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We aimed to evaluate the novel chaotic global techniques of heart rate variability (HRV) analysis during a specific

autonomic test, the mental arithmetic overload test. These are spectral detrended fluctuation analysis and spectral

multi-taper method; in addition to spectral entropy. We analyzed 24 healthy male students—all nonsmokers, aged

between 18 and 22 years old. HRV was analyzed in the following periods: control protocol—the 10-min periods

before the performance of the task and the 5-min periods during the performance of the test. Following tests for nor-

mality; Kruskal–Wallis technique and principal component analysis—it was decided that this type of mental stimu-

lation did not lead to significant changes in any of the seven combinations of chaotic globals. In conclusion, it was

suggested that the time-series be increased to 1000 RR intervals (at least 20 min of electrocardiographic data) and

standard nonlinear methods be introduced in combination with spectral factors as a way of increasing the statisti-

cal significance. VC 2015 Wiley Periodicals, Inc. Complexity 21: 300–307, 2016
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1. INTRODUCTION

T
he RR intervals of the electrocardiographic (ECG)

PQRST waveform can fluctuate in an apparently cha-

otic manner [1]. Methods derived from statistical

mechanics have motivated research in this area [2]. Heart

rate variability (HRV) analysis using standard temporal

separations of the time-series or indeed the new chaotic
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globals techniques [3] is an important emerging field of

study. The assessment of these methods has coined the

term ‘‘dynamical disease study [4].’’ Conventional techni-

ques datasets usually take from days to weeks [5]. Here,

we are applying chaotic global techniques over 256 RR

intervals or approximately 4–6 min.

Detrended fluctuation analysis (DFA) [6–8] and Shan-

non entropy [9–11] are the traditional algorithms to be

applied to time-series. Adaptations of these techniques

include spectral detrended fluctuation analysis (sDFA) [3]

and spectral entropy [12]. Additionally, we assess the spec-

tral multi-taper method (sMTM) [3,13]; which is based on

the variation of the power spectrum due to broadband

noise elevation during a chaotic response.

These techniques have been useful to clinicians assess-

ing conditions when the patient is uncommunicative such

as sleep apnea [14] and surgical patients under anaesthe-

sia [15]. In this sense, cardiac autonomic regulation may

also be tested through autonomic tests such as and men-

tal tasks [16]. These tests are important means of diagnos-

ing autonomic dysfunction [16,17].

Here, we consider subjects undergoing mental stimula-

tion by undertaking mathematical problems. Similar stud-

ies have been assessed in subjects with diabetes mellitus

[13] and childhood obesity [18]. Therefore, this study

aimed to investigate the acute effects of a specific mental

task on the globally chaotic parameters of HRV.

2. METHOD
2.1. Study Population

The subjects were 24 healthy male students—all non-

smokers, aged between 18 and 22 years old. All volunteers

were informed about the procedures and the objectives of

the study and gave written informed consent. All study

procedures were approved by the Ethics Committee in

Research of the Faculty of Sciences of the Universidade

Estadual Paulista, Campus of Marilia (No. CEP-2011-385)

and were in accordance with Resolution 196/96 National

Health 10/10/1996.

Exclusion criteria included body mass index (BMI)

>35 kg/m2; systolic blood pressure> 140 mmHg or diastolic

blood pressure >90 mmHg (at rest); cardiac arrhythmias

(atrial flutter or fibrillation, multiple ventricular or atrial

ectopy, second or third degree atrioventricular block);

smoking, left ventricular dysfunction; reported neurological,

or respiratory disorders; and, relevant auditory disorders.

2.2. Initial Evaluation
Baseline information collected included: age, gender,

weight, height, and BMI. Weight was determined using a

digital scale (W 200/5, Welmy, Brazil) with a precision of

0.1 kg. Height was determined using a stadiometer (ES

2020, Sanny, Brazil) with a precision of 0.1 cm and 2.20 m

of extension. BMI was calculated as weight/height2, with

weight in kilograms and height in meters.

2.3. The Mental Arithmetic Overload Test
The task consisted of continuous mental operations

with two or three digits (i.e., 287 1 24 2 43/3 1 28) for 5

min. The test had to be performed without verbal stimula-

tion. (Supporting Information).

2.4. HRV Analysis
The RR intervals recorded by the portable HR monitor

(with a sampling rate of 1000 Hz) were downloaded to the

Polar Precision Performance program (v.3.0, Polar Electro,

Finland). The software enabled the visualization of HR

and the extraction of a cardiac period (RR interval) file in

‘‘txt’’ format. Following digital filtering complemented with

manual filtering for the elimination of premature ectopic

beats and artefacts, 256 RR intervals were used for the

data analysis. Only series with sinus rhythm greater than

95% were included in the study.

HRV was analyzed during four time periods: the 10-

min period before the test without mental stimulation, the

10-min period before the test with mental stimulation, the

5-min period during the test, and the 5-min period after

the test. The geometric indices of HRV were evaluated. For

calculation of the indices, we used HRV Analysis software

(Kubios HRV v.1.1 for Windows, Biomedical Signal Analysis

Group, Department of Applied Physics, University of Kuo-

pio, Finland).

2.5. Protocol
Data collection was undertaken in the same sound-

proof room for all volunteers; the temperature was

between 21�C and 25�C and the relative humidity was

between 50% and 60%. Volunteers were instructed not to

drink alcohol, caffeine, or other autonomic nervous sys-

tem (ANS) stimulants for 24 h before the evaluation. Data

were collected on an individual basis, always between

18:00 and 21:00 to avoid circadian influences. All proce-

dures necessary for the data collection were explained to

each subject separately, and the subjects were instructed

to remain at rest and avoid talking during the collection.

HRV was analyzed in the following periods: control proto-

col—the 10-min periods before the performance of the task

and the 5-min periods during the performance of the test.

2.6. Chaotic Assessment
Since the time-series are extremely short, we must

apply power spectra to the data. Applying such algorithms

converge faster than computed on interpeak temporal

separations. Precision is increased for any fine detailed

structure when we use Welch method [19] for spectral

entropy or sDFA. The sMTM applies the multi-taper spec-

trum [20,21].
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2.7. Spectral Entropy
Spectral entropy [22,23] is a function of Shannon

entropy. It provides us with a value that characterizes the

probability that different power spectral outputs of length

N occur, where, pi is the probability of being in state i.

Spectral disorder is a function of the irregularity of ampli-

tude and frequency of the peaks in power spectra.

S0 ¼ 2
XN

i¼1

pið Þlog2 pið Þ: (1)

We calculate the power spectrum by Welch’s method

[19] setting the Welch’s method parameters at: sampling

frequency of 1 Hz; zero overlap; a Hamming window with

FFT length of 256 and, no detrending. This output is then

manipulated so that the sum of the magnitude is equal to

unity; giving a normalized power spectrum. From here, we

evaluate Shannon entropy of the frequencies from normal-

ized power spectra. We then calculate an intermediate

parameter which is the median Shannon entropy of the

three different power spectra using the Welch power spec-

tra under three test conditions: (i) a perfect sine wave, (ii)

uniformly distributed random variables, and finally, (iii)

the experimental oscillating signal. These values are then

normalized mathematically so that the sine wave gives a

value of zero, uniformly distributed random variables give

unity, and the experimental signal between zero and unity.

It is this final value that corresponds to spectral entropy.

2.8. sDFA
DFA [7,24] can be applied to datasets where statistics

such as mean, variance, and autocorrelation vary with

time. The difference with the sDFA [3] algorithm is that the

DFA is applied to the frequency rather than time on the

horizontal axis. Regarding DFA according to Donaldson

[25] the time-series of length k was integrated as follows.

yðkÞ ¼
Xk

i¼1

ðxðiÞ2�xÞ: (2)

The integrated time-series was then divided into

equally sized and nonoverlapping windows of length w. A

linear regression line was fitted through the data in each

window and the time-series locally detrended by subtract-

ing the regression line from the data. The root mean

square fluctuation F(w) of the integrated and detrended

time-series was then used to calculate values of w.

FðwÞ ¼ 1

N

XN

k¼1

½yðkÞ2ywðkÞ�2
" #1

2

(3)

The scaling exponent obtained as the slope of the

straight line fit to F(w) against w on a log–log plot as:

FðwÞ / wa: (4)

To obtain sDFA, we calculate the spectral adaptation in

exactly the same way as for spectral entropy using a Welch

power spectrum with the same settings; but DFA rather

than Shannon entropy is the algorithm applied.

2.9. sMTM
sMTM is founded on the elevated intensity of broad-

band noise in power spectra generated by irregular and

chaotic signals. Multi-Taper Method (MTM) is useful for

spectral estimation and signal reconstruction, of a time-

series of a spectrum that may contain broadband and line

components. MTM is nonparametric since it does not

apply an a priori, parameter dependent model of the pro-

cess that generated the time-series under analysis. MTM

reduces the variances of spectral estimates using a small

set of tapers. Data are premultiplied by orthogonal tapers

created to minimize the spectral leakage owing to the

finite length of the time-series. A set of independent

approximations of the power spectrum is calculated.

Functions identified as slepian sequences, or discrete pro-

late spheroidal sequences (DPSS) [26] are a set of func-

tions which optimize the tapers. They are defined as

eigenvectors of a Rayleigh-Ritz minimization problem [27].

sMTM is the area between the MTM power spectrum

and the baseline. We set the parameters for MTM at: sam-

pling frequency of 1 Hz, time bandwidth for the DPSS is

set to 3, FFT length of 256 and, Thomson’s adaptive

TABLE 1

Mean and standard deviation for time-domain indices before (Rest),
during the test (Test) and after the mental arithmetic overload test
(Post test) in the control protocol

Index Rest Test P

SDNN 42 6 11 32 6 2 0.52
RMSSD 22 6 2 24 6 13 0.89
pNN50 7 6 3 10 6 8 0.64
LF (ms2) 946 6 657 511 6 432 0.21
LF (nu) 63 6 9 52 6 11 0.43
HF (ms2) 584 6 533 345 6 215 0.34
HF (nu) 39 6 14 45 6 12 0.43
LF/HF 622 6 122 211 6 152 0.5

SDNN 5 standard deviation of normal-to-normal R�R intervals;

pNN50 5 the percentage of adjacent RR intervals with a difference

of duration greater than 50 ms; RMSSD 5 root-mean square of dif-

ferences between adjacent normal RR intervals in a time interval.

LF 5 low frequency; HF 5 high frequency; LF/HF 5 low frequency/

high frequency ratio; ms 5 milliseconds; nu 5 normalized units;

ms 5 millisecond.

302 C O M P L E X I T Y Q 2015 Wiley Periodicals, Inc.
DOI 10.1002/cplx



nonlinear combination method to combine individual

spectral estimates.

2.10. Chaotic Forward Parameter
The parameter [CFPx 1–7] is referred to as Chaotic For-

ward Parameter for the functions 1 to 7 below where it is

applied to control and mental stimulation (through math-

ematical tasks) datasets. As sDFA responds to chaos in the

opposite way to the others, we subtract its value from

unity when applying here. All three chaotic global values

have equal weighting. [CFPx 1–7] are defined in the stand-

ard way as in Souza [13] and Vanderlei [18]

1 CFPx½ � ¼
"

sEntropy

max sEntropyð Þ

� �� �2

1
sMTM

max sMTMð Þ

� �� �2

1 12
sDFA

max sDFAð Þ

� �� �2
#1

2

2 CFPx½ � ¼ sEntropy

max sEntropyð Þ

� �� �2

1 12
sDFA

max sDFAð Þ

� �� �2
" #1

2

3 CFPx½ � ¼ sEntropy

max sEntropyð Þ

� �� �2

1
sMTM

max sMTMð Þ

� �� �2
" #1

2

4 CFPx½ � ¼ sMTM

max sMTMð Þ

� �� �2

1 12
sDFA

max sDFAð Þ

� �� �2
" #1

2

5 CFPx½ � ¼ 12
sDFA

max sDFAð Þ

� �� �2
" #1

2

6 CFPx½ � ¼ sMTM

max sMTMð Þ

� �� �2
" #1

2

7 CFPx½ � ¼ sEntropy

max sEntropyð Þ

� �� �2
" #1

2

:

(5)

3. RESULTS
3.1. Linear indices of HRV

In Table 1, we observe that there was no significant

change in the linear indices of HRV in the time and fre-

quency domain between control and during the auto-

nomic test.

3.2. Statistical Analysis
Before we analyse the data for significance, we must

test the normal distribution of the data. Parametric statis-

tics assume the data are normally distributed. Therefore,

we use the mean as a measure of central tendancy. If we

cannot normalize the data, we should not compare

means. To test our assumptions of normality, we apply the

Anderson–Darling [28] and Ryan–Joiner [29] tests. The

Ryan–Joiner test is analogous to the Shapiro–Wilk [30,31]

test. The Anderson–Darling test applies an empirical

cumulative distribution function, whereas the Ryan–Joiner

test is a correlation-based test. The tests indicate mainly

non-normal distribution so we apply the Kruskal–Wallis

[32] test of significance. It is referred to as nonparametric.

The most significant combinations of ‘‘chaotic globals’’ are

all except CFP 2 and CFP 3. From control to mathematical

FIGURE 1

The boxplot illustrates the mean values and standard deviation of
CFP for control subjects ECG RR intervals. The mean value is indi-
cated by the (1) symbol in the boxplot. There are 256 RR intervals
across 24 subjects.

FIGURE 2

The boxplot illustrates the mean values and standard deviation of
CFP for the ECGs RR intervals of subjects with mental stimulation
via mathematical tests. Mean values are indicated by the (1) sym-
bol. All 24 subjects have data of length 256 RR intervals.
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mental stimulation, the values for CFP 2 and CFP 7; both

decrease in chaotic response (Figure 1). Therefore, they

can be excluded. CFP 3 increases but it is not statistically

significant. CFP 2 is also not significant by P-value.

CFP 1 and CFP 4 to 6; all increase in chaosity as

expected (Figure 2). They are statistically significant by

nonparametric techniques. For these four combinations,

we have significnace at the level P< 0.2 for all. For the

principal component analysis (PCA; Section 3.3), we need

to assess these combinations of CFP. CFP 4 to 6 all per-

form strongly on the first principal componenet (PC1) but

CFP 1 outperforms these on the second component (PC2).

That aside we recommend that CFP 1 is the most influen-

cial overall. We do not need to assess the third component

(PC3) or higher as the scree plot is steep.

3.3. Principal Component Analysis
PCA [33]; a multivariate statistical technique can be

applied here (See Tables 2 and 3). We have the values of

[CFP] for seven groups for 24 subjects who are undergoing

mental stimulation by mathematical tasks; hence a grid of

7 by 24 to be assessed. The PC1 has a variance (eigen-

value) of 4.4503 and accounts for 63.6% of the total var-

iance. The PC2 has an eigenvalue of 2.5425 accounting for

99.9% of total variance. The second component has a pro-

portion of influence of 36.3%. Therefore, we can assume

that most variance is acheived in the first two

components.

When we observe the results of PCA; and recalling the

Kruskal–Wallis statistical analysis we consider all combina-

tions except CFP 2 and CFP 3. CFP 7 is excluded on the

basis that the chaosity decreases from control to experi-

mental, which is not to be expected. CFP 4 to 6 all per-

form well on the first component, but CFP 1 performs

best on the second component. Since most influence is

based on the first component (63.6%) then we can assume

(excluding CFP 7 as discussed); generally that the best

combinations are those with single spectral parameters

sDFA and sMTM alone. However, previous stuudies indi-

cate that CFP 1 is the most significant overall. The best

balance is acheived in both Kruskal–Wallis and multivari-

ate analysis for CFP 1.

4. DISCUSSION
The mathematical analysis is considered such that it

can be applied appropriately, not only retrospectively but

also in a laboratory and clinical setting—online in real-

time situations. We undertake the analysis for control and

subjects undergoing mental stimulation. The algorithms

compute significance at the level P< 0.2 for all combina-

tions except 2 and 3. CFP 2 and 7 are rejected due to

decreasing chaotic response. PCA indicates that CFP 4 to

6 are most influencial for the PC1 while CFP 1 is much

more influential than the others for the PC2. Only the first

two components are relevant due to the steep scree plot.

Regarding the classical indices, there were no significant

differences for any HRV parameters during metal stress.

Mental task load was shown to induce an autonomic

reaction. Previous studies have reported how mental task

load changes HRV properties, because experimental evi-

dence of an association between autonomic nervous activ-

ity and cardiac regulation has been suggested [18]. Heart

rate commonly enhances during performance of mental

tension. Conversely, it reduces during fatigue [18]. Based

on previous studies that focused on HRV indices in the

time and frequency domain, mental task load reduced the

power of both the low frequency (LF) and high frequency

(HF) [22]. In this context, the LF (0.04–0.15 Hz) compo-

nent of HRV is indicated to represent both sympathetic

and parasympathetic cardiac modulation, with a predomi-

nance of the sympathetic component. The HF (0.2–0.5 Hz)

component of HRV is thought to reflect parasympathetic

nerve tone [18].

In these circumstances, we expected reduced HRV dur-

ing performance of the seleced mental task. Although

some indices almost reached statistical significance, tend-

ing to a reduced parasympathetic modulation of the heart

during the mental stress, we failed to report significant

responses of the global chaotic parameters of HRV to the

mental arithmetic overload test. Several studies only

emphases on mental or physical load, however, only a few

consider both. In this context, HRV has been widely used

to investigate the reaction to mental demands on the ANS

[18]. In our study, HRV was compared between before and

during performance of a specific mental task because HRV

is sensitive to alterations in mental state [34]. Mental

TABLE 2

The table below shows the mean values and standard deviation of
the Chaos Forward Parameters [1�7] for the normal and subjects
undergoing mathematical mental tasks (referred to as ‘‘Math’’) sub-
jects RR intervals

[CFP]

Mean
Control
(n 5 24)

Standard
Deviation
Control

Mean
Math

(n 5 24)

Standard
Deviation

Math
Kruskal�Wallis

(P-value)

CFP 1 0.8776 0.1364 0.8985 0.1218 0.2085
CFP 2 0.6201 0.1175 0.6038 0.1171 0.4394
CFP 3 0.7975 0.1165 0.7988 0.1072 0.7571
CFP 4 0.6914 0.2310 0.7555 0.2175 0.1609
CFP 5 0.3345 0.1683 0.3825 0.1649 0.1975
CFP 6 0.5996 0.1787 0.6461 0.1658 0.1518
CFP 7 0.4579 0.2264 0.3961 0.2249 0.2047

The number of RR intervals is 256. Kruskal�Wallis test of signifi-

cance is applied to results giving a P-value.
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stress is expected to reduce HF power of heartbeat interval

time-series and other indices that correspond to the para-

sympathetic modulation of the heart, such as pNN50 and

RMSSD, as already previously mentioned [35]. Conversely,

we observed no significant changes in those indices

between before, during and after the mental task used in

our study. We may conclude that the single mental arith-

metic overload test does not cause enough stimulation on

HRV; since a previous study indicated that the addition of

mental tasks to a physical computer task does not cause

additional effect on HRV parameters related to autonomic

modulation—showing that the physical demands have a

major influence on HRV responses while the effect of the

mental task is not significant [36].

This study has limitations; spectral entropy and sDFA,

lose phase information. It may be possible to apply these

spectral values in combination with shannon entropy,

DFA, correlation dimension [37–39], approximate entropy

[40–43], Higuchi fractal dimension [44], and sample

entropy [45–47]. Indeed with the exception of the Higuchi

fractal dimension (which is not compatible with power

spectra) these could all be applied as additional spectral

derivatives.

For spectral entropy and sDFA, the Welch power spec-

trum could be replaced by the more sensitive multi-taper

spectrum. The DPSS of the MTM of sMTM could be opti-

mized, and the chaotic global technique parameters could

be weighted as here they are equally weight at unity.

5. CONCLUSION
The results discussed indicate that in these extremely

short time-series the chaotic global techniques are unable

to distinguish between the two data types—control and

mental stimulation. However, it is concluded that the cha-

otic global combination CFP 1 with all three spectral

parameters is the more sensitive to detect changes com-

pared to the seven combinations but only achieves the

level P-value up to 0.2. It is recommended that the time-

series be increased to 1000 RR intervals (at least 20 min of

recordings) and standard nonlinear methods be intro-

duced in combination with spectral factors as a way of

increasing the statistical significance by P-value.
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