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a b s t r a c t 

Heart rate variability (HRV) is a non-invasive alternative to analyze the role of the autonomic nervous 

system (ANS) on heart functioning. Many tools have been developed to analyze collected cardiac data. 

Among them, the Central Tendency Measure (CTM) is a quantitative method for variability analysis of RR 

intervals. The values of the CTM must be between 0 and 1 (inclusive) for different radius, which follows 

the intrinsic characteristics of each time series. Using the conventional CTM, the successive differences 

of the time series may be calculated, and it can classify and differentiate the disturbances in the ANS 

involving HRV. This method was extended (e-CTM) to analyze the differences between RR interval time 

series. In this extension, a new parameter is added, which allows analysis of long time intervals, instead 

of successive and adjacent RR intervals. The ability of the e-CTM to differentiate the groups of the RR 

interval time series was verified with 145 RR interval time series divided into three groups: subjects with 

congestive heart failure, healthy subjects, and nurses during one hour of their workday. Results evidence 

that the new parameter added differentiates the group with pathology (and subsequent impairment of 

ANS) and group under stress at work (temporary impairment of ANS). These results suggest that the 

e-CTM is capable of detection long-term variations in the HRV according to the ANS impairment. 

© 2019 IPEM. Published by Elsevier Ltd. All rights reserved. 
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. Introduction 

The autonomic nervous system (ANS) participates incisively in

he homeostasis of the human body functioning including the

eart. Such action passes through structures that send informa-

ion: baroreceptors, chemoreceptors, atrial and ventricular recep-

ors, respiratory system alterations, renin-angiotensin-aldosterone

ystem, and thermoregulatory systems [1] . 

Heart rate variability (HRV) is a non-invasive alternative to an-

lyze autonomic heart action [2] . HRV is based on the time differ-

nce between consecutive heartbeats, that is, intervals between R-

 waves, also known as RR interval time series, where the R wave

epresents ventricular depolarization [3] . The variation among RR

ntervals is an individual phenomenon that may vary according

o certain features, such as age, gender, and circadian time. An
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ndividual can present different HRV at different times or situa-

ions during his/her life. 

While sports practice can raise HRV, rising vagal response in

 group of teenagers [4] , some pathologies, such as diabetes type

 [5] and Chagas disease [3] , lead to reduction of HRV. HRV is

he result of the competitive stimulation between parasympathetic

nd sympathetic of ANS, given a non-linear behavior to the signal

6,7] . Cardiac rhythm in adults may show almost periodic oscilla-

ions, due to its variability similar to complex deterministic nonlin-

ar systems modulated by ANS [8] . To analyze differences in HRV

atterns, some nonlinear methods are used, including First Return

ap [9] , Detrended Fluctuation Analysis [10] , Recurrence Quantifi-

ation Analysis [11–14] , Approximate and Sample Entropy [15–20] ,

nd Central Tendency Measure [21,22] . 

Central Tendency Measure (CTM) is a quantitative measurement

f the times series, where the successive differences in the RR

ntervals are displayed graphically in the second-order difference

lot. This representation of the time series shows the nonlinear

spects of the successive RR intervals and for a sequence of the

ntervals [22] . The CTM can be used to classify and differentiate
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disturbances involving, for example, congestive heart failure from

healthy individuals [23,24] , group of individuals with different

health conditions and ages [22] , healthy from diabetic individuals

[25,26] , diagnosis of coronary artery disease [27] , individuals with

epilepsy [28] , different neurological pathologies as changes in in-

tracranial pressure in the hydrocephalus patients, and electromyo-

graphic signals from opening and closing of the eyes [29,30] . For

different analysis using the RR intervals in long term conditions,

instead of immediately adjacent intervals, the CTM method is ex-

tended. 

This work will introduce the Extended Central Tendency Mea-

sure (e-CTM), which verifies the difference between successive RR

intervals and in distinct time rhythms. A new parameter ( P ) is

added to the conventional method, which can verifying the ability

of ANS to vary the elapsed time of the non-adjacent RR intervals.

In total, 145 RR interval time series are used: 29 from adults with

congestive heart failure [31] , 54 from healthy adults [23] , and 62

from nurses during their hospital routine (divided into two groups:

first hour and fifth hour of their workday). 

The main proposal of this work is to assess the e-CTM and dif-

ferent plots of RR interval time series analysis considering long-

term conditions. To evaluate the new parameter added in the

e-CTM, the intragroup and intergroup comparisons are provided

varying the P for the dataset used. 

2. Material and methods 

2.1. Databases of time series 

In this work, RR interval time series were used from two dif-

ferent datasets: 83 time series from Physionet [23,32–35] (G1) and

62 RR interval time series from a private dataset (G2). The G1 data

were obtained by Holter monitor for 24 h, while the G2 data were

obtained by Polar® (RS800 and V800) monitor for 1 h. The G2

dataset was approved by Brazilian ethic committee under num-

ber 1.345.333. This study follows all ethical principles according to

the research regulative norms and directives involving human be-

ings, resolution 466/2012 of the Brazilian National Health Council

[36] . 

Analysis of these two datasets was divided into four groups: 29

RR interval time series from adults with congestive heart failure

between 34 and 79 years old (group G1.1), 54 RR interval time se-

ries from healthy adults between 30 and 76 years old (group G1.2),

31 RR interval time series from nurses (without diagnosed pathol-

ogy) between 23 and 43 years old during the first hour of their

workday (group G2.1), and 31 RR interval time series from nurses

during the fifth to sixth hour (group G2.2) of their workday. The

subjects in G2 work in critical sectors (Intensive Care Unit – ICU

neonatal, pediatrics, and adult). 

All RR interval time series were filtered using an adaptive fil-

ter described in [37] . The adaptive filter removes the RR interval

less than 350 ms and greater than 1200 ms (not physiological sinus

rhythm for the humans) and replaces the point that is more than

20% different than its adjacent points. Recently, a practical inter-

face (T-RR Filter) was elaborated to facilitate the filtering process

of the considerable amount of data. 

2.2. Extended Central Tendency Measure (e-CTM) 

Central Tendency Measure (CTM) quantifies the variability of

successive RR intervals [38] . The graphic representation of second-

order differences helps analysis of biological systems, hemodynam-

ics, and HRV [21,22,28] . The e-CTM is related to the constant bal-

ance of sympathetic and the parasympathetic nervous system. Ac-

cording to [21] , the second-order plot represented by (RR i + 1 –RR i )

in the x -axis and (RR i + 2 –RR i + 1 ) in the y-axis where each RR i is the
alue of the difference between two RR intervals. The CTM was cal-

ulated by defining a radius r according to the type of time series

nalyzed. 

For e-CTM, a new parameter ( P ) was included in the conven-

ional equation. The P parameter obtains the difference of two RR

ntervals (adjacent or not). This feature allows analysis of the HRV

long time (long-term variability). The e-CTM is calculated as 

 − CT M ( r, P ) = 

∑ N−( 2 P ) 
i =1 

δ( d i ) 

N − ( 2 P ) 

( d i ) = 

{ 

1 i f 
[
( R R i +2 P − R R i + P ) 

2 + ( R R i + P − R R i ) 
2 
]1 / 2 

0 otherwise 

nd P is the new parameter varying from 1 to 5 (inclusive) that

eflects the long-term variability, r is the radius given in ms, N –

2 P ) is the number of differences calculated from time series in

he graph. 

According to our previous work [22] , it is possible to illustrate

he discrimination ability of CTM and the second-order difference

raph from time series elaborated with different variations be-

ween time points. The time series with points spread on the graph

for a specific r ) indicates greater variability, while the e-CTM ( r, P )

alue is lower. When P = 1, the e-CTM is conventional, and when

his value (2–5) is incremented, the long-term variability of the

R intervals is expressed. The e-CTM algorithm was developed in

atlab® and Python languages to compare the performance of the

alculation for long and short time series. 

.3. Statistical analysis 

Statistical descriptive analysis was used to obtain e-CTM ( r, P )

istribution of values. For intragroup and intergroup comparisons

f different e-CTM ( r, P ), variance analysis ANOVA and Tukey post-

est (for Gaussian distribution) or Kruskal–Wallis and Dunn post-

est (for non-Gaussian distribution) were used. To compare data

airs, the t -student or Mann–Whitney tests (non-Gaussian distri-

ution) were employed. Significance level of p > = 0.05 and 95%

onfidence interval were adopted. 

. Results 

.1. e-CTM analysis for long time series 

Fig. 1 illustrates non-filtered and filtered examples of RR inter-

al time series. Fig. 1 (a) and (c) include artifacts, which are not

elated to sinus rhythm. After filtering, ( Fig. 1 (b) and (d)), no visi-

le artifacts are displayed. The filtered RR interval time series were

btained by T-RR Filter. 

Fig. 2 displays the computing time comparison between the . py

nd . m scripts considering long and short time series. The logical

rogramming was equal for both scripts and all parameters P (1–

) used. The CTM ( r, P ) values were obtained from the same con-

itions and computer. For computing time of the long time series,

he .py script required more execution time than .m script consid-

ring some time series ( Fig. 2 (a) and (b)). However, for computing

ime of the short time series, the .py script was faster for all time

eries analyzed compared to .m script ( Fig. 2 (c) and (d)). The com-

utational complexity of the CTM and the e-CTM were similar to

(n) linear. 

Fig. 3 is the scatterplot obtained with different parameter P

rom P = 1–5. The r values used to evidence the scattering were

 = {1, 2, …, 20} with step of 1 ms, and r = {30, 40, …, 150} with

tep of 10 ms. When the r = 150 ms for group G1.1, the e-CTM

 r, P ) reached the maximum value 1 for all values of the P
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Fig. 1. Examples of RR interval time series before and after adaptive filtering: (a) non-filtered time series of adult with congestive heart failure, (b) filtered time series of 

adult with congestive heart failure, (c) non-filtered time series of healthy adult, and (d) filtered time series of healthy adult. 

Fig. 2. Average and standard deviation of the computing time for RR intervals time series of the e-CTM calculation and difference plot considering .py and .m scripts. (a) 

Congestive heart failure (G1.1), (b) healthy adult (G1.2), (c) adults during the first hour of their workday (G2.1), (d) adults during the fifth hour of their workday (G2.1). 
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arameter. However, the scatter plot for G1.2 ( Fig. 4 ) was visu-

lly different according to the P variation, particularly for P = 3, 4,

nd 5. 

The average and standard deviation of the e-CTM ( r, P ) for

roup G1.1 are in Fig. 5 . The saturation of e-CTM ( r, P ) = 1 was

 = 100 ms. The e-CTM (100, 1) was the first to present sat-

ration. Values for e-CTM ( r, P ) had no significant statistical

ifferences. 

Same as the previous group, Fig. 6 shows the e-CTM ( r, P ) values

or healthy individuals (G1.2). When P = 1, the e-CTM ( r, P ) reached

aturation for r = 120 ms. For P = 3, 4, and 5, the e-CTM did not

ave saturation until r = 150 ms. Statistical comparison (ANOVA)

etween e-CTM ( r, P ) values varying parameter P identified statis-

ically significance differences ( p < 0.05) between e-CTM ( r , 1) and

CTM ( r , 2); e-CTM ( r , 1) and e-CTM ( r , 3); e-CTM ( r , 1) and e-CTM

 r , 4); e-CTM ( r , 1) and e-CTM ( r , 5); e-CTM (r, 2) and e-CTM ( r , 3);

-CTM ( r , 2) and e-CTM ( r , 4); eCTM( r , 2) and e-CTM ( r , 5). 
.2. Comparison between groups G1.1 and G1.2 – Physionet data 

Comparative statistical analysis was conducted between individ-

als in G1.1 and G1.2 for each value of e-CTM ( r, P ). The compar-

sons between e-CTM ( r, P = 1), from r = 1 ms ( p < 0.0 0 01) to 70 ms

 p = 0.0277) found statistically significant differences. For the com-

arisons between two groups for e-CTM ( r, P = 2), e-CTM ( r, P = 3),

-CTM ( r, P = 4), and e-CTM ( r, P = 5), all radius from r = 1 ms ( p <

.0 0 01) to r = 150 ms ( p = 0.0031) had statistically significant dif-

erences. Comparisons between these groups proved that the incre-

ent of parameter P can detect differences beyond those obtained

hen P = 1. 

.3. e-CTM analysis for short time series 

Fig. 7 shows the difference plots for G2.1 obtained from varia-

ion of parameter P (from 1 up to 5). The points are more spread
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Fig. 3. Scatterplot for the same individual from group G1.1 varying the parameter P. (a) P = 1, (b) P = 2, (c) P = 3, (d) P = 4, and (e) P = 5. 

Fig. 4. Scatterplot for the same individual of group G1.2 varying the parameter P. (a) P = 1, (b) P = 2, (c) P = 3, (d) P = 4, and (e) P = 5. 
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according to the increment in parameter P . This behavior suggests

that the parameter P can reflect the situation of ANS along time,

instead of the immediate situations. 

For comparison of the e-CTM ( r, P ) values of the all P vari-

ations considering r = 1 ms to 150 ms, the results were signifi-

cantly different ( p < 0.05) for e-CTM ( r , 1) and e-CTM ( r , 3); e-

CTM ( r , 1) and e-CTM ( r , 4); e-CTM ( r , 1) and e-CTM ( r , 5) for
ll r values ( Fig. 8 ). There was statistical difference between e-

TM ( r , 1) and e-CTM ( r , 2) when r varies from 1 ms to 50 ms;

-CTM (r, 2) and e-CTM ( r , 4) for r = 2 ms, 30 ms, 40 ms, 50 ms,

40 ms, and 150 ms. These results reinforce that the variation of

 parameter could also obtain more information regarding HRV

n G2.1 and G2.2, both composed of individuals without apparent

athology. 
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Fig. 5. e-CTM( r, P ) values (varying P = 1 to P = 5) for different radius values for group G1.1 (adults with congestive heart failure). The saturation (e-CTM( r, P ) = 1) was 

r = 100 ms. 

Fig. 6. e-CTM( r, P ) values ( P = 1 to P = 5) for different r values for G1.2 (healthy adults). The saturation of e-CTM( r, P ) = 1 was r = 120 ms. 
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Fig. 9 shows e-CTM values for G2.2. These results were more

iscrepant than the results showed previously, mainly in terms of

aturation. The e-CTM ( r, P ) for P = 3, 4, and 5 did not have the sat-

ration (e-CTM ( r, P ) = 1) at least until r = 150 ms. Same as the pre-

ious group, statistical significance occurred when comparing val-

es of the e-CTM ( r , 1) and e-CTM ( r , 3); e-CTM ( r , 1) and e-CTM

 r , 4); e-CTM ( r , 1) and e-CTM ( r , 5) from r = 1 ms to r = 150 ms.

he values of the e-CTM ( r , 1) and e-CTM ( r , 2) had statistically

ignificant difference only when r = 30 ms; e-CTM ( r , 2) and e-CTM

 r , 5). There was statistically significant difference for r = 2 ms up

o r = 150 ms. 

. Discussion 

From the physiological view, individuals with congestive heart

ailure (G1.1 group) are expected to have reduced HRV, which is
ssociated with high cardiovascular morbidity and mortality, due

o a greater activation of ANS sympathetic branch [39] . Some

uthors [40–42] suggest a predominance of sympathetic activity

ver the sinus node, and others [43–45] elucidate that the sym-

athetic hyperactivity and minor vagal action increase the car-

iac frequency. This feature may lead to vasoconstriction of cap-

llaries and veins with a redistribution of flow. To quantify this

bility of ANS, the e-CTM and its variation ( P = 1–5) corrobo-

ated with decreasing of HRV in this group (G1.1) for short and

ong terms. The e-CTM measurement of G1.1 found no statisti-

al difference, suggesting the ANS was impairment in this specific

roup. 

A different scenario is presented in G1.2, G2.1, and G2.2, which

ere patients without apparent pathology. Studies discuss that

RV in a healthy individual is elevated [46,47] . In this work, such

nformation was reinforced by the statistical analysis conducted on
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Fig. 7. Scatterplot for the same individual from G2.1 (nurses during first hour at their workday) varying the parameter P . (a) P = 1, (b) P = 2, (c) P = 3, (d) P = 4, and (e) P = 5. 

Fig. 8. Average and standard deviation of e-CTM ( r, P ) values considering different r values for the G2.1. 
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the three mentioned groups. The results suggest with e-CTM analy-

sis, considering short- to long-term (variation of parameter P from

1 to 5) HRV, a delay in saturation (e-CTM = 1). For total saturation,

r value must be increased. 

The alteration of the CTM provides the short- and long-term

evaluation of the HRV, indicating that HRV behaves differently in

cardiovascular conditions. Subjects with low variability and impair-

ment of ANS displayed saturation (e-CTM = 1) for small r values in

the short or long term. Consequently, it requires a fewer number of
adiuses to encompass all different RR intervals. For the analysis of

2, G2.1 (first hour of the workday) saturated (e-CTM = 1) before

2.2 (fifth hour of the workday). This result verifies that stress fac-

or and cortisol liberation reduced the HRV [48] . In terms of perfor-

ance of the algorithm, both scripts could be used to highlight the

omputing time of the .py script for analysis of short time series.

he advantage of this script is that Python is an open high-level

rogramming language and does not require many computational
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Fig. 9. e-CTM values for r values for the G2.2. When P = 1, the e-CTM reaches value 1 for r = 60 ms, when P = 2 for r = 140 ms, and for the other P variations e-CTM was not 

reached value 1 until r = 150 ms. 
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. Conclusion 

E-CTM is a prominent tool for short- and long-term analysis

f HRV. More specifically, we provided experimental evidence that

ur metric can distinguish between permanent alteration on ANS

congestive heart failure, for example) and temporary stress factor

during a workday). For the first situation, there was no difference

mong the e-CTM ( r, P ) values including the variation of param-

ter P. However, there was a difference between the e-CTM ( r, P )

alues varying the parameter P for the temporarily stress factor

roup. This result suggests that the environment had a consider-

ble influence on the ANS, which was detected by adding the P

arameter in the extended Central Tendency Measure. The e-CTM

s a useful tool to detect more information in terms of long-term

ariability of HRV. Considering clinical use, this methodology may

e applied outside the sample database. For the future research,

-CTM is a potential tool for real-time analysis considering groups

ith different ANS impairments. 
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