on the Poincaré plot indices of
heart rate signals in a group of healthy subjects before and during meditation. The Poincaré plot
indices were calculated using lags 1 and 6 heartbeats. It was noticed that the values of SD1/5D2
ratio increased significantly during meditation compared to that before meditation, especially when
measured from Poincaré plots reconstructed with a lag of 6 (p < 0.05).

Thakre and Smith [42] compared the lag-responses of congestive heart failure (CHF) patients and
normal subjects in light of the fact that HRV may have been potentially restored by the pharmacologic
therapy in the CHF patients. They found that the SD1/SD2 ratio was significantly different in CHF
patients as compared to that of normal subjects. They also consider m-lagged SD1/5D2 ratios to be
more informative. However, they do not specify which time lag is optimal for comparison SD1/5D2
in research groups since they suggest an alternative analytic strategy—to test for curvilinearity of
Poincaré plot indices based on the lag.

Another research paper focused on differences in HRV patterns between diabetic and age-matched
healthy control subjects using nonlinear methods [41]. SD1/SD2 was statistically lower in the diabetic
group than in control subjects at all time lags. The slope and curvature for SD1/5SD2 in the diabetic
group were also smaller. In the study of the effect of rotatory acoustic stimulus on the nervous system,
the lagged Poincaré plot analysis showed a significant increase in SD1 and SD1/5D2 at all lags post
stimulation, thus indicating an increase in parasympathetic modulation [61]. A similar effect was
registered under the influence of a hazardous stimulus such as smoking [62].

In our research, we registered a high correlation of SD1 and SD2 with linear measures of RMSSD
and SDSD for all lag numbers from 1 to 10, as was theoretically proved by Brennan [31]. Correlation of
SD1/SD2 ratio with linear measures decreased with the increase of time lag. At/ = 6, the correlation
reached 0.3 and continued to decrease (even though the coefficient was not statistically significant).
Also, SD1/SD2 was tested using surrogate data method, which depicted the vast majority of time
series (69-82%) having the nonlinear component. In our opinion, according to these results, SD1/5D2
may better relate to the nonlinear component of HRV. Regarding the remaining 18-31% of cases with
negated null hypothesis, we could argue that it was due to a methodology flaw such as measurement
inaccuracies and limitations of the surrogates” method itself, as mentioned even by its author [50].

According to many researchers, the increasing activity of the sympathetic nervous system
leads to the changes in HRV nonlinear dynamics; it becomes less complex relative to the balanced
state [22,28,63—66]. Our data suggest that sympathetic activity decreases the SD1/5D2 ratio. This is
caused by uneven decrease in its components—the short-time variability (SD1) decreases more rapidly
than long-time variability (SD2). SD1/SD2 ratio was statistically different between BG and SNG groups
for all lags from 1 to 10. This was expected, since both groups had expressed differences in the
regulation of heart rate. In addition, if SD1 and SD?2 reflect the linear effects of HRV regulation, then
S5D1/5D2 is an indicator of nonlinear processes at different states of the ANS.

The balancing of the autonomic nervous system varies with age. We assumed that there would
be changes in m-lag in different age groups. The more expressed changes in SD1/5D2 between
younger and older subjects was at time lags of 5 and 6. The lowest values were in children, adults,
and then young adults. Earlier research using such nonlinear measures as CD, ApEn, LLE, «s, and «;
provided similar evidence that HRV complexity is lower in children and adults, but higher in young
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adults [67,68]. If we assume that SD1/SD2 captures nonlinear information [38], then our data conforms
to the previous research and provides the evidence that SD1/5D2 is also a complexity measure.

The other model in which we decided to test Poincaré plot measures was hypertension. The reason
for such selection was a known fact that hypertension causes significant decrease in HRV and decreases
total spectral power, especially in the HF range. There is also data supporting changes in nonlinear
dynamics of heart rate in hypertension, especially in lowering the complexity of heartbeat series [69-72].
Makikallio et al. note that generally a healthy person has higher values of entropy compared to that of
a patient with an impaired cardiovascular system [73]. In our research of m-lagged Poincaré plots in
hypertensive patients, SD1 and SD2 differed from healthy persons for all lags, but the SD1/SD2 ratio
has been statistically different only at/ = 5 and 6.

It is also worth mentioning that in all studied groups, the changes of SD1/5D2 depending on the
lag have been nonlinear; the measure initially increased with the time lag and then starting with [ = 6
levelled off. This is an additional argument that there is no need to calculate this ratio for the lags
higher than 6.

In all three models, we could study the different functional states of the autonomic nervous system
characterized by different involvement of its parasympathetic and sympathetic branches. This was
reflected in various changes of linear and nonlinear characteristics of HRV. The Poincaré method is
very simple in its calculations and is easily perceived visually. However, its wide use is tempered by
the lack of standardization. Summarizing the evidence, we could discreetly conclude that SD1/SD2
is not correlated with a linear component of HRV for lag of 5 or 6 heartbeats. Moreover, this index
is more informative in Poincaré plot reconstruction with a time lag of 5 or 6 heartbeats in all three
models. Our recommendation is justified by the fact that at small lags (I < 4) the Poincaré plot index
may not be sensitive enough due to the large autocorrelation function at these lags [38]. At the same
time, the majority of authors do not use ! > 10 since autocovariance functions monotonically decrease
with increasing lag, and the current beat influences only about 6 to 8 successive beats [42]. We also
account for some limitations in our deductions. Firstly, it is a small sample size, which does not allow
for the wide generalization of our results. Secondly, it was not possible to consider gender differences
in our research. Thirdly, our results do not always coincide with other available research conclusions.
We also admit that it could be reasonable to reconstruct Poincaré plots with different time lags for
different pathologies and functional states.
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