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Abstract 

Neurocardiogenic Syncope (NCS) is a temporary loss of 
consciousness due to a global cerebral hypoperfusion 
caused by bradycardia and/or significant hypotension. We 
analyzed the heart rate variability (HRV) of three groups 
during the Tilt-test, in the supine and standing position, 
before hypotension. The groups are: 1) 17 healthy 
individuals, 2) 18 patients with complaint of NCS, but a 
negative Tilt-test and 3) 16 patients with complaint of NCS 
and a positive Tilt-test. There is no significant difference 
for age and anthropometric characteristics among groups 
(5%). We did multifractal analysis by the MFDFA 
technique. We estimated, also, the Largest Lyapunov 
Exponent (LLE), using the Rosenstein algorithm. The loss 
of multifractality, as well as a decrease in the LLE, imply 
less complex system. The multifractal analysis showed no 
difference among groups, in both the supine and in the 
standing position (5%). However, compared to LLE, there 
are differences among groups, in the standing position, but 
not in the supine. There is significant difference between 
the supine and standing position for all groups. Most 
notably, the LLE for groups 2 and 3 are lower than for the 
group 1. In addition, groups 2 and 3 are equal. We 
conclude that in the standing position, there is a reduction 
of complexity of the HRV for patients with NCS (5%). 

1. Introduction

The NCS is a syndrome characterized by transient loss 
of consciousness due to a global cerebral hypoperfusion; it 
is quick start, short duration and spontaneous recovery. It 
is a common clinical condition, with an incidence up to 
35% of the population. It is benign, however, in 30% of 
patients with NCS, the episodes are recurrent and decrease 
their quality of life by restricting the daily activities and 
professional life [1-2]. 

 Are there significant changes in the HRV of patients 
with NCS symptom? 

In this work, we propose to investigate whether 
multifractal analysis, or another nonlinear parameter of 
dynamical systems theory, the LLE, are useful 
mathematical tools to detect changes in the dynamical of 
the heart rate of patients with NCS in order to support the 
medical diagnosis. This is another exploration of nonlinear 
dynamics parameters by our research group [3-9] always 
with a noninvasive goal in mind. 

The time between successive R peaks obtained from 
ECG is called RR interval. The sequence of RR intervals 
forms a time series called RR series, which reveals 
characteristics that to certain scales are approximately 
similar to those of self-similarity processes. Such 
processes are fractals.  

It is possible that the different levels of fractality are 
associated with different states of health. Systems that are 
more complex have degree of multifractality greater than 
the most organized. Multifractal analysis, for example, has 
been used successfully to discriminate healthy individuals 
from patients. As the heart rate has greater complexity in 
healthy individuals, the loss of multifractality points to a 
disease state [8, 10-14]. 

Another important parameter of nonlinear dynamics is 
the Lyapunov exponent. This measures the divergence rate 
(or convergence) of trajectories initially next in a phase 
space and estimates the amount of system sensitivity to 
initial conditions. In addition, a decrease of the LLE is 
considered, also, as an attempt of the system in organize 
itself, which can occur in the presence of some disease [7, 
15-17]. 

Many researchers have developed algorithms to 
estimate the LLE. The Rosenstein algorithm is accurate 
because it takes the advantage of all the available data. We 
calculated the LLE in each RR series based on the 
Roseinstein algorithm [18-21], which allows the 
calculation, on small data sets, which is our case (on 
average, 1211 points in the supine position and 1432 points 
in standing position).  

2. Methods

 

Computing in Cardiology 2016; VOL 43 ISSN: 2325-887X  DOI:10.22489/CinC.2016.290-119 

  



2.1. Subjects and data acquisition 

We studied 51 individuals in these three groups: 1) 17 
healthy subjects (control group), 12 women and 5 men; 2) 
18 patients with negative Tilt-test for NCS, 11 women and 
7 men; and 3) 16 patients with positive Tilt-test for NCS, 
15 women and 1 men. We did not observe a statistically 
significant difference in the comparison of age and 
anthropometric characteristics among individuals in 
groups 1, 2 and 3.  

Each one was subjected to the Tilt-test protocol that 
consisted in these three phases:  

1. Pre-Tilt: the patient lays on a Tilt-table with footrest
for 20 minutes in the supine horizontal position; 2. Tilt: the 
table has tilted to 70 degrees vertically in less than 10 
seconds, with a maximum duration of 45 minutes; it is 
immediately discontinued if the patient presents any sign 
of syncope. In this case, the table quickly returns to the 
horizontal or Trendelenburg position [22]; 3. Post-Tilt: the 
patient returns to the supine horizontal position. The 
phases that were used for data collection were the pre-Tilt 
(supine) and Tilt (standing) - the length of the excerpts 
varies from 1,000 to 1,500 points, prior to syncope.  

The electrical signal of the electrocardiogram (ECG) 
was filtered (high-pass: 100 Hz, low-pass: 0.5 Hz) and 
amplified by a universal bioelectric amplifier (7754A, 
Hewlett Packard, Palo Alto, California, USA). Then, the 
ECG signals are processed by an analog/digital converter 
(DI- 720, DATAQ Instruments, Akron, Ohio, USA) and 
sampled (1000 Hz per channel) through Windaq PRO + 
software (DATAQ Instruments, Akron, Ohio, USA). Files 
with ECG records had processed by the Windaq software, 
able to produce files in text format (ASCII). This process 
allowed the generation of time series with RR interval 
values used in our study. 

2.2. Multifractal analysis 

The MFDFA method [8, 10-14] was applied in Matlab 
code in order to estimate the singularity spectrum D(hq) to 
each RR series. The width of the spectrum given by the 
difference between the maximum and minimum hq (∆hq) 
measures the degree of multifractality in the series. The 
input parameters were: signal = RR series; scale = [6, 8, 
10, …, 64]; q (q-order that weights the local variations) = 
[-5, -4, -3, -2, -1, 0, 1, 2, 3, 4, 5]; m (polynomial order for 
the detrending) = 1.  

2.3. LLE analysis 

The LLE was calculated in C code written by Rainer 
Hegger, based on Roseinstein’s algorithm. This C code 
mentioned was extracted from TISEAN 3.0.1 (Time Series 
Analysis), free software [20]. The input parameters were 
RR series, its corresponding delay (τ) of the Takens [21], 

estimated by the autocorrelation function, embedding 
dimension m = 10; window around the reference point 
which should be omitted t = 100, minimal length scale for 
the neighborhood search r = 0.01 and the number of 
iterations s = 15. Finally, the LLE was estimated by linear 
regression of the logarithm of the stretching factor [18].   

2.4. Statistical analysis 

Once satisfied the conditions of normality, homogeneity 
of variances and independence between samples, we carry 
out the one-way ANOVA to compare the ∆hq and LLE 
among the three groups of subjects in the same position. 

The one-sided t-test for paired samples was used to 
compare the values of ∆hq and LLE in the supine position 
with those in the standing position in each group. 

3. Results

3.1. Results of multifractal analysis 

We observed the singularity spectrum, D(hq), as well as 
the degree of multifractality given by the width of the 
spectrum (∆hq) for each RR series. The average ∆hq in the 
groups are showed in Table 1 with their respective standard 
deviations. 

Table 1. The ∆hq in the groups. 

Group 
Supine 

∆𝐡𝐡𝐪𝐪������         SD 
Standing 

∆𝐡𝐡𝐪𝐪������         SD 
1 0.312 0.237 0.556 0.214 
2 0.395 0.198 0.491 0.210 
3 0.262 0.148 0.441 0.280 

We were able to prove statistically, with degree of 
significance of 5%, that ∆hq is higher in the standing 
position (Table 2). 

Table 2. Comparison of ∆hq in the supine position with the 
standing position. 

Group n p-value 
1 17 0.0052 
2 18 0.0416 
3 16 0.0054 

The Figure 1 shows the spectrum D(hq) in the supine 
position compared with the spectrum in the standing 
position of the same individual. Notice that the parable 
drawn on the lower chart (standing position) is more open 

 

 

  



than the parable on the upper chart, featuring a large 
increase in multifractality [14]. We could observe that for 
all individuals. 

Figure 1.  Multifractal Spectrum of an individual from the 
group 1 in the supine position (upper graph) and in the 
standing position (lower graph).  

However, by the multifractal analysis, we could not 
find statistically significant differences among groups by 
ANOVA, at the level of 5% in the supine position (p-value 
= 0.151) nor in the standing position (p-value = 0.622). 

3.2. Results of LLE analysis 

The Table 3 shows the average LLE in the groups with 
their respective standard deviations. 

Table 3. The LLE in the groups. 

Group Supine 
𝐋𝐋𝐋𝐋𝐋𝐋�����            SD 

Standing 
𝐋𝐋𝐋𝐋𝐋𝐋�����          SD 

1 0.0947 0.0094 0.1210 0.0160 
2 0.0917 0.0072 0.1064 0.0149 
3 0.0906 0.0078 0.1104 0.0154 

We were able to prove statistically that LLE are higher 
in the standing position than in the supine (p-value < 0.01, 
in all comparisons). 

In addition, we might find statistically significant 
differences among groups in the standing position 
(ANOVA, p-value = 0.022 < 0.05). 

Then, we proceed with multiple comparisons in the 
standing position (Table 4). 

Table 4. Multiple comparisons in the standing position 

Comparisons p-value 
1  2 0.004 
1  3 0.031 
2  3 0.229 

Looking at Table 4, we can observe significant 
difference between groups 1 and 2 and between groups 1 
and 3 (5%), but is not significant difference between 
groups 2 and 3. 

However, we could not find statistically significant 
differences among groups in the supine position by 
ANOVA, at the level of 5% (ANOVA, p-value = 0.151). 

4. Conclusions

Looking at the multifractal spectrum of individuals in 
the supine position and comparing them with the spectrum 
in the standing position, we conclude that on average the 
degrees of multifractality are higher in the standing 
position, which implies higher complexity of the system. 
This increase in system complexity in this position was 
also confirmed by the significant increase of LLE.  

However, we found no significant differences in the 
HRV between the groups of individuals by multifractal 
analysis. 

Moreover, in standing position, we can say that the LLE 
is significantly higher for Group 1 (control group) than that 
of group 2 or group 3. Still talking about the LLE, groups 
2 and 3 are statistically equal. 

Now, when compared the groups by LLE in the supine 
position, we did not observe any significant difference 
(5%) among them. This may be due to the small number of 
points. 

Finally, we concluded that there is a tendency of the 
heart rhythm organize itself, which characterizes a 
dynamic disease, when it comes to patients of the groups 2 
and 3. This means that we found changes in heart rate of 
patients with NCS. 

In short, we can investigate if there is signal of the 
disease in patients with NCS complaint, by using the LLE, 
which – it is worth pointing out - is a non-invasive 
procedure. 
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