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Abstract  23 

Purpose The impact of 31 hours of total sleep deprivation (TSD) on cardiovascular autonomic 24 

modulation was evaluated in 46 volunteers all professional fire brigade units officers (all men, 25 

mean age=32.11±6.4). 26 

Methods Hemodynamic examination was obtained at baseline and after 31 hours of Total 27 

Sleep Deprivation (TSD). Each measurement period included supine and head-up tilt (HUT) 28 

test response. Continuous beat-to-beat systolic blood pressure (sBP), diastolic blood pressure 29 

(dBP) and mean blood pressure (mBP), heart rate (HR), stroke volume (SV), left ventricular 30 

ejection time (LVET) and cardiac output (CO) were calculated in rest supine position and in 31 

response to HUT. Nonlinear analyses were conducted using Permutation Entropy (PE), 32 

Amplitude Aware Permutation Entropy (AAPE) and Fractal Dimension (FD).  33 

Results Supine increase of HR and decrease in RRI, LVET and entropy of LVET were 34 

observed after 31-h of TSD. Increase in entropy of mBP was indicated by AAPE and PE 35 

methods. Response to HUT, values of spectral analysis of blood pressure (normalized units of 36 

high frequency of sBP and dBP) was altered. Permutation entropy of mBP in response to HUT 37 

were significantly changed after 31-h of TSD.  38 

Conclusions TSD alters autonomic nervous system modulation of cardiac and vascular 39 

functioning while supine and in response to orthostatic stress. TSD resulted in changes in 40 

cardiac and both spectral and two methods of analysis of entropy of blood pressure when 41 

supine. Values of spectral analysis of blood pressure and permutation entropy of mean blood 42 

pressure in response to HUT were significantly changed after 31 h of TSD.   43 

http://www.the-aps.org/mm/Publications/Info-For-Authors/Composition#abstract


 

3 
 

Key words sleep restriction;·permutation entropy;·autonomic nervous system;·complexity 44 

Abbreviations 45 

AAPE Amplitude Aware Permutation Entropy 46 

dBP Diastolic Blood Pressure 47 

FD Fractal Dimension 48 

HFnu@ normalized High Frequency spectral component of @ 49 

HR Heart Rate 50 

HRV Heart Rate Variability 51 

HUT Head Up Tilt 52 

LFnu@ normalized Low Frequency spectral component of @ 53 

LVET Left Ventricular Ejection Time 54 

mBP Mean Blood Pressure 55 

PE Permutation Entropy 56 

RRI Heart Interval 57 

sBP Systolic Blood Pressure 58 

SV Stroke Volume 59 
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TSD Total Sleep Deprivation 60 

  61 
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Introduction  62 

Total sleep deprivation can induce changes in supine heart rate (HR) and blood pressure (BP) 63 

dynamics (Zhong et al. 2005). Initial increase in low frequency and decrease in high frequency 64 

spectral components of heart rate variability (HRV) and later decrease of overall autonomic 65 

nervous system cardiac outflow has been observed in response to Total Sleep Deprivation 66 

(TSD) (Chua et al. 2012). Sleep deprivation is more prevalent in modern societies potentially 67 

contributing to cardiovascular and metabolic disorders (Tobaldini et al. 2017). Potential part of 68 

pathomechanism might lead in alternation of autonomic nervous system (ANS) by TSD 69 

(Tobaldini et al. 2017). TSD is the most commonly used model of sleep deprivation 70 

experienced as part of shiftwork (e.g. truck drivers, medical professions, etc.) (Reynolds, Banks 71 

2010). Therefore, many researchers have focused on examination of impact of the TSD on 72 

ANS function. For example, Zhong et al. (Zhong et al. 2005) investigated cognitive and 73 

autonomic function at several time points during TSD. A gradual increase in the LF component 74 

of HRV execution of cognitive tasks during TSD has been observed (Zhong et al. 2005). 75 

Nevertheless, to our knowledge, only one paper describes differences in the response to HUT 76 

during TSD (Tobaldini et al. 2013). However, Tobaldini et al. used spectral analyses of heart 77 

rate (HRV) and blood pressure variability (BPV) as indicators of ANS functioning. In the 78 

present study, we have decided to use wider range of methods of signal analysis. There are 79 

various commonly known mathematical method in time - domain and frequency - domain 80 

applied for HRV and blood pressure variability (BPV) analysis in order to investigation the 81 

complexity and nonlinearity in cardiovascular signals (Zhong et al. 2005, Tobaldini et al. 82 

2013). Recently various nonlinear algorithms have been developed (entropy, recurrence 83 

methods, fractal dimension (FD), Lapunov exponents) and ect to reveal chaotic or irregular 84 
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dynamics of hemodynamic parameters. Entropy has become widely applied in analysis of 85 

biosignals since 1991, when Pincus proposed the Approximate Entropy as a measure of 86 

cardiovascular signal complexity (Pincus, Huang 1992, Pincus 1995). Nowadays have been 87 

introduced many advanced algorithms for calculating entropy. There is also a large group of 88 

investigators aiming connect the complexity measures of physiological signals to autonomic  89 

nervous system (Barbieri et al. 2017). Following the broad cardiovascular studies about 90 

application of entropy in ECG and blood pressure analysis  we also applied this measure in our 91 

investigations. As a complexity measure of  sBP, dBP, mBP, HR, SV, LVET and CO we 92 

choose permutation entropy (PE)  and Amplitude Aware Permutation Entropy (AAPE) (Brandt 93 

and Pompe 2002, Azami and Escudero 2016). Permutation entropy (PE) has been shown to be 94 

effective in classification of fetal state classification (Frank et al. 2006) and left ventricular 95 

ejection time in response to HUT was evaluated using the fractional shortening method 96 

(Mizumaki et al. 1995). It was suggested (Ravelo-García et al. 2015) that permutation entropy 97 

of HRV signal could be useful in electrocardiogram-based sleep breathing pause detection. 98 

Other researchers (Graff et al. 2015) have found permutation entropy clinically useful in the 99 

identification of patients with cardiodepressive vasovagal syncope. A decrease in PE in 100 

response to HUT in 17 healthy participants was reported (Cysarz et al. 2013). In addition, 101 

application of three methods of entropy evaluation indicated a decrease of complexity caused 102 

by the table inclination during HUT (Porta et al. 2007). The significant  changes in PE 103 

calculated for biosignals recorded during HUT test performed for the patients suffered for VVS 104 

were described previously (Buszko et al. 2017). Inspired by studies mentioned above, we 105 

would like to examine the influence of 31 hours of TSD on hemodynamic parameters, their 106 

values of spectral analysis and 3 non-linear measures in supine and in response to HUT. 107 

Professional firefighters were chosen as a sample due to the high occurrence of healthy, young 108 
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men. According to our knowledge, this is the first study to use those methods in examination 109 

of the TSD influence. 110 

 111 

  112 
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Materials and methods 113 

Study protocol 114 

The examination was performed in the chronobiology laboratory while maintaining constant 115 

conditions (constant routine, temperature 22°C, humidity 60%, light <10 lx). Light intensity 116 

control is crucial due to the known differences in HRV between dim and bright light conditions 117 

during sleep deprivation (Yokoi et al. 2006). Subjects arrived at the laboratory at 07:30 A.M. 118 

after their typical sleep at home the night before (total sleep time, TST=421.2±68.2 min). 119 

Subjects ate the same meals at the same time of the day (8:00, 12:00, 15:00, 19:30). Water (100 120 

ml) was administered at hourly intervals during the protocol. The subjects were cared for by 121 

trained personnel. Reading, writing, talking, and playing games were allowed during the 122 

experiment. Additionally, the device Actigraph GT3X (Actigraph, Pensacola, FL, USA) was 123 

used during the experiment to monitor subjects' sleep deprivation and motor activity (Tweedy 124 

and Trost 2005; Tryon 2004, Santos-Lozano et al. 2013). After a normal night of sleep (the rest 125 

state) subjects underwent training in test procedures. Following arriving in the laboratory at 126 

7:30 hours on Day 2 (Day 1 = normal sleep), volunteers began regular hemodynamic testing 127 

throughout the sleep deprivation period. The next measurement where set on 4 p.m. the next 128 

day (Day 3). 129 

 130 

Study group 131 

Sixty volunteers took part in the study– all were active male fire brigade officers working in 132 

fire brigade units in the Kujawsko-Pomorskie Voivodeship, Poland. N=14 participants were 133 

excluded due to technical problems with data acquisition. Finally, data from 46 participants 134 
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were taken into analysis. The study was approved by the Ethics Committee, Ludwik Rydygier 135 

Memorial Collegium Medicum in Bydgoszcz, Nicolaus Copernicus University, Torun. The 136 

subjects met the following criteria for enrollment into the study group: (a) active service as a 137 

fire brigade officer, (b) positively evaluated health status following a standard comprehensive 138 

physical examination. In addition to giving their voluntary consent to participation in the study, 139 

the main enrollment criteria included sex (males only were chosen to exclude potential role of 140 

menstrual cycle on the outcome), no co-morbidity, no reported low sleep quality (Pittsburgh 141 

Sleep Quality Index <5 (Buysse et al. 1989). Pre-test of the subjects health state assessment 142 

included: the basic neurological, clinical examination, evaluation of the autonomic nervous 143 

system using the Autonomic Symptom Profile (Suarez et al. 1999). Exclusion criteria consisted 144 

of extremely morning/evening chronotype, any caffeine or alcohol taken during the study or 145 

within 12 hours before the test, drugs dependence, participation in sports at competitive level, 146 

receiving any medication/supplements during the study and potential disorders of the 147 

cardiovascular observed during the test experiment. 148 

Baseline values of demographic and physiological parameters of examined group are described 149 

in Table 2.  150 

Table 2. Global characteristic of examined group 151 

 Mean 
Std. 

Dev. 

Median Quartile  

Range 

Age 32.11 6.41 31.5 5 

height [m] 1.8 0.06 1.80 0.08 

weight [kg] 84.11 12.04 82.00 19.00 

BSA 2.03 0.15 2.04 0.24 

BMI 26.01 3.56 25.04 4.97 

HR 60.52 8.57 60.79 10.93 

sBP 126.62 14.96 124.01 20.85 

dBP 79.29 10.6 77.53 16.60 
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mBP 97.3 12.62 94.57 18.18 

The mean age of participants was 32.11±6.4. All of 46 participants completed the whole TSD 152 

protocol, no adverse events were reported.  153 

 154 

Hemodynamic parameters measurement 155 

All data were collected noninvasively by Task Force Monitor (CNS Systems, Gratz, Austria). 156 

Finger blood pressure was measured by the vascular unloading technique (Fortin et al. 1998), 157 

corrected automatically to the oscillometric measured BP on the contralateral arm. Continuous 158 

beat-to-beat systolic blood pressure (sBP), diastolic blood pressure (dBP) and mean blood 159 

pressure (mBP) values were automatically evaluated. The heart rate (HR) was derived from 160 

electrocardiogram (ECG) (sampling frequency: 1000 Hz).Impedance cardiography (ICG) 161 

method was used to calculate the stroke volume (SV), and left ventricular ejection time (LVET; 162 

the time interval from the opening to the closing of the aortic valve [mechanical systole]). 163 

Moreover, based on HR and SV, cardiac output (CO) was calculated. In brief, blood pressure, 164 

heart rate, SV, CO and LVET are indicators of cardiovascular system functioning, which 165 

potentially might be affected by TSD. 166 

Parameters were recorded continuously in a supine position for 15 minutes after stabilization 167 

of the signals. Then, passive head up tilt test (HUT) was performed at 70° angle of inclination, 168 

for 6 minutes. Duration of HUT was chosen based on previous studies (Estévez et al. 2016). 169 

As total hemoglobin concentration in muscles depend on angle of inclination, all HUT tests 170 

were applied with the same parameters (Çotuk et al. 2016). 70° angle of inclination was chosen 171 

according to Newcastle protocol (Kenny et al. 2000). A tilt table with a foot support and 172 
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fastening straps at the knee, hip and chest levels was used to change passively the body position. 173 

Response to HUT in each time point was calculated based on difference between mean value 174 

from rest in supine position and mean value from tilt test. 175 

Data preparation and analysis 176 

Beat-to-beat data were filtered using Grubbs’s test for outliers’ elimination. The software 177 

implemented in TFM assess the heart rate and blood pressure variability in real-time through 178 

implementation of "Adaptive Autoregressive Parameters" (AAR) (Fortin et al. 1998).  Adaptive 179 

parameter identification which obtains weighted values of a sliding exponential or whale 180 

formed window determine the time-variant autoregressive coefficients. Adaptive 181 

autoregressive coefficients derived from hemodynamic parameter are used to calculate the 182 

time-varying power spectrum (Fortin et al. 1998). Autonomic parameters were calculated using 183 

AAR from beat-to-beat RRI using spectral method analysis of the heart rate variability (HRV). 184 

LF (0.04–0.15 Hz) and HF (0.15–0.40 Hz) of the RRI of an ECG complex and sBP (systolic 185 

BP) and dBP (diastolic BP) variability were calculated using autoregressive power spectra 186 

method and expressed in normalized units (Fortin et al. 1998; Camm 1996). The HF (high-187 

frequency) band of the power spectra of RRI is thought to reflect the activity of 188 

parasympathetic branch of ANS, whereas the LF (low-frequency) component of RRI reflects 189 

both the sympathetic and parasympathetic output. The LF/HF ratio power is used as an 190 

indicator of sympathovagal balance (Pagani et al. 1986). Taking into account limitations in 191 

quantifying ANS activity by frequency methods (Karemaker 1997), autonomic modulation of 192 

the sinoatrial node and vasomotion could be described by LF diastolic blood pressure to 193 

HF(RRI) (Pagani et al. 1986; Camm et al. 1996). Normalized units (LFnu and HFnu) are 194 

reported and analyzed.  195 

https://www.cnsystems.com/task-force-monitor
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Permutation Entropy (PE), Amplitude Aware Permutation Entropy (AAPE) and Fractal 196 

Dimension (FD) -theoretical background 197 

The presented analysis of entropy was based on Permutation Entropy (PE) and 198 

Amplitude Aware Permutation Entropy (AAPE) introduced by )Azami and Escudero 2016). 199 

Originally Permutation Entropy (PE) was proposed by (Bandt and Pompe 2002) as a 200 

complexity measure for time series.  The main advantages of PE were simplicity, robustness, 201 

invariance with respect to nonlinear monotonous transformations and extremely fast 202 

calculation. Premutation Entropy belongs to a wide class of ordinal and symbolic methods. It 203 

means that the analysis is not directly based on the values of the analyzed time series but on 204 

the relation between them. The detailed description of the algorithm for PE and discussion 205 

about its properties  is available in (Brandt and Pompe 2002, Li et al. 2018). Here, we briefly 206 

describe the main idea of  PE  calculation.  207 

Given a time series with length 𝑁: 208 

{𝑥𝑖}𝑖=1
𝑁 = {𝑥1, 𝑥2, … , 𝑥𝑁}.                                                                                                        (1) 209 

 Embedding the signal 𝑥𝑖 in a 𝑑 - dimensional space with delay time 𝑙 we obtain a set of 210 

reconstruction vectors: 211 

𝑿𝑡
𝑑,𝑙 = {𝑥𝑡, 𝑥𝑡+1, … , 𝑥𝑡+(𝑑−2)𝑙,𝑥𝑡+(𝑑−1)𝑙},                                                                                (2) 212 

where  𝑡 = 0, 1, 2… , 𝑁 − (𝑑 − 1). Each  𝑿𝑡
𝑑,𝑙

 is arranged in an increasing order as follows: 213 

{𝑥𝑖+(𝑗1−1)𝑙 ≤ 𝑥𝑖+(𝑗2−1)𝑙 ≤ ⋯ ,≤ 𝑥𝑖+(𝑗𝑑−1−1)𝑙 ≤ 𝑥𝑖+(𝑗𝑑−1)𝑙}                                                    (3) 214 

where 𝑗 = 1,… , 𝑑 is the index of the element in the reconstruction vector. Such process, named 215 

symbolization process, allows to obtain ordinal pattern 𝜑𝑖 = {𝑟0, 𝑟1, … 𝑟𝑑−1} that describes each 216 
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vector 𝑿𝑡
𝑑,𝑙

 . The symbolization process yields in d! potential ordinal patterns termed “motifs”. 217 

The relative frequency of occurrence permutation pattern 𝜋𝑘 is as follows:  218 

𝑝(𝜋𝑘) =
∑ 𝛿(𝑁−𝑑+1
𝑖=1 𝜋𝑘′𝜑𝑖)

𝑁−𝑑+1
,                                                                                                                   (4)                                                                             219 

where 𝛿(𝜋𝑘, 𝜑𝑖) is the Kronecker delta function (𝛿(𝜋𝑘, 𝜑𝑖) equal 1 when the ordinal pattern 220 

𝜋𝑘 corresponds to the permutation pattern  𝜑𝑖 and 0 in another cases. 221 

Permutation entropy (PE) is calculated as: 222 

𝑃𝐸(𝑿, 𝑑, 𝑙) = −∑ 𝑝(𝜋𝑖) ∙ ln(𝑝(𝜋𝑖))
𝑖=𝑑!

𝑖=1
.                                                                              (5) 223 

Generally, the higher value of PE is obtained, the more complex dynamical system is 224 

described by the analyzed time series. Maximal value of PE reaches ln(d!) and it occurs when 225 

all patterns are equally probable. It indicates that the signal is completely random. PE is 226 

minimal for strictly monotonic signals (𝑃𝐸 = 0). The normalized PE can be calculated using 227 

the formula: 228 

𝑃𝐸(𝑿, 𝑑, 𝑙) = −
1

ln𝑑!
∑ 𝑝(𝜋𝑖) ∙ ln(𝑝(𝜋𝑖))

𝑖=𝑑!

𝑖=1
.                                                                       (6)                                                                       229 

To obtain reliable PE embedding dimension should be high enough (from the practical point 230 

of view it is recommended choosing d  between 3 and 7 but such to fulfill d! << N ). In our 231 

investigation d was set on 4.  232 

 Permutation Entropy (PE) is very useful and friendly method for calculating entropy 233 

because it is computationally fast, has minimal set of parameters and does not require a long 234 

times series, although it is also suitable for big data sets. Despite the list of advantages is wide, 235 

the estimation of PE according to the procedure described above has two key disadvantages. 236 

Firstly, when only ordinal structure of time series is to be considered, some information might 237 

be missed. The same permutation pattern could have vectors with totally different amplitudes 238 

and average of its element’s values. Secondly, differences between amplitude values might not 239 
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lead to different motifs (Azami and Escudero 2016). To came abovementioned drawbacks over 240 

Azami and Escudero proposed modified version of PE calculation. To address the mentioned 241 

problems they proposed corrections in calculating the relative frequency 𝑝(𝜋𝑘)adding 242 

contributions depending on average absolute amplitude (AA) and relative amplitudes (RA) (Li 243 

et al. 2018). The second issue was eliminated by discrimination between strictly 244 

ascending/descending and only ascending/descending sequences (Azami and Escudero 2016). 245 
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They sum up all contributions coming from motifs representing the same state and divide them 246 

by the number of potential permutation of those states.  247 

The formulas for (AA) and (RA) for vector 𝑿𝑡
𝑑,𝑙

   are: 248 

𝐴𝐴𝑡 =
𝐴

𝑑
∑ |𝑥𝑡+(𝑖−1)𝑙|
𝑑
𝑖=1 ,                                                                                                          (7) 249 

and  250 

𝑅𝑅𝑡 =
1−𝐴

𝑑−1
∑ |𝑥𝑡+(𝑖−1)𝑙 − 𝑥𝑡+(𝑖−2)𝑙|
𝑑
𝑖=2 ,                                                                                    (8) 251 

The formula for relative frequency calculation in AAPE method is: 252 

𝑝∗(𝜋𝑘) =
∑ 𝛿(𝜋𝑘,𝜑𝑡)∙(𝐴∙𝐴𝐴𝑡+(1−𝐴)∙𝑅𝐴𝑡)
𝑁−𝑑+1
𝑡=1

∑ 𝐴∙𝐴𝐴𝑡+(1−𝐴)∙𝑅𝐴𝑡
𝑁−𝑑+1
𝑡=1

,                                                                               (9) 253 

where 𝐴𝜖[0,1].  Depending on the study one can emphasize either the changes of amplitude 254 

values or average of amplitude values. Typically 𝐴 = 0.5 is recommended. 255 

The formula for AAPE calculation is as follow: 256 

𝐴𝐴𝑃𝐸(𝑿, 𝑑, 𝑙, 𝐴) = −∑ 𝑝∗(𝜋𝑖) ∙ ln(𝑝
∗(𝜋𝑖))

𝑖=𝑑!

𝑖=1
.                                                               (10) 257 

The normalized AAPE is: 258 

𝐴𝐴𝑃𝐸(𝑿, 𝑑, 𝑙, 𝐴) = −
1

ln𝑑!
∑ 𝑝∗(𝜋𝑖) ∙ ln(𝑝

∗(𝜋𝑖))
𝑖=𝑑!

𝑖=1
. 259 

The flow chart of the AAPE method is presented on the figure 1. 260 

 261 

 262 

 263 

 264 

 265 

 266 
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267 
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Figure 1. The flow chart for calculating AAPE 268 

     As the  third non-linear method for analyzing the data we have chosen fractal dimension 269 

(FD). Fractal Dimension is commonly known nonlinear parameter applied for analyzing 270 

biosignals especially for EEG analysis (Khoa et al. 2012). There are some algorithms used for 271 

FD assessment like Higuchi algorithm (Higuchi 1988), Kantz (Katz 1988) and Petrosian 272 

algorithm (Petrosian 1995), Burlaga and Klein (Burlaga and Klein 1986) and etc. We calculated 273 

FD for measured signals using Higuchi algorithm (Higuchi 1988) because the calculations of 274 
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FD are performed in the time domain.  The algorithm was explained in detail in (Higuchi 1988). 275 

Here we briefly describe the main idea of the numerical calculations.  276 

 For a time series (1) one construct a new time series according to the formula: 277 

𝑋𝑘
𝑚: 𝑋(𝑚), 𝑋(𝑚 + 𝑘), 𝑋(𝑚 + 2𝑘),… , 𝑋 (𝑚 + int (

(𝑁−𝑚)

𝑘
) ∙ 𝑘),                                         (12) 278 

where 𝑚 = 1,2, … , 𝑘 is initial time and 𝑘 is interval time, int means the integer part of  279 

(
(𝑁−𝑚)

𝑘
). The fractal dimension (FD) is connected with a measure of length 𝐿(𝑘) of each 280 

curve 𝑋𝑘
𝑚 calculated using the formula: 281 

𝐿(𝑘) =
∑ 𝐿𝑚(𝑘)𝑘
𝑚=1

𝑘
,                                                                                                                 (13) 282 

where  283 

𝐿𝑚(𝑘) =
1

𝑘
[(∑ |𝑋(𝑚 + 𝑖 ∙ 𝑘) − 𝑋(𝑚 + (𝑖 − 1) ∙ 𝑘)|

int((
𝑁−𝑚

𝑘
))

𝑖=1
)] ×

𝑁−1

int(
𝑁−𝑚

𝑘
)
.                     (14) 284 

The 𝐿𝑚(𝑘) is not an Euclidean measure of curve’s length but it is the normalized sum of 285 

absolute differences between pairs of points with distance 𝑘.  The fractal dimension (DF) is 286 

related to 𝐿(𝑘) in the following way: 287 

𝐿(𝑘)~𝑘−𝐷𝐹.                                                                                                                        (15) 288 

The least squares linear best fitting procedure is applied  for determining DF. In graphical 289 

interpretation  on doubly logarithmic scale for 𝐿(𝑘) plotted against 𝑘 the  slope of the best 290 
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fitted straight line for the data is equal −𝐷𝐹.  The flow chart for DF calculation is presented 291 

on figure 2. 292 

 293 

 294 
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Figure 2. The flow chart for calculating fractal dimension (DF). 295 

The method of calculating fractal dimension of a time series using  Higuchi algorithm is 296 

available https://www.mathworks.com/matlabcentral/fileexchange/36027-simple-higuchi-297 

fractal-dimension-implementation?focused=5228911&tab=function. 298 

In order to compare the changes of  FD and entropy during experimental procedure the 299 

mentioned measures were evaluated for exactly the same recorded signals. 300 

 301 

 302 

The MATLAB code of Amplitude Aware Permutation Entropy (AAPE) calculation is available 303 

at https://datashare.is.ed.ac.uk/handle/10283/1918 and it was described in detail previously 304 

(Azami and Escudero 2016). The method of calculating fractal dimension of a time series 305 

directly in the time domain is available 306 

https://file.scirp.org/pdf/WSN20100100010_27519619.pdf . To compare signal FD and 307 

entropy changes during experimental procedure FD were evaluated for exactly the same signals 308 

as AAPE. 309 

 310 

Numerical and statistical analysis  311 

Permutation Entropy (PE) and Amplitude Aware Permutation Entropy (AAPE) were 312 

calculated for raw beat to beat data of RRI, HR, dBS, sBP, mBP, LVET, SV and CO time 313 

series. Data were inspected for presence of NaN (Not a Number generated by TFM application 314 

in case the program could not properly establish numerical value of the parameter). Time series 315 

with more than 4 consecutive NaN’s were rejected. For three or less NaN’s spline function 316 

was used to interpolate missing values. Each signal was divided, according to the time 317 

protocol, into two epochs, namely supine rest and HUT. During the HUT test the patient is  318 

https://www.mathworks.com/matlabcentral/fileexchange/36027-simple-higuchi-fractal-dimension-implementation?focused=5228911&tab=function
https://www.mathworks.com/matlabcentral/fileexchange/36027-simple-higuchi-fractal-dimension-implementation?focused=5228911&tab=function
https://datashare.is.ed.ac.uk/handle/10283/1918
https://file.scirp.org/pdf/WSN20100100010_27519619.pdf


 

21 
 

tilted in short time (5s). The signals recorded  in such transient time are too short for 319 

preforming the numerical analyses described above. Therefore the transients phases of the test 320 

were not considered. According to authors (Azami and Escudero 2016) recommendation order 321 

of AAPE (𝑚) was set to 4 (however calculation for all orders between 3 and 7 were conducted) 322 

and the rest of input parameters reminded default values (𝑙 = 1, 𝐴 = 0.5). Signals accepted 323 

for analysis have maximal possible length to fulfill d! << N. 324 

Nonlinear properties of the time series such as signal irregularity could also be assessed by 325 

fractal dimension (FD). FD estimation was based on Higuchi algorithm (Al-Nuaimi, et al. 326 

2017). The calculations of  entropy and fractal dimension were performed with Matlab R2017a. 327 

All statistical analyses were conducted using STATISTICA v.13.1. (StatSoft, Inc. 2014). 328 

Assumption of distribution normality was tested using Shapiro-Wilk W test and by histograms 329 

investigation. If normality assumption was met, repeated measured ANOVA was used to 330 

analyze differences of examined parameters between baseline and 31-h TSD. If not, Wilcoxon 331 

signed-rank test was used. Violin graphs were created with ggstatsplot library (Patil and 332 

Powell, 2018). Red dots connected by red line indicates mean value, horizontal black line inside 333 

the box denotes median value. Green dots before and orange dots after connected by dashed 334 

lines denotes results of individual patients. Shape of violin graph indicates distribution of 335 

results. 336 

 337 

The effect size for ANOVA and Wilcoxon signed-rank tests were calculated  338 

 (Field 2009). 339 

The significance level was set at 𝛼 =0.05. 340 

  341 
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Results  342 

Figure 3 shows sample raw signal from baseline, figure 4 shows sample signal after TSD. Red 343 

dashed vertical line indicates point in time when HUT test starts. 344 

 345 

Figure 3. Sample raw signal during baseline 346 

 347 
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 348 

Figure 4. Sample raw signal after 31-h of TSD 349 

 350 

Significant increase of HR and decrease of RRI were observed in the 31-h of TSD comparing 351 

to the baseline, F(1, 45) = 7.01, p = 0.01, ω2 = 0.0005 and z = 2.29, p = 0.02, r = 0.24, 352 

respectively (Table 3).  353 
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Significant decrease of LVET was observed in the 31-h of TSD comparing to the baseline, F(1, 354 

45) = 19.41, p = 0.00007, r = 0.41.  355 

Statistically significant increase of AAPE(mBP) and PE(mBP) entropy were observed in the 356 

31-h of TSD comparing to the baseline, F (1, 45) = 5.7, p = 0.02, ω2 = 0.0002 and F(1, 45) = 357 

6.2, p = 0.02, ω2 = 0.0002, respectively. Statistically significant differences between baseline 358 

and 31-h TSD in parameters measured in supine are shown of Figure5. 359 

There was no statistically significant differences between baseline and the following time 360 

points of TSD in the rest of parameters (p > 0.05).  361 
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 362 

Figure 5. Differences in baseline vs after 31-h TSD in supine. Red dots connected by red 363 

line indicates mean value, horizontal black line inside the box denotes median value. Green 364 
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dots during baseline and orange dots after 31 hours of total sleep deprivation connected by 365 

dashed lines denotes results of individual subjects. Shape of violin graph indicates 366 

distribution of values.  367 

 368 

Table 3. Physiological parameters during supine. Mean ± SE values are provided in the 369 

baseline. P value is result of repeated measured ANOVA or Wilcoxon signed-rank test 370 

   31- h TSD 

  Baseline Mean±SE Δ 
CI -

95 % 
CI 95 % p 

RRI 1048.83±21.02 45.58 9.49 81.67 0.02 

HR 58.49±1.09 -2.86 -5.04 -0.68 0.01 

sBP 125.84±1.95 -3.22 -7.55 1.1 0.14 

dBP 80.84±1.51 0.34 -2.47 3.14 0.48 

mBP 98.47±1.68 -0.73 -4.15 2.69 0.98 

SV 107.38±3.84 -0.59 -6.8 5.62 0.85 

CO 6.22±0.22 -0.31 -0.74 0.12 0.15 

LVET 323±1.99 8.92 4.84 13 < 0.0001 

LFnu-RRI 57.44±2.06 0.46 -4.27 5.18 0.48 

HFnu-RRI 42.56±2.06 -0.46 -5.18 4.27 0.48 

LF/HF-RRI 1.67±0.14 -0.03 -0.4 0.34 0.58 

LF/HF 1.32±0.12 0.11 -0.19 0.42 0.24 

LFnu-sBP 41.11±1.82 -0.97 -2.03 7.99 0.23 

HFnu-sBP 16.58±1.71 1.72 -6.22 3.05 0.40 

LFnu-dBP 46.29±2.37 8.16 -4.74 7.23 0.10 

HFnu-dBP 14.14±1.7 -4.03 -5.53 4.08 0.59 

FD(RRI) 1.85±0.01 0.03 0 0.05 0.06 

FD(HR) 1.84±0.01 0.03 0 0.05 0.08 

FD(sBP) 1.63±0.02 0 -0.03 0.04 0.82 

FD(dBP) 1.57±0.02 0.01 -0.02 0.05 0.44 

FD(mBP) 1.50±0.01 0 -0.03 0.03 0.89 

FD(SV) 1.70±0.01 0.01 -0.01 0.04 0.33 

FD(CO) 1.82±0.01 0.03 0 0.05 0.07 

FD(LVET) 2.00±0.00 0 -0.01 0.01 0.82 

AAPE(RRI) 2.95±0.02 0 -0.04 0.04 0.95 

AAPE(HR) 2.94±0.02 0 -0.04 0.04 0.94 

AAPE(sBP) 2.92±0.02 -0.01 -0.07 0.04 0.25 
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AAPE(dBP) 2.91±0.03 -0.02 -0.07 0.04 0.29 

AAPE(mBP) 2.68±0.03 -0.07 -0.14 -0.01 0.02 

AAPE(SV) 2.96±0.02 0 -0.04 0.05 0.65 

AAPE(CO) 2.95±0.02 -0.02 -0.05 0.02 0.32 

AAPE(LVET) 3.09±0.01 0 -0.01 0.02 0.57 

PE(RRI) 2.94±0.02 -0.01 -0.05 0.03 0.84 

PE(HR) 2.93±0.02 -0.01 -0.05 0.03 0.75 

PE(sBP) 2.92±0.02 -0.02 -0.07 0.03 0.22 

PE(dBP) 2.91±0.03 -0.02 -0.07 0.03 0.25 

PE(mBP) 2.68±0.03 -0.08 -0.14 -0.01 0.02 

PE(SV) 2.96±0.02 0.01 -0.04 0.05 0.79 

PE(CO) 2.94±0.02 -0.02 -0.06 0.01 0.22 

PE(LVET) 3.09±0.01 0 -0.02 0.02 0.70 

SE- standard error, Δ – difference between mean baseline value and after 31 hours of TSD, CI 371 

– Confidence Interval of the difference between means, RRI – R-R interval, HR – Heart Rate, 372 

sBP – Systolic Blood Pressure, dBP – Diastolic Blood Pressure, mBP – Mean Blood Pressure, 373 

SV – Stroke Volume, CO – Cardiac Output, LVET – Left Ventricular Ejection Time, LF – Low 374 

Frequency,, HF – High Frequency, nu – normalized, FD – Fractal Dimentsion, AAPE – 375 

Amplitude Aware Permutation Entropy, PE – Permutation Entropy 376 

As table 4 shows, significant increase of LFnu-sBP responsiveness to HUT in the 31-h of TSD 377 

(-1.97 during baseline vs -10.69, F = 14.8, p = 0.0004, ω2 = 0.27). HFnu-dBP decrease in 378 

response to HUT after 31-h of TSD (5.94 during baseline vs 6.66 after 31-h TSD Z = 4.16, p = 379 

0.00003, r = 0.43). PE(mBP) responsiveness to HUT tended to decrease in response to HUT in 380 

the baseline and increase to HUT after 31-h of TSD (0.13 during baseline vs -0.07), F = 4.36, 381 

p = 0.04, ω2 = 0.32. Statistically significant differences between baseline and 31-h TSD in 382 

parameters measured in response to HUT are shown of Figure 6. 383 
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 384 

Figure 6. Differences in baseline vs after 31-h TSD in response to HUT. Red dots connected 385 

by red line indicates mean value, horizontal black line inside the box denotes median value. 386 

Green dots during baseline and orange dots after 31 hours of total sleep deprivation connected 387 

by dashed lines denotes results of individual subjects. Shape of violin graph indicates 388 

distribution of values. 389 

 390 
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Table 4. Physiological parameters in response to HUT. Differences between mean value in 391 

supine and during HUT is provided. Mean ± SE values are provided in the baseline. P value is 392 

result of repeated measured ANOVA or Wilcoxon signed-rank test 393 

   31- h TSD 

  Baseline±SE Δ 
CI -95 

% 
CI 95 % p 

RRI 190.05±17.55 -1.20 162.37 220.14 0.84 

HR -13.31±1.14 1.25 -16.65 -12.48 0.22 

sBP -17.70±1.85 -1.83 -17.81 -13.92 0.38 

dBP -22.52±1.45 -0.53 -24.00 -19.98 0.54 

mBP -20.75±1.6 -1.08 -21.53 -17.80 0.54 

SV 28.60±3.32 -1.98 24.64 36.52 0.52 

CO 0.63±0.17 -0.10 0.39 1.07 0.60 

LVET 36.77±2.79 1.07 31.49 39.91 0.61 

LFnu-RRI -16.25±2 2.03 -22.22 -14.34 0.38 

HFnu-RRI -16.25±2 -2.03 14.34 22.22 0.38 

LF/HF-RRI -2.7±0.42 0.30 -3.93 -2.08 0.45 

LF/HF -1.15±0.27 0.47 -2.25 -1.00 0.10 

LFnu-sBP 
-1.97±1.75 

-

10.69 5.18 12.25 0.0004 

HFnu-sBP 3.7±1.21 -0.97 2.09 7.26 0.54 

LFnu-dBP 5.49±1.87 1.28 -1.02 9.43 0.59 

HFnu-dBP 5.94±1.39 6.66 -5.53 4.08 0.00003 

FD(RRI) 0.25±0.02 0.00 0.21 0.29 0.98 

FD(HR) 0.25±0.02 0.00 0.21 0.29 1.00 

FD(sBP) 0.06±0.02 -0.02 0.04 0.11 0.35 

FD(dBP) 0.08±0.02 -0.01 0.05 0.12 0.74 

FD(mBP) 0.01±0.02 -0.03 0.00 0.07 0.14 

FD(SV) 0.07±0.02 0.02 0.01 0.09 0.21 

FD(CO) 0.15±0.02 0.03 0.09 0.15 0.16 

FD(LVET) 0.08±0.01 0.00 0.06 0.10 0.78 

AAPE(RRI) 0.26±0.03 -0.01 0.22 0.34 0.61 

AAPE(HR) 0.27±0.03 -0.01 0.22 0.34 0.79 

AAPE(sBP) 0.22±0.02 0.02 0.15 0.25 0.75 

AAPE(dBP) 0.22±0.04 -0.02 0.19 0.30 0.39 

AAPE(mBP) 0.13±0.03 -0.07 0.13 0.27 0.05 

AAPE(SV) 0.05±0.02 -0.01 0.01 0.11 0.67 

AAPE(CO) 0.13±0.02 0.00 0.10 0.17 0.95 

AAPE(LVET) 0.06±0.02 0.00 0.02 0.09 0.93 

PE(RRI) 0.26±0.03 -0.02 0.22 0.34 0.43 
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PE(HR) 0.26±0.03 -0.02 0.22 0.34 0.59 

PE(sBP) 0.21±0.02 0.01 0.15 0.25 0.98 

PE(dBP) 0.22±0.04 -0.03 0.19 0.30 0.32 

PE(mBP) 0.13±0.03 -0.07 0.13 0.27 0.04 

PE(SV) 0.05±0.02 -0.01 0.01 0.11 0.76 

PE(CO) 0.13±0.02 -0.01 0.10 0.17 0.72 

PE(LVET) 0.06±0.02 0.00 0.02 0.09 0.88 

SE- standard error, Δ – difference between mean baseline value and after 31 hours of TSD, CI 394 

– Confidence Interval of the difference between means, RRI – R-R interval, HR – Heart Rate, 395 

sBP – Systolic Blood Pressure, dBP – Diastolic Blood Pressure, mBP – Mean Blood Pressure, 396 

SV – Stroke Volume, CO – Cardiac Output, LVET – Left Ventricular Ejection Time, LF – Low 397 

Frequency,, HF – High Frequency, nu – normalized, FD – Fractal Dimentsion, AAPE – 398 

Amplitude Aware Permutation Entropy, PE – Permutation Entropy 399 

  400 
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Discussion 401 

In our investigations we denoted statistically significant differences between some recorded 402 

signals in baseline and  after 31-h of TSD. In supine positions we observed  increase of HR and 403 

decrease of RRI and LVET. The  increase of non-linear measures of  mBP  was indicated by 404 

two methods, namely PE and AAPE. In response to HUT, blood pressure values processed by 405 

autoregressive method (normalized units of high frequency of dBP and low frequency of sBP) 406 

was altered. Permutation entropy of mBP in response to HUT was significantly different after 407 

31-h of TSD.  408 

LVET is a widely used parameter in the assessment of the autonomic nervous system in 409 

physiological studies in response to emotional stimuli (Kreibig 2010). Therefore, the observed 410 

increase of supine HR seen in our study with the accompanied decrease of RRI and LVET after 411 

31 hours of TSD could reflect increased sympathetic modulation of heart rhythm during rest in 412 

the supine position. Previous studies (Glos et al. 2014) have observed higher LF/HF ratio 413 

during daytime when under conditions of increasing sleep loss which reflects elevated cardiac 414 

sympathetic modulation. However, what should be underlined, Glos et al. have used standard 415 

deviation of NN intervals and the root mean square of successive differences and 12-pole AR 416 

spectral analysis methods. Moreover, Viola et al. (Viola et al. 2008) have found a similar trend 417 

towards LF/HF increase using similar methods as Glos et al with addition of the percentage of 418 

the number of times consecutive normal sinus (NN) intervals exceeded 50 ms. Additionally, a 419 

steady increase in LF/HF ratio during the performance of a reaction-time task when influenced 420 

by sleep deprivation at multiple time points has been observed (Zhong 2005). Interestingly, 421 

LF/HF was not significantly influenced by TSD in our sample. Moreover, statistically 422 

significant increases in in AAPE (mBP), and PE (mBP)whilst supine were observed after 31-h 423 
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of TSD compared to baseline. This results might imply stability loss of system controlling 424 

blood pressure (Wagner et al. 1996). In our opinion these changes could reflect autonomic 425 

nervous system modulation which extends beyond the influence upon cardiac activity alone. 426 

For example, studies (Jartti et al. 1998) have shown a dose–response effect of terbutaline, an 427 

β2 adrenergic receptor agonist, not only on indicators of cardiac functioning (decreased total, 428 

LF and HF variability and approximate entropy and FD of RRI) but also modulated total and 429 

HF variability and approximate entropy of sBP. Moreover, significant changes of normalized 430 

units of low frequency and high frequency of systolic and diastolic blood pressure, respectively 431 

were observed. In addition, values of PE(mBP) in response to HUT were significantly 432 

influenced by 31 hours of TSD. Interestingly, while all entropy analysis revealed significant 433 

changes of mBP whilst supine in consecutive time points of TSD, only permutation entropy 434 

revealed significant changes in response to HUT along with changes of values of spectral 435 

analysis. Therefore, it could be concluded that permutation entropy could be useful in the 436 

examination of a biosignals response to HUT. Buszko et al. (Buszko et al. 2017) have described 437 

an application of entropy of RRI, sBP, dBP and SV in the diagnosis of vasovagal syndrome. 438 

The loss of complexity of heart rhythm, BP and SV in the pre-syncope phase could be an 439 

indicator of the development of a neuro-cardiogenic reaction (Buszko et al. 2017). In our study 440 

was denoted increase AAPE(mBP) and PE(mBP) whilst supine, there was a significant 441 

decrease in PE(mBP) in response to HUT observed after 31 hours of TSD compared to the 442 

baseline. However, no significant changes in results of FD analysis was noted in supine nor in 443 

response to HUT after TSD. In contrast to the above results, acute physical exercise decreased 444 

results of Higuchi FD analysis of heart rate (Gomes et al. 2017). However, physical exercise is 445 

related to very different pattern of muscle contractions comparing to undergoing HUT, what 446 

induce different cardiovascular system reaction and presumably might explain difference in 447 
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observed results (Kondo et al. 2018, Egesborg et al. 2018). Therefore, it could be assumed that 448 

decreased entropy of biosignals could characterize a pathological reaction to HUT, which could 449 

be also observed in a vasovagal reaction (Buszko et al. 2017) as well as after the 31 hours of 450 

TSD. Turianikova et al. (Turianikova et al. 2011) showed that orthostatic stress alters 451 

autonomic nervous system regulation which could be reflected by changes in entropy, however 452 

these studies did not involve autoregressive method (Turianikova et al. 2011). We would 453 

suggest that studies using linear methods may not be sufficiently sensitive to detect modulation 454 

of ANS.  455 

The participant group included in our study could be considered as homogenous (same-456 

profession, men only) who are used to working in a TSD-environment. Viola et al., have also 457 

investigated a men only group (Viola et al. 2008) in contrast to other studies that have included 458 

mixed groups (Glos et al. 2014; Zhong et al. 2005). Gender differences in the groups examined 459 

could potentially affect the results due to the tendency for higher HRV values in men compared 460 

to women, especially in the relatively young (Bonnemeier et al. 2003), and by the reduced 461 

vulnerability to sleep pressure in men than women (Birchler-Pedross et al. 2009). Interestingly, 462 

it has been shown that male shift-workers have higher LF values during SD than non-shift 463 

workers (Wehrens et al. 2012).  464 

  465 
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Conclusions 466 

TSD alters autonomic nervous system modulation of cardiac and vascular functioning while 467 

supine and in response to orthostatic stress. TSD resulted in changes in cardiac and both 468 

spectral and two entropy analysis of blood pressure when supine. Values of spectral analysis 469 

of blood pressure and permutation entropy of mean blood pressure in response to HUT were 470 

significantly changed after 31 h of TSD. Interestingly, the dynamics of measured parameters 471 

obtained analyzed PE and AAPE was rather similar, therefore it could be concluded that the 472 

changes of complexity of analyzed signals revealed by these methods were consistent during 473 

TSD. 474 

Surprisingly, no statistically significant differences between baseline and the following time 475 

points of TSD were observed in the rest of parameters during supine nor in response to HUT. 476 

It can be concluded that TSD alters autonomic nervous system modulation of functioning of 477 

several organs during supine and while orthostatic stress. Interestingly, differences in pattern 478 

of changes of parameters during TSD were observed between supine and in response to HUT 479 

test. TSD resulted in changes in cardiac and both spectral and nonlinear parameters analysis of 480 

blood pressure during the supine, while in the response to HUT only values of spectral analysis 481 

of blood pressure and permutation entropy of mean blood pressure were altered. Therefore, 482 

used entropy analysis methods gave rather consistent pattern of results in the consecutive time 483 

points of TSD in supine position, while in response to HUT only permutation entropy values 484 

were altered. 485 

  486 
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