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Abstract: The physiological signals that are recorded from different parts of the human body have a non-stationary nature and 

the tracking of their dynamics is an interesting research problem. This report examines Heart Rate Variability through the use 

of statistical methods of analysis that are traditionally used to study the functionality of the heart and via Detrended Fluctuation 

Analysis. The use of the technique of Detrended Fluctuation Analysis allows the investigation of short-term and long-term 

correlations in non-stationary Heart Rate Variability series. A study has been made of the changes in the functioning of the 

human heart, depending on the age. The study encompasses healthy individuals in three different age groups. The analysis of 

the obtained results shows a change in the correlated behavior of the investigated signals with an increase in age. 
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Introduction 

Physiological signals, recorded by the human body, are difficult to investigate because of the non-

stationarity of their nature. One of the vital functional systems of the human organism - the 

cardiovascular system - has been the subject of numerous scientific studies in recent years because of 

its key importance for the proper working of the human body. The intervals between adjacent heart beats 

in healthy individuals are not equal, they are constantly changing. This extremely physiological 

phenomenon was discovered by Haller (1757) and it marked as the beginning of interest and studying 

the phenomenon of Heart Rate Variability (HRV). The first results of HRV studies were on fetal records 

and were published in 1963 by Hon and Lee  (1963), as a result of observations on the change in the 

variation between heart rate after stress.  

Tracking of HRV dynamics through various parameters allows for predicting a high probability of death 

in the event of a severe reduction in parameters of HRV (associated with vegetative disorders of heart 

work). The phenomenon of sudden cardiac death can be predicted through Heart Rate Variability. 

Through HRV, various diseases such as cardiovascular disease, blood pressure, diabetes mellitus, and 

others can be investigated. 

In the first HRV studies in the scientific literature, the difference between the minimum and maximum 

cardiac RR intervals, standard RR interval deviation and the analysis of short-term 5-15 minute records 

were calculated. With the invention of the Holter monitor, long-term observation of the activity of the 

cardiovascular system are provided. 

HRV determines the time difference of heart rate intervals and evaluates the causes and 

interrelationships between sympathetic, parasympathetic and humoral regulation of the cardiovascular 

and nervous system. It is possible to assess the various types of stress (mental, physical, etc.) through 

the HRV. 

Heart Rate Variability is an effective observer of the internal system for regulating the human organism. 

The human regulatory system is a dynamic, fast response system that defines the activities of other 

subsystems. HRV is a widespread non-invasive method (Georgieva-Tsaneva, 2018), that can be used in 

medical practice to monitoring the changes (physiological or pathological) of the regulatory system in 

humans. The standard established in 1996 for HRV and cardiovascular disease risk assessment provides 

HRV normative values for healthy individuals and brings together the results of numerous scientific 

studies (Malik, 1996). 

HRV is used for: 

 Assessment of the functional state of the human organism; 

 Exploration of the vegetative balance and neurohumoral regulation of the human; 

 Examination of the body's response to the stress; 

 Investigation of regulation of blood circulation in due to change of external conditions; 

 Creating an individual's health forecast based on the body's functional status, adaptability and 

regulatory mechanism of the individual systems of the human organism. 
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Literature review 

The technology of Detrended Fluctuation Analysis (DFA) is used in the scientific literature to analyze 

correlations in the fluctuations in time signals. The DFA allows for the detection of long-range 

correlations in non-stationary data, such as ventricular fibrillation (Lin et al., 2010); autonomic nervous 

activity (Nakamura et al., 2005; Gronwald et al., 2019); cardiomyopathy (Mahon et al., 2002).  The 

DFA is suitable for the analysis of physiological data as they have a non-stationary nature. In their paper 

Peng et al. (1995) for the first time introduced the method. 

The authors Miao et al. (2006) investigate through DFA differences between normal individuals and 

people with pathologies in cardiovascular function, such as applied DFA to peak intervals. The time 

series HRV are obtained from the cardiological RR intervals (where R is the maximal amplitude in the 

electrocardiogram) and have a non-stationary nature. The authors Krishnam et al. (2005) use the DFA 

to study Heart Rate Variability in children with sleep disturbances during sleep. Golińska (2012) uses 

DFA in his article to distinguish healthy from diseased individuals. 

Acharya et al. (2002) apply the DFA method for ECG signals classifying. Fractal properties in signals 

are explored in the article by Lee et al. (2002). Rojo-Alvarez et al. (2007) present a Lumped Parameter 

Model applying DFA for clinical studies of HRV: sympato-vagal and non-autonomic regulation of the 

nervous system. Yeh et al. (2006) investigated the management functions of the central nervous system 

with cardiological records obtained from healthy volunteers and with records from patients undergoing 

various types of neurosurgery operations; the study shows that the DFA method can distinguish the 

patients studied from healthy individuals. Gospodinov et al. (2016) examined HRV in healthy subjects 

and diabetic patients and found significant differences in the assessed parameters. 

Methodology 

The detrended fluctuation analysis calculates two scaling exponents for time series t(i), with length N 

(i⋲ [1, N]). The method is applied to a short-term series of HRV. The investigated cardiology series is 

integrated using the formula (Valencia, 2009): 

𝑧(𝑛) = ∑ [𝑡(𝑖) − 𝑡𝑎𝑣𝑒]𝑛
𝑗=1 ,   

Where:  

t(i) – cardiological intervals; 

n⋲ [1, N], 

𝑡𝑎𝑣𝑒- an average of the cardiological intervals t(i) in all series. 

The integrated data is divided into sub-series with equal length, in each of which the local trend is 

subtracted and the fluctuations in the resulting series are calculated by (Valencia, 2009): 

𝐹(𝑙𝑒𝑛)=√
1

𝑁
. ∑ [𝑧(𝑛) − 𝑧𝑙𝑒𝑛(𝑛)]2𝑁

𝑛  

len – length of sub-series; 

F(len) – the average fluctuations in sub-series. 

Autocorrelation properties of HRV are well described by applying the DFA and determining a parameter 

labeled with 𝛼. The parameter is determined by relationship on a log-log graph: (Log(F(len) and 

Log(len)). This parameter gives an evaluation of the self-similarity properties of the data under 

investigation, according to Golińska (2012) and Šikner (2015): 

 𝛼 𝜖 (−∞, 0.5) – indicates anti-correlation properties of investigated series; 

 𝛼 =  0.5 – corresponds to Gaussian White Noise, the data is completely uncorrelated; 

 𝛼 𝜖 (0.5, ∞) -  an indication of the presence of positive autocorrelation in the data (>1: correlations 

is not in power-law form); 

 𝛼 𝜖 (0.5,1] - persistent long-range power-law correlations; 

 𝛼 =  1 - corresponds to 𝑡ℎ𝑒 1 𝑓⁄  distribution of the data; 

 α⋲[1, 1.5]- long-range correlations; 

 𝛼 =  1.5 – indicates the presence of a random walk (Brownian noise). 

Correlation properties of HRV in small blocks (length <16) are tested through the parameter  𝛼1 (alfa1), 

and for larger blocks (length >16) with parameter 𝛼2 (alfa2)(according to Leite, 2010).   
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Prior to calculating HRV parameters, artifacts and extrasystoles should be removed from the ECG record 

as they reduce the possibility of spectral analysis of the recording and reduce the likelihood of adequate 

determination of the state of the vegetative regulation of cardiac activity. For this reason, the RR 

intervals obtained from the Holter monitoring (Georgieva-Tsaneva, 2012), are determined by the 

sequence of normal NN intervals by removing the artifacts and extrasystoles.   

In this study the following parameters in the time domain are investigated:  

 The average value of RR intervals (ms); 

 SDNN (ms) – standard deviation of normal to normal intervals; 

 SDANN (ms) - standard deviation of averages normal to normal intervals; 

 RMSSD (ms) - root mean square of the successive differences; 

 pNN50 (%) – percent of intervals of successive NN intervals greater than 50 ms. 

Data 

The investigated data were obtained by means of a Holter monitoring of 24 hour ECG records, an 

approximate number of RR intervals per one day and one night: 90000 beats. 

Long-term 24-hour Holter monitoring studies in 54 healthy subjects (divided into 3 age groups of 18 

individuals) were conducted. 

Statistical analysis 

A Statistical analysis (one-way ANOVA test from summary data) was applied to the obtained 

parameters. A significance level p<0.05 was considered for comparing the results statistically. 

Results 

Table 1 shows the computed statistical data for HRV (MeanRR, SDNN, SDANN, RMSSD, PNN50) 

and the results of the conducted DFA analysis (alfa1 и alfa2) through the averages of the conducted 

surveys. The results obtained are shown as Mean± standard deviation. 

Table 1: Statistical parameters of HRV in healthy individuals 

Age 20-35 36-49 50-65 

Parameter Day  Night  p1 Day Night p2 Day Night p3 

Mean RR (ms) 

 

762.31± 

31.14 

882.26± 

16.42 

*** 

<0.001 

798.44± 

38.11 

889.62± 

54.08 

** 

0.001 

894.86± 

64.06 

949.81± 

51.93 

NS 

(0.063) 

SDNN (ms) 52.43± 

2.23 

58.84± 

3.11 

*** 

<0.001 

59.72± 

2.84 

63.49± 

3.08 

* 

0.016 

49.43± 

3.44 

54.75± 

4.96 

* 

0.018 

SDANN (ms) 

 

84.29± 

1.53 

102.04± 

12.62 

** 

0.001 

74.91± 

4.22 

91.07± 

11.21 

* 

0.013 

76.84± 

9.13 

89.66± 

12.83 

* 

0.027 

RMSSD 

(ms) 

31.87± 

2.44 

36.42± 

3.18 

** 

0.004 

20.06± 

7.24 

28.44± 

8.09 

* 

0.034 

24.76± 

3.07 

26.03± 

4.82 

NS 

(0.514) 

pNN50 (%) 

 

9.66± 

2.04 

10.78± 

2.92 

NS 

(0.36) 

8.56± 

1.06 

10.32± 

3.83 

NS 

(0.113) 

5.9± 

1.1 

6.3± 

0.82 

NS 

(0.395) 

alpha1 0.73± 

0.07 

0.86± 

0.09 

** 

0.004 

0.81± 

0.03 

0.84± 

0.02 

* 

0.024 

0.94± 

0.7 

1.09± 

0.9 

NS 

(0.625) 

alpha2 0.91± 

0.01 

1.08± 

0.02 

** 

0.001 

0.87± 

0.03 

0.92± 

0.05 

* 

0.02 

0.91± 

0.27 

1.12± 

0.18 

NS 

(0.07) 

If p <0.05 – significant value of parameter 

NS – non significant 

* if p<0.05; **if p<0.01;***if p<0.001; 

p1- day/night difference of Group 1 (Age: 20-35); 

p2- day/night difference of Group 2 (Age: 36-49); 

p3- day/night difference of Group 3 (Age: 50-65). 
 

Source: Author 

Studies were carried out on the values of the statistical parameters and the parameters obtained with  

DFA from the day monitoring and night  monitoring for the three observed age groups: group 1 (young 

individuals - 20 to 35 years); group 2 (middle-aged subjects - 36 to 49 years) and group 3 (adult subjects 

- 50 to 65 years). Using the parameter p1 (ANOVA test), the ability to distinguish the tested parameters 

of group 1 during waking (at day) and during sleep (at night) is assessed. The parameter p2 refers to 

group 2; the parameter p3 - to group 3. In the group of young people, almost all indicators vary day / 

night, with significant differences; in the middle group there are differences, but lower p2 values are 
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reported, whereas in the group of the eldest, this difference is greatly reduced (only two SDNN and 

SDANN indicators differ significantly). The pNN50 parameter does not differ significantly in the three 

age groups and cannot be an indicator for distinguishing groups.   

The highest age group (50-65) shows a decrease in SDNN, SDANN, RMSSD; and during the day and 

night in absolute value, RR intervals increased (compared to the youngest age group).  

The two investigated parameters with DFA are alpha1 and alpha2. The numerical values obtained for 

these parameters show significant differences between daily and night values in the younger study group 

(20 to 35 years), differences between daily and night correlations are also reported for the average group 

(smaller than the younger group), while in the oldest group there were no significant differences between 

the daily and night values of alpha1 and alpha2, respectively. This shows lower adaptability of the adults 

to the day-night cycle change. 

Figure 1 shows the DFA results for a healthy young individual. The two investigated parameters are 

alpha1 (shown in cyan color) and alpha2 (shown in red color). The obtained parameters for short 

correlation values are: alpha1 = 0.73 and for long correlation alpha 2 = 0.98.  Figure 1 shows higher 

values for the alpha 2 parameters. 

Figure 1: Detrended Fluctuation Analysis of a young  individual 

 

Source: Author 

 

Figure 2: Detrended Fluctuation Analysis of an old individual 

 

Source: Author 

Figure 2 shows the DFA results for a healthy individual of the third age group. The obtained values for 

the short correlations are as follows: alpha1 = 1.09 and long correlations alpha 2 = 1.12. Figure 2 shows 

that the obtained values of the two parameters alpha1 and alpha2 are almost the same, indicating that as 

the age increases, the short-term and long-term correlations in the HRV series are aligned. 
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The resulting graphical and tabular results show that with the increase in age, the statistical indicators 

of HRV:  Mean RRs are increasing; SDNN, SDANN, RMSSD, pNN50 decreases in the oldest group 

compared to the youngest group. The alpha1 and alpha2 indicators show significant day and night 

differences in the young and middle age group, while there are no significant differences in the age 

group. 

Conclusion 

The paper presents the results of studies performed on the Heart Rate Variability of healthy individuals 

divided into 3 age groups: 20 to 35 years; 36 to 49 years and 50 to 65 years. The purpose of this study 

is to determine the occurrence of changes in HRV with the change in the age of the people. Surveys are 

carried out in the time domain through statistical parameters and with a nonlinear method through the 

application of a Detrended Fluctuation Analysis.  

The investigation was performed on 24 hours of ECG records received via Holter monitoring. The 

results of the youngest group showed significant differences in variability during wakefulness and 

sleeping. Studies on the oldest group show very small differences in daytime and nighttime parameters 

and even a lack of them, indicating a decrease in HRV with increasing age and decreasing the ability of 

the human body to adapt to the day / night transition.   

The research done in the report shows that the Detrended Fluctuation Analysis is a suitable method for 

determining short- and long-term correlations in the cardiology series.  

The presented results in the paper can be used by physicians in their practice to assess age-related 

changes in human individuals.  
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