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Abstract

:

Background: The Holter electrocardiogram (ECG) provides a long signal that represents the heart’s responses to both autonomic regulation and various phenomena, including heart tissue remodeling. Loss of information is a common result when using global statistical metrics. Method: Breaking the signal into short data segments (e.g., windows) provides access to transient heart rate characteristics. Symbolization of the ECG by patterns of accelerations and/or decelerations allows using entropic metrics in the assessment of heart rate complexity. Two types of analysis are proposed: (i) visualization of the pattern dynamics of the whole signal, and (ii) scanning the signal for pattern dynamics in a sliding window. The method was applied to a cohort of 42 heart transplant (HTX) recipients divided into the following groups: a left ventricle of normal geometry (NG), concentrically remodeled (CR), hypertrophic remodeled (H), and to the control group (CG) consisting of signals of 41 healthy coevals. The Kruskal–Wallis test was used to assess group differences. Statistical conclusions were verified via bootstrap methods. Results: The visualization of the group pattern dynamics showed severely limited autonomic regulations in HTX patients when compared to CG. The analysis (in segments) prove that the pattern dynamics of the NG group are different from the pattern dynamics observed in the CR and H groups. Conclusion: Dynamic pattern entropy estimators tested in moving windows recognized left ventricular remodeling in stable HTX patients.
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1. Introduction


The beat-by-beat series of heart period lengths (RR intervals), obtained from the location of the R peaks in the QRS complexes of the Electrocardiogram (ECG), is a non-invasive signal that monitors human conditions. Heart rate variability (HRV) measures the variation in a set of RR intervals [1,2] to assess the coordination of the autonomic nervous system (ANS), i.e., the balance between the activities of the two branches of the ANS (the vagus and sympathetic branches). A proper balance of these branches is essential for the proper functioning of the cardiac, vascular, and respiratory systems [3,4]. The highest HRV is attributed to young and healthy people as HRV decreases with age [5,6] and diseases [7,8,9,10,11].



It is commonly assumed that decreasing level of the HRV is associated with insufficient vagal inhibition activity together with overactivity of the sympathetic nervous system over a long period of time [12]. But a decreased HRV is observed also in patients with cardiac hypertrophy [10,11]. It has been found that myocardial remodeling, which occurs with age [13] or myocardial infarction disease [14], can lead to drastic fluctuations in the length of the RR interval. The presence of these abnormally high HRV moments increases the risk of fatal arrhythmia events [9,15].



After heart transplantation, the allograft undergoes alterations in the myocardial structure, including cardiac hypertrophy. Left ventricular hypertrophy (LVH) is a form of cardiac hypertrophy that causes the heart muscle to thicken, which leads to an increase in the left ventricular mass (LVM) what may decrease the overall graft survival [16,17,18]. Echocardiography is an essential non-invasive clinical tool used for managing heart transplant (HTX) recipients, from monitoring the post-operative period to surveillance of early and late post-transplant complications [19,20]. It provides accurate information on the graft anatomy and plays a crucial function in monitoring cardiac allograft hypertrophy development. However, since autonomic regulation in HTX patients is altered due to the disruption of direct innervation caused by the surgery, it is hypothesized that some graft dysfunctions may be also identified by HRV [21,22].



In the following, we postulate that the development of LVH contributes to the emergence of abnormal rhythms in HTX patients, so-called erratic rhythms [23,24]. Since these abnormal rhythms tend to be episodic, longer recordings (in terms of hours) should be considered [15,24,25,26,27]. But long signals, such as Holter ECGs, as records of the entirety of events, display the heart’s responses to various phenomena that may occur during the recording period, including abnormal rhythms. These abnormal cardiac rhythms often cause complex variations over time, which have random or incoherent appearances [28]. However, for the most part of HRV measures to be valid, the assumption of stationarity must hold, i.e., there must be stability of statistical properties of signals along time. Thus, the series of RR intervals are excellent examples of non-stationary time series, exhibiting complex behaviors, described mathematically as chaos [3,29,30]. The information characterizing abnormal events is scattered over time. Many HRV measures are unable to disclose such specificity; therefore the assessment, of the rhythm peculiarities remains challenging [30,31].



The proposed method, which we call the dynamical landscape method, results from the symbolic representation of the dynamics of RR intervals. By pattern representation of the heart rate accelerations and decelerations, we move considerations to the discrete data analysis [32,33,34,35], which in the case of heart rhythm signals provides a set of numerically stable tools. These tools, from the estimates of occurrences of time-specific patterns of symbols, discover typical series motifs [30,31,34,36,37]. Then, a schema of Markov chains, i.e., the memoryless dynamics managed by a table of transition probabilities, can be used to quantify the dynamics of typical behavior. Such a simple strategy was effective at discovering surprising patterns in RR intervals in elderly healthy people [38,39] and in HTX recipients many years after HTX [22,40].



Here, irregularities of long, nocturnal RR intervals of HTX patients will be quantified by standard HRV measures together with the fragmentation heart rate metrics [37], i.e., by a group of nonlinear dynamics estimators, which arose from the binary representation of the heart rate as a series of accelerations and decelerations [36]. The dynamical landscape method, thanks to the quantification of accelerations and decelerations according to their size, enlarges the abilities of the binary representation of heart rate events. Such enlarged representation enables the attractive visualization of the heart rhythm dynamics and offers special tools for qualification of the entire heart rhythm.



In order to gain insight into transient time events, we propose considering each signal as a series of short subsequent segments, sliding windows of a fixed size, where metrics of the HRV are estimated individually. The series of HRV values captured instantaneous alterations in HRV [41]. For example, a window with a minimal or maximal heart rate might represent the vagal activity at different stages of sleep [42,43]; a window where the standard deviation (std) of RR intervals is minimal might provide the HRV baseline [44]. Five non-overlapping ten-minute segments of RR intervals, defined by the lowest heart rate, together with random ten-minute segments as the control, were successfully used in a logistic regression classifier to characterize post-traumatic stress disorder [45].



The paper is organized as follows. In Section 2, the method of the dynamical landscape is thoroughly presented. Subsequently, the transformation into dynamic symbolization is described in Section 2.1 and then suitable complexity measures are introduced in Section 2.2 and Section 2.3. In Section 2.4, we describe the population of HTX patients and the healthy coevals as the control group whose signals were used in the method presentation. In this subsection, the echocardiographic measures used in HTX patient classifications are listed together. The practice of applying the method to RR intervals is presented in Section 2.5, Section 2.6 and Section 2.7. Section 3 shows the results split into two parts. The first part, Section 3.1 and Section 3.2, presents visualizations of a RR interval signal for a typical HTX patient and a typical healthy person. The second part, Section 3.3, collects the results obtained from segmented signals of the HTX patients. Section 4 provides a discussion of the results, which are then concluded in Section 5. Moreover, we present visualized graphs of the considered HTX groups in the Appendix. They do not provide strong evidence of differentiation between groups but may be effective when considering more signals.




2. Materialsand Methods


Particular concepts of the dynamical landscape method and discussion over them can be found elsewhere [22,39,46]. However, for the completeness and clarity of this presentation, these concepts are summarized below.



2.1. The Dynamical Landscape Method of ECG Processing


In general, the HRV analysis of an ECG signal consists of three basic steps:




	1.

	
Extraction of R-event time moments from QRS complexes in the acquired ECG recording and their annotation as normal or abnormal;




	2.

	
Preprocessing annotated series of R-event time moments to a signal with normal-to-normal RR intervals, i.e., to a signal with lengths of time intervals between two consecutive heart contractions annotated as normal; in case the resulting RR interval was to short (  R R < 250   ms) or too long (  R R > 3000   ms), the RR interval was replaced by the median of the surrounding 7 RR intervals, i.e., 3 preceding, 3 following, and by itself;




	3.

	
Estimates of HRV on RR intervals by the chosen HRV measures.









To convert RR intervals into symbolic series representing dynamics, these steps need some modifications. In particular, the second step must be defined more precisely.



A series of RR intervals:    { R R }  = { R R  (  t 1 ′  )  , R R  (  t 2 ′  )  , … , R R  (  t   T ′   ′  )  }   complemented with times   {  t ′  :  t 1 ′  ,  t 2 ′  , … ,  t   T ′   ′  }  , i.e., an enumeration of temporal sequences of normal-to-normal   R R   intervals, has to be transformed into a series of RR increments describing accelerations or decelerations between consecutive heart contractions:


   { Δ R R }  = { Δ R R  (  t 1  )  , Δ R R  (  t 2  )  , … , Δ R R  (  t T  )  }  



(1)




where the appropriate time description    { t :  t 1  ,  t 2  , … ,  t T  }  ,   T ≤  T ′   , is formed based on   {  t ′  :  t 1 ′  ,  t 2 ′  , … ,  t   T ′   ′  }   to be sure that any   Δ R R ( t )   from (1) means that   R R ( t )   was directly preceded by   R R ( t − 1 )   and, therefore,   Δ R R ( t ) = R R ( t ) − R R ( t − 1 )   can be calculated.



When the timing enumeration allows detecting a pair of RR increments   ( Δ R R ( t ) , Δ R R ( t + 1 ) )  , or more general, allows for a construction of an L-length pattern   ( Δ R R ( t ) , … , Δ R R ( t + L − 1 ) )  , composed of the consecutive   ( L + 1 )   normal-to-normal RR intervals,   ( R R  (  t ′  − 1 )  , R R  (  t ′  )  , … , R R  (  t ′  + L − 1 )  )  , then a pattern analysis can be performed [31,37,47,48].



The simplest symbolic representation of the series of RR intervals, a binary representation, is given as a series of accelerations,   Δ R R ( t ) < 0  , and decelerations   Δ R R ( t ) ≥ 0  , [32,36]. A significantly larger space of events arises when one takes into account RR increment magnitude.



Let us assume that   Δ 0   is the minimal difference in the symbolization of RR increment magnitude. It denotes that RR increments smaller than   Δ 0   are considered negligible and will therefore be referred to as zero events hereinafter. Thus, any RR increment is represented as a multiple of   Δ 0  ,   l  Δ 0    for some integer l and defines either a deceleration (d) when the multiplier l is positive, an acceleration (a) when the multiplier l is negative, or is the zero event (0). The resulting space of events, denoted   S  Δ 0   , which collects events found in all studied signals, is as follows:


     S  Δ 0     =    { − K  Δ 0  , … , − 2  Δ 0  , −  Δ 0  , 0 ,  Δ 0  , 2  Δ 0  , … , K  Δ 0  }        where       K  Δ 0      =  max k   {   max t    { | Δ R R  ( t )  | } }  k  ,       k    enumerates signals in a study .     



(2)







Thus, the space of events   S  Δ 0    is assumed to be the same for all signals, and bounded by the largest acceleration   − K  Δ 0   , or the largest deceleration   K  Δ 0   , observed across all studied signals.



If the symbolization (2) is applied to RR intervals, then any series of RR intervals becomes a trajectory in the event space   S  Δ 0   . The standard HRV measures of the time domain, for example, the mean heart rate (meanHR), standard deviation of the normal-to-normal heartbeat (SDNN), root mean square of successive differences between normal heartbeat(s) (RMSSD), the percentage of adjacent normal-to-normal intervals that differ from each other by more than 50 ms (pNN50) or by more than 20 ms (pNN20); and of frequency-domain measures, such as power spectrum (PS), very low frequency (VLF), low frequency (LF), and high frequency (HF), can be directly estimated from the numerical interpretation of the used symbols. The ECG recording resolution offers the value   Δ 0  , which leads to the symbolization of the values of a given series, which leads to the largest   S  Δ 0   .



In order to obtain insight into momentary properties a sliding window of a given size (s) is applied. The sliding window of size s splits the symbolized series of RR intervals into a set of consecutive segments consisting of the fixed number (s) of RR intervals. The HRV analysis performed in each window leads to a sequence of values of a given HRV measure. In Figure 1, an example of such sequences is plotted. It presents meanHR, RMSSD, and pNN20 estimated in subsequent segments obtained from a typical HTX patient signal.



The analysis of HRV windowed sequences can be at least twofold. Firstly, one may be interested in segments with a specific value of a given HRV measure. For example, one can focus on segments that correspond to the slowest meanHR, see Figure 1. After extracting a segment with a given property from a recording, the other HRV measures are estimated for that segment as in the routine HRV analysis. Additionally, one can observe how the results change with the window size. On the other hand, the properties of the sequence of HRV values obtained from successive windows can be investigated. For example, the variability or distribution of this series can be studied. However, in the case of a time series, not only the occurrence of a value is interesting, but in what sequence it occurs. There are many complexity measures that can be used to extract the such information [49,50].



All HRV measures which we used here are described in Section 2.7.




2.2. Complexity Measures Used for HRV Assessment


In the case when RR intervals are in binary representation as   { a , d }   only, the basic signal dynamics results from the distribution of probabilities p(d), p(a) that a given event d or a, respectively, is present in a signal. The richer description of the signal dynamics results when an event means a two-element pattern, i.e., two consecutive RR increments:   d d , d a , a d , a a   or, in general, any pattern of length (L) built of successive RR increments. In Costa et al. [37] occurrences of the following combinations of patterns have been found important in discrimination of RR intervals:




	—

	
probability of inflection points:   P I P = p ( a d ) + p ( d a )  ;




	—

	
probability of alternation segments:   P A S = p ( a d a ) + p ( d a d )  ;




	—

	
probability of short segments:   P S S = 1 − p ( a a a ) − p ( d d d )  .









A signal represented in   S  Δ 0    can be quantified similarly to the binary representation, i.e., by probabilities of L-length patterns formed by symbols    Δ i  ∈  S  Δ 0    . Importantly, thanks to the numerical interpretation of symbols, the HRV measures different from probabilities can be considered also. In line with Costa et al.’s [37] observations, the probability distributions of the 1-, 2- and 3- length patterns are of our particular interest. Let us introduce the following notation for them. Let   p ( i )   denote the probability of an event consisting of a single RR increment   Δ i  ,   p ( i , j )   and   p ( i , j , k )   denote patterns consisting of two–three consecutive RR increments   (  Δ i   Δ j  )  ,   (  Δ i   Δ j   Δ k  )  , respectively, with    Δ i  ,  Δ j  ,  Δ k  ∈  S  Δ 0    .



The Shannon entropy (ShE), the most powerful tool to assess the dynamical characteristics of a time series [51,52], is proposed for the quantification of a variety of events in a signal   { Δ R R }  :


  S h E _ 1  (  { Δ R R }  )  = −  ∑  i ∈  S  Δ 0     p  ( i )  ln p  ( i )  .  



(3)







The smaller the probability   p ( i )   is of observing an ith event, the larger the uncertainty, quantified by   − ln p ( i )  , of this event is. By averaging uncertainty over all events of a given RR increment signal   { Δ R R }  , ShE becomes a tool for quantification regularity of the series. If all events are equally probable then the ShE achieves the highest value, which is the logarithm of the size of the event space. In such a case, it is impossible to predict the event and, thus, the system attains its maximum entropy, called the maximum irregularity. In contrast, the series has minimum entropy or minimum irregularity and ShE is zero when all signal values are the same. All values between these two limits indicate the presence of regularity in the system, i.e., stochastic complexity (governed by the distribution of events) and/or deterministic organization of events (driven by couplings to the external sources) [53].



In the case of two or three element patterns, the ShE calculates as follows


  S h E _ 2  (  { Δ R R }  )  = −  ∑  i , j ∈  S  Δ 0     p  ( i , j )  ln p  ( i , j )   










  S h E _ 3  (  { Δ R R }  )  = −  ∑  i , j , k ∈  S  Δ 0     p  ( i , j , k )  ln p  ( i , j , k )  .  











Notice that if RR increments occur in a signal independently of each other then   S h E _ 1 = 2 S h E _ 1   and   S h E _ 3 = 3 S h E _ 1  .



The concept of ShE leads to a set of measures quantifying the dynamics of a stochastic system based on the rate of information generation, i.e., on the conditional probability of observing a given event k when it is known that a given L-length pattern precedes this k event, [50,53]:


  p  ( k |  (  i 1   i 2  …  i L  )  )    where    (  i 1   i 2  …  i L  )   is an L-length pattern   



(4)







Sample entropy (SampEn) [49,54] is proposed to measure whether similar patterns of the series remain close in the next incremental comparison. The pattern similarity is quantified by a distance r between patterns. This distance usually refers to as std of the series values. A small value of SampEn indicates the system is predictive with apparent patterns repeating in the series. A high value of SampEn describes an unpredictable system, where subsequent values are not related to each other. Hence, deterministic organization of signal values is low.



The entropy of transition rates (  S T  ) is used to evaluate the system dynamics as if it is a Markov chain [55]. The difference between   S h E _ 2   and   S h E _ 1   is the best estimator of the   S T   [50].



Self-transfer entropy (sTE), the concept resulting from transfer entropy [56] to measure the coupling between any two interacting systems, is applied to account for the influence of the past on the current action. The sTE can be estimated as follows:


  s T E  (  { Δ R R }  )  = S h E _ 3  (  { Δ R R }  )  − S h E _ 2  (  { Δ R R }  )  −  S T  .  



(5)







If RR increments occur in a signal independently of each other then    S T  = S h E _ 1   and   s T E = 0  , which means that the Markov chain model with the transition matrix driven by the distribution of single actions describes completely the dynamics of RR increments. Thus sTE estimates memory effects that are not encoded in a transition matrix of the Markov chain model.



Partial entropies are proposed to measure the regularity of specific subsets of space of events [46,57]. It is achieved by splitting the ShE Formula (3) into parts which refer to suitable sets of events. For example, the ShE is a sum of the three partial entropies:


  S h E _ 1 = e ( a ) + e ( d ) + e ( 0 )  








of accelerations e(a), of decelerations e(d) and of zero e(0) which are estimated as follows:


  e  ( a )  = −  ∑   i ≡  Δ i  < 0   i ∈  S  Δ 0      p  ( i )  ln p  ( i )  ,  e  ( d )  = −  ∑   i ≡  Δ i  > 0   i ∈  S  Δ 0      p  ( i )  ln p  ( i )  ,  e  ( 0 )  = − p  ( 0 )  ln p  ( 0 )   











Basing on distribution of 2-element patterns built of   S  Δ 0    symbols, the partial entropy of, for example,   a d   pattern, e(ad) is:


  e  ( a d )  = −  ∑   i ≡  Δ i  < 0 ,  j ≡  Δ j  > 0   i , j ∈  S  Δ 0      p  ( i , j )  ln p  ( i , j )  .  



(6)







All other partial entropies of 2-element patterns and 3-element patterns are calculated analogously. Similarly the partial counting indices of 2- 3- element patterns are estimated.




2.3. Visualization of Complexity of RR Increments


The set of probabilities   p ( i , j )   that a given two-element pattern   (  Δ i   Δ j  )   occurs in an RR increment signal can be represented as:




	–

	
probability matrix  P  with elements


  P  ( i , j )  = p  ( i , j )    f o r   i , j ∈  S  Δ 0    



(7)







Thus    ∑  i , j   P  ( i , j )  = 1  .




	–

	
transition matrix T where an element   T ( i , j )   is the probability that increment   Δ j   occurs given increment   Δ i   happened:


  T  ( i , j )  = p  ( j | i )  =   p ( i , j )   p ( i )    in the case  p  ( i )  > 0 ,  0  otherwise   



(8)







Thus    ∑ j  T  ( i , j )  = 1  , and    ∑ i  T  ( i , j )  = p  ( j )   




	–

	
entropic matrices:



 E  matrix of Shannon entropy   S h E _ 2   with elements:


  E ( i , j ) = − p ( i , j ) ln p ( i , j )  in the case  p ( i , j ) > 0 ,  0  otherwise .   



(9)







  S _ T   matrix of entropy of transition rates with elements:


  S _ T  ( i , j )  = − p  ( i , j )  ln   p ( i , j )   p ( i )    in the case  p  ( i , j )  > 0 ,  0  otherwise .   



(10)







 TTE  tensor of self-transfer entropy   s T E   with elements


  T T E  ( i , j )  = −  ∑ m  p  ( h , i , j )  ln   p ( h , i , j )   p ( i , j )    



(11)






   in   the   case   any    p ( h , i , j ) > 0 ,  0  otherwise .   

















The introduced matrices define a network of transitions [33,58]. They define a frame on which the system dynamics might be represented as a stochastic walk. There are many ways to visualize the network of transitions, see, for example, RR intervals represented as a directed graph [39].



In the following, we propose using the method closely related to the Poincaré plot, which is the well-grounded method of visual assessment of RR intervals [59]. In the Poincaré plot, each value of the original time series   R R ( t )   is plotted against the value immediately following   R R ( t + 1 )  . However, in the case when one point on this plot represents many pairs, the information about the point density is lost. By plotting counts of the repeated pairs, the obtained 3D Poincaré plot recovers the lost information [60]. If the arguments   i , j   of matrix P are arranged with increasing  Δ s then the matrix can be visualized as the 3D Poincaré plot where each   P ( i , j )   describes the probability that an event    ( i , j )  =  (  Δ i   Δ j  )    occurs in the signal of RR increments. A similar representation used to visualize the transition matrix  T  and entropic matrices  E  provides the general information of event availability while the system executes the event in question.




2.4. Study Population


Initially, in our retrospective study, we included 76 consecutive adult heart recipients treated in the 1st Department of Cardiology, at our Medical University of Gdansk from 2007 to 2020 year. HTX patients had routine medical care and check-ups according to the standards [61]. In total, 34 (42%) patients were excluded due to factors that might influence HRV and echo analysis, mainly: prolonged periods of arrhythmia, non-sinus rhythm, a history of pacemaker implantation, insufficient Holter monitoring acquisition quality with more than 10% artifacts, poor post-transplantation imaging, echocardiography study quality, or an inadequate acoustic window. Patients with more than one acute rejection or significant proven graft vasculopathy were also excluded.



Finally, the cohort of HTX patients consisted of 42 heart transplantation patients in stable condition during Holter monitoring and echo examinations, without any clinical signs of rejection, infection, or other hemodynamic or clinical instability within 14 months after HTX. For comparison, as the control group, we included 41 Holter signals recorded in healthy volunteers and coevals of the group of patients with HTX. Those participants were males, 35 to 60 years old, with a mean equal to 48 ± 10, without any known cardiac history.



For all HTX patients, the assessment of LVM was performed in agreement with recommendations of the American Society of Echocardiography [16]. All echocardiograms were performed at the First Department of Cardiology, Medical University of Gdansk, following the standardized typical protocol for patients after heart transplant [62], using the Vivid6 and Vivid9 ultrasound system (GE Healthcare, Milwaukee, Wisconsin) at the time of Holter monitoring within 14 months after HTX.



The following quantities were used to differentiate a normal from hypertrophic allograft, see [16] for definitions:




	–

	
LVM, calculated according to the linear `cube’ method formula of Devereux and Reichek;




	–

	
LVMI (LVM index): the ratio of LVM with respect to the body surface area (BSA) to normalize heart mass measurement in subjects with different body sizes;




	–

	
RWT (relative wall thickness): to report the relationship between the wall thickness and ventricle size.









Combining RWT with the value of LVM or LVMI allows specifying the type of geometric pattern as follows [16]. Patients with normal LVM can have either concentric remodeling (CR) if RWT ≥ 0.42, or normal geometry (NG) if RWT < 0.42. Patients with increased LVM can have either concentric hypertrophy (CH) if RWT ≥ 0.42, or eccentric hypertrophy (EH) if RWT < 0.42. Based on that determination, the considered sample cohort was divided into three subgroups:




	NG:

	
when RWT < 0.42 and LVMI <115 g/m   2   in the case of a man and LVMI < 95 g/m   2   in the case of a woman;




	CR:

	
when RWT ≥ 0.42 and LVMI <115 g/m   2   in the case of a man and LVMI < 95 g/m   2   in the case of a woman;




	H:

	
when LVMI ≥115 g/m   2   in the case of a man and LVMI ≥ 95 g/m   2   in the case of a woman, independently of RWT value.









Table 1 provides the demographic and echo characteristics of the HTX cohort. Amongst the 42 HTX recipients, 12 (29%) patients had NG, 22 (52%) patients had CR, and 8 (19%) patients demonstrated H one year after HTX. Two patients of the H group exhibited an EH pattern. There were no differences in systolic or diastolic parameters between the H, CR, and NG groups at the time of the study observation. Stroke volume (SV) and LV ejection fraction (EF) were preserved in all patients. There was a significant difference in LVM between patients in all studied groups, though by LVMI only patients of the H group formed significantly different groups from others. in the case of RWT, the patients of the NG group were found distinct from the remaining groups. The median follow-up time between HTX and echo and Holter monitoring was 6.6 months.




2.5. ECG Signals Processing


For each person, the 24-h ECG Holter monitoring was performed. The ECG signals were digitized using a Del Mar Avionics (Irvine, CA, USA) recorder (Digicorder), and analyzed and annotated using Del Mar Reynolds Sentinel Impresario software. Then, the recordings were screened by visual inspection by an experienced cardiologist. All premature, supraventricular, and ventricular extrasystoles, missed beats, and pauses were thoroughly corrected and annotated correspondingly. Due to the much smaller number of artifacts, only nocturnal parts of the sinus rhythms were selected for further analysis. The sleep hours were selected for each signal individually, according to the day–night transition in the length of RR intervals. A nocturnal period was extracted making sure that hours with the slowest heart rhythm were taken into account. Hours with an overall quantity of normal-to-normal beats of less than 90% were excluded from further analysis.



In the preprocessing step, all annotated perturbations were edited according to the two rules: (i) if a perturbation consisted of less than six abnormal consecutive RR intervals, then these abnormal intervals were replaced by the median estimated from the seven surrounding normal-to-normal RR intervals, four past RR intervals, and three future values; (ii) other perturbations were deleted. All editions were enumerated by the temporal data and then used in the construction of RR increments signals. Ultimately, the signals consisted of 20,000 normal-to-normal RR intervals, accompanied by their time ordering description.



The sampling frequency of ECG was 128 Hz, which set the resolution of RR intervals approximately to 8 milliseconds (ms). Consequently, all values obtained for symbolized RR intervals were multiples of 8 ms, and for the zero increment, we assumed any differences between two consecutive RR interval lengths smaller than    Δ 0  = 8   ms. Moreover, all increments between RR intervals were quantified by 8 ms. We have found that the resolution of 8 ms was fine enough to filter out the noise HRV from the system HRV [57]. All RR interval signals were preprocessed with the symbolization defined by (2) and were represented as a trajectory in the event space   S  8 m s   .




2.6. HRV Measures Estimates


The HRV measures that were applied are listed in Table 2. They are grouped into standard measures and increment pattern measures of symbolized series. The basic data about the HRV were gained from the set of standard HRV indices [1,2] of time-domain measures: the mean of RR intervals in (ms) (meanRR), the meanHR in [beats∖min], the SDNN in (ms), RMSSD in (ms), the pNN50 and pNN20; and frequency measures: power spectrum (PS), very low frequency (VLF), low frequency (LF), and high frequency (HF).



The frequency domain indices were calculated in segments larger than 20 RR intervals by the Lomb–Scargle periodogram using Python libraries [63]. As the frequency analysis relies on signal stationarity, then if the analyzed signal was greater than 450 points, the spectrum was estimated in a sliding window consisting of 450 RR intervals (approximately 5 min) and then averaged over all windows. The following bands were used: (0.15, 0.4) Hz for HF, (0.04, 0.15) Hz for LF, (0.00, 0.04) Hz for VLF. The PS was calculated as the sum HF + LF + VLF.



The pattern measures listed in Table 2 were found assuming symbolization with    Δ 0  = 8   ms, following definitions provided in Section 2.2.




2.7. HRV Analysis of Segmented Signals


The moving window analysis was performed with segments consisting of more than 20 and less than 450 RR intervals. For a given s, each signal was split into equal size segments consisting of s normal-to-normal RR intervals. Then a given HRV measure was calculated in each window separately. The two types of analysis were applied:




	(I)

	
HRV of an individual segment: segments corresponding to the lowest and the greatest value of HR were extracted, and then HRV analysis was performed for each of these special segments only;




	(II)

	
complexity in HRV measure values for a given window size: the variability among the HRV series was investigated by the standard deviation of HRV series and by SampEn to assess whether two similar consecutive L points from a series remain similar if we add the next   ( L + 1 )  th point to each subsequence. The estimates of SampEn were performed assuming   L = 2   and   r = 0.2 ∗ s t d  










2.8. Statistical Analysis of Data


We descriptively analyzed data comparing signals pooled in the healthy and HTX groups: NG, CR, and H. Estimates, database management, statistical analysis, and figures were carried out using Python libraries [63,64,65]. The Shapiro–Wilk procedure was applied to verify the normality of the grouped values. The one-way ANOVA test or the Kruskal–Wallis test, depending on the result of the normality test, was performed in order to detect differences between the NG, CR, and H groups. Dunn’s post hoc test was used when applicable. A p_value ≤ 0.05 was considered statistically significant.



Additionally, the stability of the Kruskal–Wallis test outcomes was validated by the bootstrap method changing the group membership: a randomly chosen signal was dropped and a randomly chosen signal was duplicated. We assumed stability of the outcome if at least 70% of the bootstrap samples proved the same outcome.



For most of the HRV values, the hypothesis about normality was rejected. Therefore, the results are shown with the median and interquartile range. Other continuous data at most display normality and, therefore, are presented with the mean and std error. Categorical data are reported with frequencies.



The transition network characteristics are given in the contour plots of matrices  E ,  T ,  ST , and  TTE . The HRV results of the moving window approach are shown in plots with respect to the window size.





3. Results


3.1. HRV of Whole Signals


In Table 2, one can find that the values of time-domain HRV indices of HTX patients are many times lower than in their healthy coevals. This observation holds for the measures of short-term HRV. For example, one may compare the median and the quartiles of pNN50 obtained from signals of healthy people to the medians and their quartiles estimated from signals of the HTX groups. In the case of pattern measures, the excessive presence of zero events in the signals of HTX patients (p(zero) about 0.4) when compared to the healthy coevals (p(zero) about 0.15) strongly affects the probability of 2–3 element patterns and corresponding entropy measures. However, while patterns of monotonic change,   a a  ,   a a a  ,   d d  , and   d d d   are more likely to appear in the rhythms of healthy people than in people who have HTX, the examined alternating patterns,   a d  ,   d a  ,   a d a  , and   d a d   appear at similar levels in signals of both groups. Significantly higher entropy levels of the alternating patterns obtained from signals of healthy coevals indicate greater variability of these alternating events. All entropic measures of healthy individuals have higher levels than those derived from HTX recipient signals.



The results obtained for the NG group of HTX patients, compared to the CR and H groups, are closer to the results of the healthy coevals. Therefore, for the statistical investigations, in the case of analysis of signals of HTX patients, we used the signals of the NG group as the reference group rather than the signals of their healthy coevals.



The statistical analysis of the studied HRV measures did not provide significant differences between the HTX groups except for p(da), see Table 3. This result was supported in the bootstrap test at 72%. The medians of p(da) in both groups CR and H are lower than in the NG group, the CR group median is significantly lower than in the NG group. Moreover,



	(1)

	
Probability of the no-change event p(zero) is the greatest for the CR group.




	(2)

	
Patterns consisting of two–three elements of alternating a and d, i.e., the probabilities: p(ad), p(da), p(ada), p(dad), and corresponding entropies: e(ad), e(da), e(ada), e(dad), are less prevalent in the series of the CR group than in the other groups.




	(3)

	
Above observations are in agreement with the lowest values of the probability of points-of-inflection PIP = p(ad) + p(da). The entropic measures: ShE_L, L=1,2,3, S_T and sTE attain the lowest values for signals from the CR group.




	(4)

	
The short-term variability measures: pNN20, pNN50, RMSSD display group properties similar to p(da).




	(5)

	
The highest values of the studied pattern measures were attained for signals of the NG group. The frequency domain measures, the long-range variability measure, such as SDNN, and the short-range time-domain measures pNN20, and pNN50 took the highest values for signals of H group.




	(6)

	
In all groups, the medians of S_T were lower than ShE_1 and sTE were significantly greater than 0, which means that the dynamics of changes in RR increments is richer than in a simple Markov chain. The greatest memory effects were revealed in the signals from the NG group, the smallest in the signals from the CR group.







The properties listed above are consistent and, therefore, we can claim that they indicate that HRVs of the CR patients are more reduced than HRVs in HTX patients of the other groups. The signals from the NG group exhibit stronger variability, closer to the variability of healthy coevals, which may reflect the better heart rate flexibility in couplings with other physiological processes.




3.2. Visualization of HRV by Matrices of Dynamical Dependence


The contour plots of matrices  P ,  E ,  T ,   S _ T  , and  TTE  are estimated according to Formulas (7)–(11), and are estimated based on signals of the healthy group and HTX patients, provide eye-catching visuals of the observations described in the previous section. For the completeness of the presentation, the graphs of HTX patients are divided into three groups: NG, CR, and H are shown in Appendix A.



Figure 2 shows the means of probability matrices  P , where two events, i.e.,   Δ i   and then   Δ j  , may occur sequentially in a typical signal of RR increments belonging to the group consisting of a healthy person and a HTX patient. First of all, the difference in the spread of events: from −200 ms to 200 ms in the case of healthy individuals, to −100 ms to 100 ms in the case of HTX patients, should be noted. Moreover, the shape of  P  for healthy persons is similar to a shooting target (in the logarithmic scale) centered around   ( 0 , 0 )  . Matrix  P  of HTX patients resembles an ellipse with a sharp vertex, centered at   ( 0 , 0 )  . The short axes of this ellipse coincide with the identity line; the longer axes are perpendicular to the short ones and coincide with the second diagonal of the XY-plane.



The most probable two-element pattern in  P  is   ( 0 , 0 )   for both groups. However, the mean probability of that event differs much. Its value is about   0.029 ± 0.04   in the case of the group of healthy people and about   0.223 ± 0.013   in the case of HTX recipients (  0.194 ± 0.075   for the NG group,   0.238 ± 0.013   for the CR group, and   0.222 ± 0.027   for the H group, see the appendix for details). The prevailing two-element patterns, the core patterns, are built of symbols   { − 16 , − 8 , 0 , + 8 , + 16 }   in the case of HTX patients. The total probabilities of observing the events in that group were   0.91 ± 0.10   in the NG group signals,   0.96 ± 0.09   in the CR group signals, and   0.95 ± 0.20   in the H group signals. In the case of healthy people, the probability greater than   0.92 ± 0.05   was observed for the events represented by the following symbols   { − 72 , … , − 8 , 0 , + 8 , … , + 72 }  .



Moreover, the dynamics of the heart rate in patients after HTX is asymmetric. Namely, the probabilities of two subsequent accelerations or decelerations of a given size   Δ > 0  , i.e., points of   ( − Δ , − Δ )  ,   ( + Δ , + Δ )   in  P  matrix and alternating patterns of acceleration and deceleration of this size:   ( − Δ , + Δ )  ,   ( + Δ , − Δ )   are rather similar to each other in the case of healthy people but they are significantly different for HTX patients. The specificity of this asymmetry can be learned from probabilities of two subsequent accelerations or decelerations of size 24, i.e.,   ( − 24 , − 24 )  ,   ( + 24 , + 24 )   and alternating patterns of acceleration and deceleration of this size:   ( − 24 , + 24 )  ,   ( + 24 , − 24 )   in the studied groups, namely:


     pattern     healthy     N G     C R    H      ( − 24 , − 24 )      ( 4.6 ± 2.1 )   10  − 3        ( 4.7 ± 4.1 )   10  − 5        ( 3.7 ± 1.8 )   10  − 5        ( 5.8 ± 5.4 )   10  − 6         ( − 24 , + 24 )      ( 5.3 ± 3.2 )   10  − 3        ( 4.3 ± 2.0 )   10  − 3        ( 8.8 ± 1.7 )   10  − 4        ( 1.4 ± 0.5 )   10  − 4         ( + 24 , − 24 )      ( 4.3 ± 2.4 )   10  − 3        ( 4.8 ± 2.0 )   10  − 3        ( 1.7 ± 0.6 )   10  − 3        ( 1.8 ± 0.8 )   10  − 3         ( + 24 , + 24 )      ( 4.5 ± 2.6 )   10  − 3        ( 5.5 ± 3.8 )   10  − 5        ( 3.1 ± 1.6 )   10  − 5        ( 5.6 ± 5.4 )   10  − 6       



(12)







In the case of HTX patients, when   Δ = 24   ms, the alternating patterns are present and about 100 times more likely than monotonic patterns. This feature is not present in the heart rhythms of healthy coevals.



The overall shape of the distribution of Shannon entropy of two-element RR increment patterns resembles the spread and shapes of the probability matrices  P  shown in Figure 2. However, the steepness of the core dynamics, by which we mean events when   Δ ≤ 50  , is weakened, which enhances visualization of dynamical asymmetry in signals of HTX patients. Bearing in mind the different scales used in Figure 3, one can observe the large variability of events in the case of healthy individuals and their restriction in the case of signals from HTX patients. This feature is evidently demonstrated in matrices of transition probabilities  T , see Figure 4.



From Figure 4, we see the distribution of the following events after a given event occurs. The most probable transition, given a system performed 0 RR increment, is the 0 transition, i.e., a transition   0 → 0   takes place. Its mean probability was greater than 0.5 in the case of heart rhythms of HTX recipients and about 0.17 in the group of healthy coevals. The probabilities of transitions in signals of HTX patients emphasized that the studied dynamics not only prefer alternating patterns but is of the damped type: after any acceleration, it is more likely to see a deceleration of the smaller size than other event and vice versa, after any deceleration it is more likely to observe an acceleration of a smaller size. This property is absent in the core dynamics of heart rhythms of healthy individuals. Therefore, in the case of HTX patients, the main shape of the matrix  T  in Figure 4 is arranged along half of the anti-identity line on XY-plane (  y = −  1 2  x  ), while in the case of healthy people, this main shape appears to be insensitive to whether there was acceleration or deceleration.



The two-point distribution of the transition rates   S _ T   shown in Figure 5, is the distribution of the probability matrix  P  entries modulated by the logarithms of transition matrix  T  elements. One can observe the switch in the dynamics after a 0 event in the heart rate dynamics of HTX patients. Now, the peaks of the transition rates concentrate on   ( 0 , 0 )  ,   ( 0 , + 8 )   and   ( 0 , − 8 )   indicating their non-Markovian origin.



Figure 6 argues that the strongest memory effects are revealed at small-magnitude transitions. Namely, in the case of healthy individuals, the memories of past events are related to events after acceleration or deceleration that is smaller than 20 ms, and there is a change of a larger size. In the case of the heart rhythm after a HTX, the strongest memory effect is visible in the case of transitions   0 → ± 8  .




3.3. Segmented Signal HRV Analysis


All segments consisting of 21 to 450 points were found numerically stable in our estimates. However, the statistical analysis of the   p N N 50   segment values occurred unreliable due to the dominance of the zero value. Therefore our considerations omit reporting properties obtained for the   p N N 50   in segments.



In Figure 7, Figure 8, Figure 9 and Figure 10, we show the results of the I-type analysis of the segmented series of HRV, see Section 2.7. The HRV analysis was carried out in one segment extracted from each HRV series: the segment with the maximal SDNN (Figure 7), minimal SDNN (Figure 8), maximal HR (Figure 9), and minimal HR (Figure 10). The plots in the left columns of these Figs display the names of measures against the segment size for which the statistically significant difference between the groups was found. On the right-hand columns of these figures, there are dependencies of the most important HRV measures in the segment sizes, namely there are plots of measures that provide the largest number of segments differentiating the studied groups, differentiated in five segments. Such measures were considered as candidates for group discriminators.



Windows characterized by the maximal SDNN provided the largest set of HRV measures (thirty) differentiating the studied groups; see Figure 7 on the left. For all studied HRV measures, except meanRR and meanHR, there were window sizes s which differentiated the groups. Among them, there were measures that successfully differentiated the groups in small window sizes only, namely when   s < 100  : p(dd), e(dd), sTE, and S_T, contrary to measures pNN20, LF, HF, or RMSSD, which found group differences only in large window sizes, i.e., when   s ≥ 100  .



The largest numbers of window sizes that were successful in group differentiation were obtained for e(ada): 173, p(da): 160, e(da): 156, pNN20: 82 and RMSSD: 80, see plots of the group medians of these HRV measures versus segment size in Figure 7 on the right. For almost all segment sizes, these results were supported by more than 70% simulations of the bootstrap test. The plots show that for the window size   s > 300   the values of HRV measures stabilized. The visible variations around the stable values were due to the fact that the median group values were plotted. Those stable values obtained from the CR group attained the lowest values among the studied groups. It is evident for e    C R   (ada) < e     not  C R   (ada), e    C R   (da) < e     not  C R   (da), and RMSSD    C R    < RMSSD     not  C R   . In the same segment size region, signals representing the NG group reached the highest values, see, e.g., p    N G   (da) > p     not  N G   (da) and e    N G   (da) > e     not  N G   (da).



From the comparison of plots of p(da) and e(da) in Figure 7 on the right we see that variability of   d a   events quantified by entropy better differentiated studied groups than simple counters of these events as the separation between the stable group values is more evident when the segment sizes were large. The CR group was distinguished by stabilization at the lowest values—half of the NG group. There is a switch in the relations between the group stable values when one moves from the small-sized windows to the large-sized windows.



In contrast, the windows in which the signals were characterized by the smallest SDNN values, provided only eleven measures that detected significant differences between the studied groups, see Figure 8. At most, they were related to the power spectrum. However, the p(da) measure gave the largest number of window sizes, i.e., 25, which differentiated the groups. The frequency measures differentiated groups for small window sizes only, and those statistical findings had rather low support from the bootstrap test. As s increased, all group medians stabilized rather fast and at small values. At most, the successes in group differentiation were achieved in small-sized segments. In segments of size   50 < s < 100  , the values   L F   obtained from the group H signals were greater than in the rest of the group signals, i.e., LF   H   > LF     not  H   , which can be useful in clinical practice.



In the case of windows corresponding to the largest HR for a given window size, see Figure 9, we obtained thirty HRV measures differentiating the studied groups. The measures which differentiated in the largest number of segment sizes were e(ad): 112, e(da): 75, e(ada): 73, ShE_1: 44 and sTE: 33. All of them were entropic type measures. Thus, the segments with the highest HR would indicate that the groups were different due to the variability of events rather than by the number of events. The highest values of these measures were attained on signals of the NG group for large segment sizes.



It is worth it to compare the plots of e(da) obtained from segments with max SDNN (Figure 7) to those obtained from segments with max HR (Figure 9) to learn how the complexity of the signals changed when the organism was exposed to different challenges. Although the relationships between the stable group values are similar in both figures, the stable values are different, i.e., lower in the cases of maximum HR segments.



The results, provided by windows where the minimal HR was observed (Figure 10), pointed at VLF as the measure which best differentiated the studied groups. The VLF differentiated the groups into 209 segment sizes, and almost all of those results were supported in the bootstrap test. Stable values of VLF obtained for the NG group were significantly the smallest, VLF    N G    < VLF     not  N G   , which can be used in clinical practice. The p(a) was the next measure differentiating the groups in the case of min HR. That measure found groups different in 55 segment sizes, all of them were of sizes greater than 250. The third plot in Figure 10 on the right is related to p(zero); the group distinction was statistically significant in 14 segments of large sizes. The highest values of p(zero) were found for signals of the CR group.



The complexity of the entire series of the segmented HRV values was evaluated by the std of all values of a given HRV measure obtained in subsequent windows, and by the SampEn of these values. In Figure 11, the results obtained for std are shown, in Figure 12, the results obtained for SampEn are presented.



In the case of value variation estimated by std, Figure 11, the strongest group differentiation was observed for e(ad): 71 segment sizes. However, only 31 were supported by the bootstrap test. The obtained values of std[e(ad)] in different segment sizes showed a stable relationship between the groups: std[e(ad)    N G   ] > std[e(ad)     not  N G   ] and std[e(ad)    C R   ] < std[e(ad)     not  C R   ]. The std[e(ada)] provided a group differentiation in 47 segment sizes, all of them were of size greater than about 40 and smaller than about 200 RR intervals. Moreover, the signals of the H group stabilized in that segment size range, at the highest values, i.e., std[e(ada)   H  ] > std[e(ada)     not  H   ], which could be clinically useful.



The remaining plots in Figure 11 on the right, std[e(dad)] and std[VLF], revealed group differences for 17 and 16 segment sizes, respectively. All of those segments were smaller than 150. For the segment sizes, both plots demonstrate a stable relationship between the variability of measures: std[e(dad)    C R   ] < std[e(dad)     not  C R   ] and std[VLF    N G   ] < std[VLF     not  N G   ].



The relationship between subsequent values in HRV series in segmented HRV series, evaluated by SampEn, gave the group differentiation for many of the investigated measures. The greatest number of segment sizes differentiating the groups were observed for the following HRV series: SampEn[p(a)]: 87, SampEn[p(ad)]: 71, SampEn[PIP]: 55, SampEn[p(zero)]: 49, and SampEn[e(da)]: 36, see Figure 12 on the left for the whole list. These window sizes were scattered over the studied range of window sizes, which could indicate that observed relations were driven by some other processes of physiological origin where the intensity changed in time.



The dependence of SampEn of listed above measures on the segment size showed that in segments of small sizes,   s < 150   (which lasts for less than 100 seconds) SampEn displayed distinct relationships between the subsequent segment values than values obtained when segments were larger than 200 points. After steady increases in SampEn values when the segment size increased, there were observed rapid jumps down to low values. Such jumps from high to low values of SampEn might indicate switching on of the oscillatory processes which activity corresponded to 30 to 100 s. The switches took place at distinct segment sizes when different groups and different HRV measures were investigated.



Moreover, for large segment sizes, the high values of SampEn were attained by signals of the H group, indicating the highest unpredictability in values of segmented HRV measures. On the other hand, the median of the NG group was the smallest among the medians of the groups studied indicating the highest predictability in segmented HRV signals which might be the effect of the strength of control processes.





4. Discussion and Summary


The HRV may encompass not only autonomic modulation but also variability from abnormal heart rate patterns—irregular sinus arrhythmia of non-respiratory origin, referred to as erratic rhythm [3,15]. The erratic rhythm has been attributed to higher HRV scores observed in elderly people, especially among short-term HRV indices [38,66]. Because of alternations in electrogenic transport processes within the cardiac myocytes, LVH affects the electrophysiological remodeling of cardiac tissue, leading to an increased risk of malignant arrhythmia [67].



To observe abnormalities in heart rhythm events, long time series are required. In order to obtain reliable long signals, where the effects of editing were reduced as much as possible, we decided to limit ourselves to nocturnal recordings. Sleep is assumed as an excellent time to measure the autonomic regulatory functions because sleep is organized in cycles of autonomic regulation activity [66,68]. Each cycle lasts about 90 min, where stages of slow wave sleep (non-rapid eye movement sleep NREM) are followed by rapid eye movement sleep (REM) [69]. It has been recognized that NREM sleep is characterized by vagal drive while the REM stage exhibits elevated sympathetic modulation and a loss of vagal control. Therefore, while investigating nocturnal series, one must expect to observe transformations in autonomic function caused by switches between different states of sleep [27,42,66,68,70].



Thanks to the symbolic representation of accelerations and decelerations, our method allowed for the direct usage of nonlinear analysis tools aimed at the dynamics quantification of the RR interval time series. In particular, tools based on the presence of acceleration and deceleration in alternating patterns proved effective at distinguishing between the studied groups. Our results showed that in HTX patients shortly after the surgery, the LVH influence can be observed through HRV. Equipped with the results of the HRV analysis, we can follow the development of LVH, i.e., whether LVH is associated with an increase in RWT (the case of the CR group) or whether LVH is associated with an increase in LVM (the case of the H group).



The standard estimates were obtained from the whole signals; hence, such a cumulative outlook at all recorded events did not find any linear measure of HRV that would distinguish between patient signals from different groups. Only p(da), counting the occurrences of the   d a   pattern, statistically significantly differentiated the signals from the NG group from the signals of the CR group. To obtain deeper insight into the variety of events summarized by the total outlook, we propose the efficient visualization of the distribution of some relevant features. These distributions defined on two-element patterns of RR increments could be friendly reported in a form similar to the well-known 3D Poincare plots, the graphs appreciated by cardiologists. With this technique, key components and crucial characteristics of the heart rate dynamics can be detected and/or emphasized.



In particular,  P  matrices of the probability of the two-element patterns and  T  matrices of transitions between two element patterns provided the following aspects of the stochastic dynamics of the heart rhythm contractions in patients after HTX when compared to the healthy coevals:




	
The probability distribution  P  of HTX patients was strongly steep, and sharply peaked at pattern   ( 00 )  m where the basic transitions involving accelerations and/or decelerations of magnitude   ≤ 16   covered more than 90%.



	
Accelerations and decelerations were likely to occur alternately, which affected RR intervals (i.e., to change the mean value in a pendulum-type motion rather than as a stochastic walk). Alternating patterns were observed 100 times more frequently than monotonic patterns. This pendulum-type motion was damped in HTX patients.



	
Similar to the healthy coevals, the strongest memory effects in patients after HTX were associated with transitions opposite to damped alternating dynamics.








The segmented HRV, i.e., series of HRV values obtained from splitting the entire signal into windows of equal size (equal in the number of RR intervals), allowed us to study the instantaneous properties of the heart rate. Different aspects of heart rate dynamics can be studied with a windowed approach due to exploration concentrated on selected segments of signals directly related to events of interest. In the following, we investigated alternations in HR due to autonomic activity or abnormal rhythms. We decided to study windows of size 21 to 450 RR intervals to avoid numerical problems in estimates of frequency measures and instabilities resulting from counting rare events.



Increases in heart rate reflect decreased vagal and/or increased sympathetic control of heart rate. Therefore, we proposed to study HRV in windows characterized by the maximal HR to observe the REM parts of the nocturnal rest, and in segments with minimal HR which should refer to the slow-wave sleep [66,68]. As REM sleep typically lasts 10 min or longer, windows with a large number of RR intervals may be representative of testing HRV during REM sleep.



We have found that, when the window size was large enough, the segments representing the maximal HR differentiated the signals of the studied groups by the entropy of   a d   and   d a   events. The NG group displayed higher complexity than the signals of other groups, especially compared to the signals of the CR group. Thus sympathetic activity influence on heart rate occurred more irregularly and was richer in a variety of events in patient signals from the NG group. The vagal impact, best described by VLF in segments with minimal HR, also indicated another key difference between the groups. The VLF values obtained by signals of the NG group occurred significantly lower than in signals of other groups. However, the power in   V L F   is known to encompass most sleep-disordered breathing and periodic limb movements [66]. It is also known that during NREM sleep, arousal fluctuations appear with pseudo-rhythmic modality, recurring about 20–40 s [44,71], i.e., in periods where power is estimated by   V L F  . Having no information on breathing problems or periodic limb movements in our patients, we can only speculate that these events were less likely in the NG patients.



To meet the mathematical demand of stationarity, the segments of 250 and 300 beats with minimal SDNN are commonly selected from longer RR interval signals [34,44,47]. They are considered to be representatives of the basic tone of autonomic heart rate regulation. In the case of the minimal SDNN segments extracted from our series, we did not observe statistically satisfactory differences between the groups for any segment size. However, the segments with the highest SDNN proved group differences in many aspects. The linear and nonlinear HRV measures gave high variability /complexity of signals from the NG group and the lowest variability in signals from the CR group. The high SDNN value might represent moments of irregular events, and possible erratic rhythms. However, also the moments of high variability may result from the stronger response to the actual organism needs, which in the case of the CR group may be impaired.



The set of momentary HRV values was evaluated by std provided the greatest variety among the entropies of   a d   and   a d a   patterns. Compiling together the characteristics of e(ada) obtained from the window with maximal SDNN with the variability of e(ada), i.e., std[e(ada)], we discovered a tool that could be efficient in distinguishing the geometry of the CR heart from the heart geometry of the H group because the highest values in std[e(ada)] were achieved by signals from the H group for scales s between 50 and 100 heartbeats.



The relationship between the consecutive elements of the momentary HRV series, evaluated by SampEn, showed that the frequency of a and   a d   patterns in signals of the NG group displayed the highest predictability, while in signals of the H group—they were the most unpredictable. In particular, this observation concerned window sizes from 100 to 150 RR intervals.



Finally, the limitations of our findings must be enumerated. First, the presented method was effective in discerning LVH but the results were based on a rather small groups of patients. Second, the method was only applied to the signals of HTX patients. Therefore, its usefulness in the case of RR interval signals coming from the general population is unknown. However, since this method revealed the emergence of irregular rhythms in the elderly [46], we can hypothesize that it should be effective. Third, due to the resolution of our Holter recordings, the symbolization applied to RR increments was based on    Δ 0  = 8   ms. Such symbolization is enough to observe sympathetic stimulation and to filter out possible noise effects well. However, tests in which the method uses a smaller symbolization interval   Δ 0   could further justify our findings.




5. Conclusions


Entropic measures are among the most frequently used methods of quantification of the complexity in a time series [53]. Based on the Shannon entropy conception of the unpredictability of a given event, entropy measures express our intuitive understanding of regularity (low unpredictability) or irregularity (high unpredictability) in a time series. Low unpredictability makes sense of the deterministic modeling of the source of a signal, which in the case of RR intervals supports modeling baroreflex oscillations [72,73,74]. Therefore, pattern counters and entropic measures have been widely used in many studies on the complexity of RR intervals; see [30,37]. However, nonlinear measures neither estimate the magnitude of variability nor reflect specific components of autonomic modulation (but they quantify the complexity of RR interval time series).



A simple idea for detecting anomalies in a time series is to observe the typical behaviors of the time series and compare them to other data. Our signals, consisting of 20,000 RR intervals of nocturnal rest, were nonstationary and, hence, represent the whole set of complex phenomena (not only from autonomic regulation). The alterations in the nocturnal rhythm of heartbeats, first of all, may be associated with transitions in the sleep cycle. However, then the appearance of abnormal heart rhythms may strongly modify the heart rhythm [42,66,68]. Finally, the increased HRV may result from the signal preprocessing, called the scanning error: uneven beat detection, missed, or misclassified beats [66]. All of them could have confounding effects on HRV analysis. Segmenting a signal into small windows allowed us to search for the moments of special interest. This systematic exploration of the time-dependent aspects of RR intervals shows that our approach should be appreciated when the question arises of whether elevated HRV is due to autonomic regulation, irregular heart rhythm patterns, a preprocessing signal, or another unknown reason.



Combined together, we can claim that in HTX patients, shortly after the surgery, the LVH can be observed through HRV. We found that some HRV measures show statistically significant relationships more often with windows containing few RR intervals, while others frequently differentiate studied groups only when the window size is larger. However, we could not determine the perfect window size, possibly due to including too few signals, resulting in weaker coherence and ambiguous results. Despite this, we could use the segmented series to follow LVH development and recognize associated increases in RWT or LVM. The main limitation was the small sample size, so further investigation is needed to confirm our findings.



In our dynamic patterns study, we used the Kruskal–Wallis test with bootstrap modifications to differentiate groups, but incorporating ML methods, such as classification, clustering, and factor analysis, could shed new light on the observed pattern variability. Therefore, we plan to explore ML methods in further development.



To increase the clinical utility of our method, we can select a window for studying signal properties based on specific purposes, e.g., windows with maximum/minimum LF or HF can estimate the baroreceptor performance. We plan to investigate changes in autonomic regulation caused by biological aging using this approach.
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Appendix A


In Figure A1, we show the means of probability matrices  P , where two events, i.e.,   Δ i   and then   Δ j  , may occur sequentially in a typical RR increment signal belonging to the HTX patient group.



We should note that  P  takes an ellipse-type shape centered at   ( 0 , 0 )  , with short axes coinciding with the identity line and longer axes, perpendicular to the short ones, coinciding with the second diagonal of the XY-plane. The plots seem to be symmetrical with respect to the long axis. Regarding the shorter axis, symmetry is less evident, especially in the case of the CR group.
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Figure A1. The contour plots of probability (in the logarithmic scale) to meet an event:   Δ i   followed by   Δ j  , obtained from signals of RR intervals pooled in groups NG, H, and CR.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 






Figure A1. The contour plots of probability (in the logarithmic scale) to meet an event:   Δ i   followed by   Δ j  , obtained from signals of RR intervals pooled in groups NG, H, and CR.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  .
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The most probable 2-element pattern in  P  was   ( 0 , 0 )   for all groups. The mean probability of that event was   0.194 ± 0.075   for the NG group,   0.238 ± 0.013   for the CR group, and   0.222 ± 0.027   for the H group. The prevailing 2-element patterns, i.e., the core patterns, were made of symbols   { − 16 , − 8 , 0 , + 8 , + 16 }  . The total probabilities of observing the events of the groups were   0.91 ± 0.10   in the NG group signals,   0.96 ± 0.09   in the CR group signals, and   0.95 ± 0.20   in the H group signals, which indicate that the signals of the CR and H groups exhibited more restricted basic rhythms compared to the signals of the NG group. The specificity of the asymmetry in the dynamics of the HTX patient is described in (12), showing that alternating patterns occur many times (and are more likely than monotonic patterns).
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Figure A2. The contour plots of probability of the transition    Δ i  →  Δ j    while being in   Δ i  , obtained from signals of RR increments pooled in groups NG, H, and CR.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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The results discussed in Section 3.1 show that the probabilities of all patterns of the type    d i   a j    (the sum over the right-bottom quadrant in Figure A1) differentiate statistically from the studied groups. In Figure A1, this quadrant is less occupied in the CR group than in the other groups.



In Figure A2, the matrices of the group means of transition probabilities between RR increments are shown. The most probable transition, given a system performed the 0 RR increment, was to 0, i.e.,   0 → 0  . Its mean probability was   0.502 ± 0.033   for the NG group signals,   0.545 ± 0.016   for the CR group signals, and   0.518 ± 0.040   for H group signals. The probabilities of other transitions from the core patterns emphasized that the examined dynamics were of the damped bell type. After an acceleration, one would more likely see a deceleration of the smaller size than other events and vice versa; after a deceleration, one would more likely observe an acceleration of a smaller size. For example, regarding the considered signals, the most likely transitions after events   − 16   and   + 16   were as follows:


     transition     N G     C R    H      − 16 → + 24     0.107 ± 0.034     0.035 ± 0.008     0.051 ± 0.020       − 16 → + 16     0.222 ± 0.035     0.191 ± 0.025     0.220 ± 0.050       − 16 → + 8      0.367 ± 0.034     0.487 ± 0.040     0.410 ± 0.083       − 16 → 0     0.200 ± 0.029     0.205 ± 0.022     0.229 ± 0.041       − 16 → − 8     0.060 ± 0.017     0.047 ± 0.015     0.047 ± 0.016       − 16 → − 16     0.013 ± 0.004     0.011 ± 0.004     0.012 ± 0.004       − 16 → − 24     0.004 ± 0.003     0.003 ± 0.001     0.004 ± 0.001          + 16 → + 24     0.004 ± 0.002     0.004 ± 0.002     0.001 ± 0.001       + 16 → + 16     0.012 ± 0.004     0.014 ± 0.005     0.016 ± 0.006       + 16 → + 8     0.043 ± 0.010     0.029 ± 0.010     0.038 ± 0.014       + 16 → 0     0.161 ± 0.025     0.141 ± 0.017     0.185 ± 0.044       + 16 → − 8      0.423 ± 0.032     0.052 ± 0.042     0.382 ± 0.070       + 16 → − 16     0.271 ± 0.035     0.255 ± 0.024     0.316 ± 0.056       + 16 → − 24     0.066 ± 0.012     0.039 ± 0.009     0.045 ± 0.017     



(A1)







Thus, the transitions   − 16 → + 8   and   + 16 → − 8   were significantly more probable than the other ones. Therefore, the main shapes of the matrices  T  in Figure A2 were arranged along half of the anti-identity line on the XY-plane (  y = −  1 2  x  ). From (A1), we see that such an arrangement occurred in the most fixed signals from the CR group.



The other differences between the group dynamics became apparent when signals corresponded to extreme situations, to events that were far from typical ones. For example, in Figure A2, one may compare the diversity in the transition distributions after RR increments of a magnitude that is 48 ms or greater. The H group displayed the greatest variability here.



To complete the presentation of the visualization method, in Figure A3, Figure A4 and Figure A5, the contour plots of entropic matrices  E ,   S _ T  , and  TTE , respectively, are shown.



The overall shape of the distribution of the Shannon entropy of two-element RR increment patterns reflects the shape of the probability matrix  P  shown in Figure A1. However, the steepness of the base part that represents the core dynamics (i.e., when   Δ ≤ 16  ) is weakened.



The two-point distribution of the transition rates   S _ T   shown in Figure A4, following Equation (10), is the distribution of the probability matrix  P  entries modulated by the logarithms of transition matrix  T  elements.



From Figure A5, we learn that the strongest memory effect revealed for   0 ± 8   is independent of the HTX group.
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Figure A3. The contour plots of the Shannon entropy matrix   S h E _ 2   for probability distribution to meet an event:   Δ i   followed by   Δ j  . Results were obtained from signals of RR intervals pooled in groups NG, H, and CR.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure A4. The contour plots of the entropy of transition rate matrix   S _ T   quantifying Markovian dynamics for an event, i.e.,   Δ i   followed by   Δ j  . Results were obtained from signals of RR intervals pooled in groups NG, H, and CR.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure A5. The contour plots of matrix  TTE  quantifying the memory effects in probability to observe a sequence of events, i.e.,   Δ i   followed by   Δ j  . Results were obtained from signals of RR intervals pooled in groups NG, H, and CR.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure 1. Plots of subsequent 20,000 HR points of a typical signal recorded from HTX patient (top row), and resulting values of meanHR, RMSSD, and pNN20 obtained in consecutive segments of RR intervals. The segment size is: (left column)   s = 20  , (right column)   s = 450   RR intervals. 
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Figure 2. The contour plots of probability (in logarithmic scale) to meet an event:   Δ i   followed by   Δ j  , obtained from signals of RR intervals pooled in groups of healthy persons and HTX patients.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure 3. The contour plots of the Shannon entropy matrix  E  for probability distribution to meet an event:   Δ i   followed by   Δ j  . Results were obtained from signals of RR intervals pooled in groups of healthy persons and HTX patients.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure 4. The contour plots of probability of the transition    Δ i  →  Δ j    while being in   Δ i  , obtained from signals of RR intervals pooled in groups of healthy persons and HTX patients.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure 5. The contour plots of the entropy of transition rates matrix   S _ T   quantifying Markovian dynamics for an event:   Δ i   followed by   Δ j  . obtained from signals of RR intervals pooled in groups of healthy persons and HTX patients.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure 6. The contour plots of matrix  sTE  quantifying the memory effects in probability to observe a sequence of events:   Δ i   followed by   Δ j  . Results were obtained from signals of RR intervals pooled in groups of healthy persons and HTX patients.  Δ  means the magnitude in ms of a deceleration,   Δ > 0  , or acceleration,   Δ < 0  . 
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Figure 7. Kruskal–Wallis test results for HRV measures estimated from windows with the highest SDNN (left) and dependence of the group medians for e(dad), p(da), e(da), pNN20, and RMSSD, consecutively, on segment size (right). Left: names of HRV measures against the segment size, red asterisk indicates segment size for which a statistically significant difference was found, green asterisk indicates a result supported by more than 70% in the bootstrap test. Only measures that discerned groups at least once are listed. Right: The five most statistically confirmed measures of HRV differentiating the studied groups are shown. A black cross indicates the size of a window for which a statistically significant difference was found. A green cross indicates a result supported by the bootstrap test (70%). 
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Figure 8. Kruskal–Wallis test results for HRV measures estimated from windows with the smallest SDNN (left) and dependence of the group medians for p(da), LF and VLF, consecutively, on segment size (right). Plots present the group medians which differentiated the studied groups in at least five segments. See the caption in Figure 7 for other details of the used notation. 
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Figure 9. Kruskal–Wallis test results for HRV measures estimated from windows with the highest HR (left) and dependence of the group medians for e(ad), e(da), e(dad), ShE_1 and sTE, consecutively, on segment size (right). The five most statistically confirmed measures of HRV differentiating the studied groups are shown. See the caption in Figure 7 for other details of the used notation. 
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Figure 10. Kruskal–Wallis test results for HRV measures estimated from windows with the smallest HR (left) and dependence of the group medians for VLF, p(a), and p(zero), consecutively, on segment size (right). Only the measures that differentiated the studied groups in at least five segments are presented. See the caption in Figure 7 for details of the used notation. 
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Figure 11. Kruskal–Wallis test results for std of the whole HRV series (left) and dependence of the group medians of the std of series p(a), p(ad), PIP, p(a), p(zero) and e(da), consecutively, on segment size (right). Only the measures that differentiated the studied groups in at least five segments are presented. See the caption in Figure 7 for details of the used notation. 
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Figure 12. Kruskal–Wallis test results for SampEn of the whole HRV series (left) and dependence of the group medians of the SampEn of series for VLF, p(a), and p(zero), consecutively, on segment size (right). The five most statistically confirmed measures of HRV differentiating the studied groups are shown. See the caption in Figure 7 for details of the used notation. 
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Table 1. Demographic and echo characteristics of patients. Data are expressed as the mean ± std error or as the number (percentage).






Table 1. Demographic and echo characteristics of patients. Data are expressed as the mean ± std error or as the number (percentage).












	Characteristic
	NG
	CR
	H
	Difference between Groups





	number of patients
	12 (29%)
	22 (52%)
	8 (19%)
	



	age at transplantation,
	43 ± 14
	49 ± 11
	48 ± 11
	NS



	male gender, n
	10 (83%)
	20 (91%)
	8 (88%)
	



	BMI
	26± 4
	26 ± 6
	27 ± 5
	NS



	BSA
	1.9 ± 0.1
	2.0 ± 0.2
	2.0 ± 0.2
	NS



	LVMI (g/m   2  )
	82 ± 10
	92 ± 14
	122 ± 9
	(NG,H) (CR,H)



	LVM (g)
	156 ± 25
	184 ± 28
	245 ± 33
	all pairs are different



	RWT
	0.39 ± 0.03
	0.53 ± 0.07
	0.50 ± 0.07
	(NG,H) (NG,CR)



	EF %
	64 ± 3
	64 ± 4
	67 ± 10
	NS



	LV SV (mL)
	66 ± 7
	60 ± 11
	76 ± 16
	NS







Abbreviations used: NG, normal geometry; CR, concentric remodeling; H, hypertrophy; BMI, body mass index, BSA, body surface area; LVMI, left ventricular mass index; LVM, left ventricular mass; RWT, relative wall thickness; EF, ejection fraction; LV SV, left ventricle stroke volume; NS, group difference is statistically insignificant in Kruskal–Wallis test.
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Table 2. List of estimated HRV measures.
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	standard measures:
	long–term time domain
	meanRR, meanHR,



	based on a series of
	
	SDNN, stdHR



	{  R R ( t )  }
	
	



	
	frequency
	PS, VLF, LF, HF



	
	short-term time domain
	RMSSD, pNN50, pNN20



	increment pattern measures:
	probability of patterns
	p(zero), p(a), p(d),



	based on series of increments
	
	p(aa), p(ad), p(da), p(dd),



	between consecutive RR intervals:
	
	p(aaa), p(ada), p(dad), p(ddd)



	{  Δ R R ( t )   }
	
	



	a is an acceleration if   Δ R R ( t ) ≤ − 8   ms
	fragmentation measures
	PIP = p(ad)+p(da)



	d is a deceleration if   Δ R R ( t ) ≥ 8   ms.
	
	PAS = p(ada) + p(dad)



	Otherwise an increment is zero
	
	PSS = 1 – [p(aaa) +p(ddd)]



	
	entropic measures:
	



	
	–Shannon entropy of L-length patterns
	ShE_L for L=1,2,3



	
	–dynamics by entropy patterns,
	S_T = ShE_1 - ShE_2,



	
	
	sTE = ShE_2 - ShE_3 – S_T



	
	–partial entropy of patterns
	e(aa), e(ad), e(da), e(dd),



	
	
	e(aaa), e(ada), e(dad), e(ddd)
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Table 3. Medians and their first and third quartiles estimated for the groups of healthy individuals, and NG, CR, H for HRV measures listed in Table 2, together with the p-value from the Kruskal–Wallis test for differences between HTX groups. In brackets() the bootstrap support value is provided if observed.
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HRV

	
Healthy

	
HTX Groups

	
Kruskal–Wallis




	
Index

	
Coveals

	
NG

	
CR

	
H

	
Test p for HTX






	
meanRR

	
958 [870, 1067]

	
697 [679, 819]

	
688 [635, 791]

	
714 [683, 757]

	
p = 0.587




	
meanHR

	
62.85 [56.95, 69.80]

	
86.23 [73.35, 88.39]

	
87.62 [75.88, 94.72]

	
84.16 [79.36, 88.04]

	
p = 0.542




	
SDNN

	
87.10 [72.18, 102.30]

	
22.17 [20.10, 31.66]

	
28.44 [20.77, 35.89]

	
31.15 [25.65, 35.17]

	
p = 0.415




	
stdHR

	
6.577 [5.849, 7.253]

	
2.853 [1.953, 3.330]

	
3.807 [2.322, 4.162]

	
3.266 [3.193, 4.185]

	
p = 0.128




	
PS

	
3.384 [3.033, 3.755]

	
2.432 [2.114, 2.916]

	
2.558 [2.373, 2.671]

	
2.569 [2.358, 2.750]

	
p = 0.938




	
VLF

	
1.392 [1.308, 1.507]

	
1.112 [0.929, 1.167]

	
1.180 [1.054, 1.323]

	
1.110 [1.066, 1.200]

	
p = 0.338




	
LF

	
1.000 [0.862, 1.281]

	
0.265 [0.224, 0.366]

	
0.297 [0.244, 0.369]

	
0.302 [0.257, 0.399]

	
p = 0.603




	
HF

	
0.868 [0.668, 1.051]

	
1.005 [0.708, 1.235]

	
0.958 [0.786, 1.192]

	
1.035 [0.855, 1.326]

	
p = 0.859




	
RMSSD

	
32.12 [22.85, 46.87]

	
9.879 [7.308, 11.29]

	
7.189 [6.593, 9.669]

	
9.575 [7.012, 12.24]

	
p = 0.328




	
pNN50

	
6.215 [2.435, 18.76]

	
0.025 [0.004, 0.059]

	
0.015 [0.005, 0.025]

	
0.040 [0.020, 0.185]

	
p = 0.099 (0.05)




	
pNN20

	
39.68 [29.89, 55.69]

	
3.815 [2.001, 5.566]

	
0.583 [0.184, 3.109]

	
3.908 [0.320, 4.885]

	
p = 0.244




	
p(zero)

	
0.145 [0.101, 0.181]

	
0.358 [0.317, 0.456]

	
0.448 [0.405, 0.469]

	
0.430 [0.352, 0.489]

	
p = 0.289




	
p(a)

	
0.441 [0.415, 0.465]

	
0.325 [0.274, 0.353]

	
0.273 [0.265, 0.296]

	
0.294 [0.257, 0.318]

	
p = 0.174




	
p(d)

	
0.423 [0.398, 0.446]

	
0.307 [0.272, 0.340]

	
0.276 [0.264, 0.301]

	
0.276 [0.257, 0.323]

	
p = 0.415




	
PSS

	
0.883 [0.853, 0.919]

	
1.000 [0.996, 1.000]

	
1.000 [0.998, 1.000]

	
0.999 [0.997, 1.000]

	
p = 0.862




	
p(aa)

	
0.183 [0.165, 0.207]

	
0.028 [0.007, 0.049]

	
0.017 [0.009, 0.029]

	
0.021 [0.009, 0.038]

	
p = 0.915




	
e(aa)

	
1.019 [0.859, 1.175]

	
0.137 [0.038, 0.232]

	
0.077 [0.045, 0.118]

	
0.097 [0.043, 0.169]

	
p = 0.857




	
p(aaa)

	
0.058 [0.039, 0.078]

	
0.000 [0.000, 0.003]

	
0.000 [0.000, 0.001]

	
0.001 [0.000, 0.001]

	
p = 0.625




	
e(aaa)

	
0.461 [0.312, 0.621]

	
0.003 [0.001, 0.020]

	
0.002 [0.000, 0.008]

	
0.005 [0.000, 0.008]

	
p = 0.672




	
p(dd)

	
0.176 [0.152, 0.195]

	
0.021 [0.005, 0.038]

	
0.016 [0.009, 0.028]

	
0.012 [0.008, 0.035]

	
p = 0.992




	
e(dd)

	
1.006 [0.871, 1.127]

	
0.109 [0.027, 0.187]

	
0.069 [0.046, 0.118]

	
0.064 [0.039, 0.157]

	
p = 0.999




	
p(ddd)

	
0.058 [0.039, 0.069]

	
0.000 [0.000, 0.001]

	
0.000 [0.000, 0.001]

	
0.000 [0.000, 0.002]

	
p = 0.996




	
e(ddd)

	
0.477 [0.302, 0.574]

	
0.002 [0.000, 0.007]

	
0.001 [0.000, 0.007]

	
0.001 [0.000, 0.013]

	
p = 0.993




	
PAS

	
0.125 [0.082, 0.189]

	
0.165 [0.132, 0.207]

	
0.156 [0.136, 0.165]

	
0.161 [0.146, 0.170]

	
p = 0.704




	
PIP

	
0.373 [0.321, 0.448]

	
0.341 [0.328, 0.385]

	
0.325 [0.313, 0.333]

	
0.330 [0.314, 0.369]

	
p = 0.084 (0.07)




	
p(ad)

	
0.188 [0.170, 0.229]

	
0.168 [0.154, 0.198]

	
0.159 [0.152, 0.169]

	
0.165 [0.160, 0.173]

	
p = 0.418




	
e(ad)

	
1.025 [0.848, 1.309]

	
0.557 [0.448, 0.709]

	
0.427 [0.387, 0.493]

	
0.516 [0.392, 0.611]

	
p = 0.209




	
p(da)

	
0.185 [0.154, 0.212]

	
0.175 [0.171, 0.203]

	
0.162 [0.158, 0.175]

	
0.164 [0.157, 0.185]

	
p = 0.045 (0.72)




	
e(da)

	
0.938 [0.834, 1.281]

	
0.594 [0.462, 0.706]

	
0.433 [0.399, 0.593]

	
0.528 [0.391, 0.621]

	
p = 0.225




	
p(ada)

	
0.055 [0.040, 0.092]

	
0.086 [0.073, 0.105]

	
0.080 [0.068, 0.083]

	
0.079 [0.074, 0.087]

	
p = 0.618




	
e(ada)

	
0.441 [0.338, 0.682]

	
0.355 [0.308, 0.549]

	
0.279 [0.252, 0.323]

	
0.293 [0.257, 0.409]

	
p = 0.131 (0.04)




	
p(dad)

	
0.070 [0.035, 0.100]

	
0.077 [0.066, 0.104]

	
0.077 [0.069, 0.082]

	
0.080 [0.072, 0.086]

	
p = 0.755




	
e(dad)

	
0.534 [0.282, 0.785]

	
0.325 [0.280, 0.513]

	
0.273 [0.249, 0.326]

	
0.307 [0.267, 0.393]

	
p = 0.229




	
ShE_3

	
7.321 [6.915, 8.250]

	
4.049 [3.137, 4.546]

	
3.388 [3.079, 4.036]

	
3.546 [3.016, 4.361]

	
p = 0.52




	
ShE_2

	
5.146 [4.792, 5.849]

	
2.945 [2.267, 3.123]

	
2.374 [2.169, 2.869]

	
2.542 [2.147, 3.073]

	
p = 0.437




	
ShE_1

	
2.663 [2.421, 3.019]

	
1.613 [1.280, 1.637]

	
1.279 [1.190, 1.525]

	
1.404 [1.179, 1.629]

	
p = 0.27




	
S_T

	
2.507 [2.352, 2.844]

	
1.339 [0.970, 1.511]

	
1.099 [0.988, 1.307]

	
1.138 [0.970, 1.438]

	
p = 0.716




	
sTE

	
0.302 [0.204, 0.487]

	
0.138 [0.093, 0.205]

	
0.097 [0.082, 0.120]

	
0.131 [0.108, 0.160]

	
p = 0.106 (0.02)

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
L8001 -8

ve P haaiy (oo 0l

aims) i) b

*sinms)





media/file4.png
T [group NG] (log plot)

96

72

48

24
A(j)[ms]
0

—24

—48

-72

-96

I
96 —72 —48 —24 0 24 48 72 96

A(i)[ms]

-2

T [group H] (log plot)

96

72

48

24
A(j)[ms]
0

-24

—48

-72

-96

I |

y N

! I
—96 —-72 —-48 —24 O 24 48
A(i)[ms]

72

96

T [group CR] (log plot)

96
0
72
-1 48
24
=2 A()Ims]
0
-3
-24
—4 —-48
-72
-5
-96

—96 —72 —48 —24 0 24 48

A(i)[ms]

72

96





media/file30.png
NG

OO IO JMK I ICINC 2

0.36 4

sjnsal (

sdnoJfh

HR

min

0]

400
350
00
N 950

T T
250 300 350 400 450
segment size

T

200

150

® o
T T
S

2

w0
2]
o

50






media/file18.png
200

A(j)[ms]

100,

50 -

_50 =
—100 5+

~1504

—-200

ave_T healthy (log plot)

NJ

‘ | .
h ,J‘ .

/

4

2200 -150 —100 =50 O 50 100

A(/)[ms]

ave_T _htx (log plot)

100

A(j)[ms]

50 -

_50 .

—100

=100 ¢

50 -25 0 25 50

100






media/file21.jpg
NS TTE heaithy {log plot)

v, TTE hix (log plot)

s i)
s N
R

R

sims)





media/file26.png
0.200

450

*, V i
3 .w, x
: i
[ o
X W” L -Mw
:
- L2
“ m
s
R
% g
caw o
¥ "R
- g
X !
X & o m
X 3 X ©
t&,. m
X 5 o
X o W
L b~ r lm
x .ny»‘
L - 2
X ‘ol ,,v —
" .w.v
2
= i o
m [] Ivllﬂ”]l 8 )
¥ P el
LA
2z ¥ .m...a..m.-.“.m - 5
o X a b -.IHI-”,I’ i X [
- , X Y —l
n o & o b o & o - s n & - o o L o °
N~ LN oN o I~ Tp} N o o o — — m o o
— — — — o o o o
S o S IS b= b= o o 11
(ep)d
synsal (L0 <) paupddns delisipoq =
® sdnoub bunennualaljip sjeubis AHH = 0 (ep)2
o & o e o0 O O ©° x ® (ep)d
o e 0ZNNd
@ 4H
= PS (ee)d
=
D x (ee)d
n & (pep)e
-
W @®—— (pep)d
@ & @® — >ods |e10)
@ (epe)s
@ | (epe)d
O R 41
—@ % * 47N
o o o o o o o o o
LN o LN o LN o LN o LN
< < m m oN (q] — —
9z1s Juswbhas





media/file27.jpg
(s

B






media/file3.jpg
e LY






media/file22.png
A(j)[ms]

100 A

50 -

_50 o

—100 A

—150 A

ave _TTE_healthy (log plot)

~4J.3

ave _TTE_htx (log plot)

100

A(j)[ms]

I+

_50 n

0 .
—-100 =75

50 -25 0 25 50 75

100

—~4J.5

o

—-2.5

—%.3

—-4.5

—~3.3





media/file19.jpg





media/file7.jpg
LY LY

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘






media/file28.png
segment size

0.60
0554 XX X EKXX X XX X X A 0RCHNEC O OACORC 0K XANNRNNE >O088K MK X b 4 X
max HR 0504 | | SR AN T
; ‘.l i ! s ‘.:.’f".-' "'. Ry & w, w ". l"-': ® et
450 * 5 0451 . 1“ o Yoo l'.:'.": w s ":J“\‘ " 'h.
* @© | tAl s N § - e fine e f \ ‘l al'w« Na "\’\’ﬁ'\" . fra W ~ \’
T 0.40 A1 e g AN “'"Aw L '
. i gz o ey
i ] r‘l l\"v‘
K _—
0.35 43 mfw‘""w’l’" e
ok e H
0.30 1' el
o e CR
400 - O—1— 0.25 ' . . . . . . . . .
0.60
‘ .‘ ' 0.55 Y4 X XX X ¥ I I K POOBI X X K30 XN JIK W X 8K
* w Y l e
0504 s : ; g em
.- \ L hg = » -
350 : Ml s 2ot oo 3 0y PR LR e
. ,e .- a ! LA L] - L4 - ,\A
. 8 0.45 ...::..ll'-'_. hj ‘ .'--* ’-ﬁq."i'!" I ‘-Tm ,\‘\ ,M\'ﬁ,ﬂu\'\ ’\‘ I\A\'“\\ "v "“”‘\» v"‘,n| N ¥oh
= 040 5 - m th‘lﬂ llb/""l‘ ‘l‘\l"‘l (R
‘. -<l A'v\ ﬂknl"’ I
0.35 Y
.’l\'*“",é"'
1 Y
. 0.30 "J"v
0-25 T T T T T T T T T

300 : f i
* ®
‘ 0.45
XX X X X X X X X 3K BKBOOOKIK KX XXM KM XM XXX X -
‘ ‘ 0.40
0.35
~ 2 M ﬁ“-- &
0.30 N - ams _® '-. T3
i — :'O\ 3 l.‘ " ) ‘ y H.l L) l‘.:". . .*ﬂ .‘h“\."\ “5 : ‘J'\. l ‘%l\}‘z‘\"*l\‘\”\\‘l’.’ ’. ‘?1’ "“G AM k L'
gl \ 4 ‘ S I Ry \
8 0.25 l el ':“'; A w\“\,\,\r,_.vw/'\\l LA
O 1 ,",Hl U
Y 0.20 i MY
“‘A{1"ln'\nl‘v

250 — I :
o -
0.15
- i 0.10
200 005 T T T T T T T T T
ok
¢ * 1.7
[ o v
aS 1.6 & % X XX 3 XK I XX MX K e XX X x X
* g a 1.5
? S|
150 “ ‘ u'\ |—||1.4 . b h o i oy o N
w . ., Srme gy -~ .'f- (R N TP
‘ go -UC) 1.3 e "A‘ | l‘ """J "i""h' s ‘-k-..‘.“-‘ -\ ‘04 "‘ a\' . " y“ ':' I‘T-.'l.‘\?:\.
= R SN o o \..‘ VR o Ao N P L A VAL VO ¥
S AN AL M A i
: A 12 Boss N b g T My
— | - [ =
4 e "" IA 4
ks RERTIS
[ LA
5 1.0
100 __“ E 21 T T T T T T T T T
4 4 S
n a 0.45
' K X0 MOOH K X X X X X X X x X —— NG
87 o ege o c9) 0.40 .
Ol | (i
)i 0.35 JU[E --- CR
o ,
501 é‘" 0.30 "'-, o
Ig E .E:! me
) a2 a |
Y 0.25 '-"‘.'s';'--a:--f'.‘hﬁ ..r -h g ) Lhe 2 -
TTT T ok 'ﬂ" 4 = “'1‘"5 S AN A AN Ak A s etyy e
0.20 0 N \ * i ¥ “ SRR
5 I O A O O #‘i uif \"\"4“&"’!\" A "u,v\A‘"ww/.,\ka ENUPRIRNEIY ) Al ' N
—~~ e~~~ L —_ N N~ o~ —~ A~~~ —~ - v A ~Y <~/
8DEHWUU4EEUth&UmOmﬁgm%mmmgmbg 0.15
2 WESS>v T SWwWneCT gEFaAT5IRL2Tla
ZE SEEG) Esc Q O N gﬂgggmlgg 0.10 T T T T T T T T T
oy Yo anwn rey oo ouv 50 100 150 200 250 300 350 400 450
§ segment size






media/file10.png
96

TTE [group NG] (log plot)

72

48

24

A(j)[ms]

0

—24

—48

-72

-96

-96 —-72 —-48 =24 0

A(i)[ms]

24 48

72

96

-0.5

-1.5

— )

—3.5

—-4.5

=5.5

96

72 1

48

TTE [group H] (log plot)

24
A(j)[ms]
0

—24

—48

-72

-96

—96 —72 —48 —24 0

| d
T

A

A(f)[ms]

24 48

72

96

-0.5

-1.5

—2.5

-3.5

—-4.5

—5.5

96

TTE [group CR] (log plot)

72

48

24

A(j)[ms]
0

—24

—48

-72

—-96

—-96 -72 -48 =24 O

24 48
A(i)[ms]

72 96

-0.5

-1.5

—2.5

-3.5

—-4.5

—8.5





media/file33.jpg





media/file32.png
std[HRV measure]

350

300

250

150

100

50

o = HRV signals differentiating groups

* = bootstrap supported|(> 0.7) results

VLF

segment size
N
o
o
e(dad) — O GEDED O €0
e(ada) — O CINDEIND COIDED ® © ¢ ¢ @
e(ad) —— ODGD O OGN O INIDE GO0 000 O ¢ 00 00 ¢ ©

0.125 A

0.100 -

0.075 -

0.050

o

=

o
Il

0.08 -

0.06 A

std[e(dad)]

0.08 -

0.06 A

std[VLF]

std[e(ad)]
&

std[e(ada)]

0.14 -

0.12 A

0.10 -

" Ean H
FHDOOK K IOV JHOCK XKHOC MK XK XK KON X X XX xR o (O
— NG

.
t
b S PR

s
v .".”'°‘?.'
~ )
.'uu'.v',.“-“.,‘ PR a
L Y «tes USSR
v"\\\ ° e Ll T ""“"'“)’ LR X4 "“o’o"'g L}
\\A"_ Ll pet 45
il L VNP
“\\s;’,\l

-}“"\
Na
"""""‘”\“\'”\'\’n'f\\.'\‘cv\.\ i
IV

a
-~ N - - -
s NNy eNINsSA I LN

SOMMOBNREI0OMROEX K X X X X

VCyp ~
) L) 0,
X "'Jfrp.«g.“.,

4 * &
ot LY tf‘“fo":¢ﬁ:“" .“I" ﬂ' -
. Y et 7.10&...‘..1'.-'" P e "
- ve ¢ o4

Y ~p
vyl N lfaln, AVARE Mo aa
R

v‘-\/‘,"a AW vyt

A ~
Arsenl ~ppl=? NaTe

RKUK MWK X 2K

\%
Mo a
s
“Nus »
W veon
W, W

wVAmy A A
b T ‘I‘\;'\ﬂ-\,,la_"‘,\‘._\‘

KavaLS o W)
-v vu’vl\uu\,wk‘\-."\“&_‘ﬂ\

6.,‘

4.5

4.0 A

3.5 A

3.0 1

2.5 1

2.0 A

1.5 A

" En H
G S ——— CR
i — NG

\s*\,\‘
“"ﬂ' u\r"-\‘.»n
! ”‘."1,:'\""-'\:«4
. “’a‘n‘-,\\"‘lf\'.
e IRRALITY '\.‘:“J\
LA I Dt
<

1.0

50 100 150 200 250 300 350 400 450

segment size





media/file14.png
ave P _healthy (log plot) ave P_htx (log plot)
. -a .

200 7 100 |
,, R | ’
" 0 "
A(j)[ms] A(j)[ms] | ~
100 50
50{ —— SN | S Emy
01 — 0
—-504+ =™
~100 ~50 — —
~150
—200 l ‘. ! —100 . .
-200 -150 -100 -50 0 50 100 150 200 -100 -75 -50 -25 0 25 50 75 100





media/file11.jpg
Heart rate: patient(10)

5 B Gwn Do imee Bew] b ikl mew
time step.

g

o






media/file6.png
E [group CR] (log plot)

E [group NG] (log plot) E [group H] (log plot)

96 96 96
0 N 0
72 72 1 72
48 4 -1 48 -1 48
24 . 24 2 24
A(j)[ms] B A(j)[ms] B A(j)[ms]
0 0 ! 0
-3 -3
-24 - —24 —-24
—-48 -4 —-48 -4 —-48
-72 -72 -72 N A
-5 -5
—-96 -96 — > & —-96
—96 —72 —48 =24 0 24 48 72 96 —96 —72 —48 =24 0 24 48 72 96 —96 —72 —48 —24 0 24 48 72 96

A(i)[ms] A(i)[ms] A(i)[ms]





media/file15.jpg





nav.xhtml


  biomedinformatics-03-00015


  
    		
      biomedinformatics-03-00015
    


  




  





media/file16.png
ave_E healthy (Iog pIot)

200 -

A(j)[ms]

100 A

-50
—100

—150 A

O I 1 T
—-200 -150 -100 -50

0
A(i)[ms]

ave_E_htx (log plot)

100
A(j)[ms]

50

_50 -

O I I
—100 —75 ~—350





media/file2.png
P [group H] (log plot) P [group CR] (log plot)

P [group NG] (log plot)
96 ! 96 L 96
0 0
72 72 1 72
v N
48 - 48 -1 48
L A
24 24 - 24
A(j)[ms] A(j)[ms] ~2 A(Ims]
0 0 L - 0
M- _3
—24 —24 ﬂ —24
-48 -48 . - 4 -48
-72 -72 T S = -72
-5
-96 -96 o — P —_— -96
-96 —72 —48 —24 0 24 48 72 96 -96 —72 —48 —24 0 24 48 72 96 -96 —72 —48 —24 0 24 48 72 96
A()[ms] A(i)[ms]

A(i)[ms]





media/file20.png
o

_50 =1

—100 A

— 1504

O T T T T T T T
—200 —-150 -100 -50 0 50 100 150 200

ave ST healthy (log plot)

A(i)[ms]

100

A(j)[ms]

50 -

_50 il

—100

ave ST htx (log plot)

AR

2100 -75 =50 =25

A(/)[ms]

_ ]





media/file23.jpg





media/file5.jpg
Elveup it T .






media/file24.png
300

max SDNN

x’

-

i

Rays o
"'5"} '1)\ VA en

(0]
N
‘@ 250
o
c
9]
IS
[@)]
@
1%
200
ii ®
..]l
‘ [ ]
150 [ BK )
. [ ]
ol gs *
[ J
b4 ®
100 2
100 ®
® [ J
. ® ®
[ ]
s ! o§88.
[} Y
Heeo®
g no
S8R EELE S LW TTAR
S0aIZ3Z3 o gy T o=
TN YCSCET S5 R
5 4o 532 %

X XX XX MK IRIE K IR

.

_‘..

"; 0 oty
A “:""”-M 4.1 s

r/»\-w“’

-,
""f‘ e
T

N0 XK MO  IDCKOE I

Cevap ¥ P '.. -.a

4-.
S~

20X X X K MK AKX HOM

12,5 »

e artne s
10.0 2

!"'.'\"‘\ﬂ i ww ”

=
f'v?"«-&"*-w«wv&‘«,'» Mg e

K MO JOT WOBK MK MK X SO0 X

b
1
“\-"14-\1».-/ et

[y
o ¥

150 200 300

segmem size






media/file29.jpg





media/file1.jpg
2igreve ) Goppel) ol -1

= M3
S s oo

i






media/file31.jpg
stalHRY
.
.
H






media/file25.jpg
z
2 o
3 ’
a P
£ I el
El | e
PR A
. . e i
L I
§ ¥ 3§ 1§ 1 ER





media/file12.png
Heart rate: patient(10)

=

o

o
|

HR[1/min]
3

(o]
o
1

T T T T T T T T
0 2500 5000 7500 10000 12500 15000 17500 20000
time step

o 904
T
c
(M 85
(0]
E 80
0 4000 8000 12000 16000 20000 0 3960 7920 11880 15840 19800
time step (segment size = 20) time step (segment size = 450)
) 15.0
g 12.5
i 5 10.0 4
.4 X : . 5 . r 7.5 . . . . r r
0 4000 8000 12000 16000 20000 0 3960 7920 11880 15840 19800
time step (segment size = 20) time step (segment size = 450)
o 104
o
Z s
o
g . ! 0 . ; . Y
0 4000 8000 1200 16000 20000 0 3960 7920 11880 15840 19800

time step (segment size = 20) time step (segment size = 450)





media/file9.jpg





media/file0.png





media/file8.png
96

ST [group NG] (log plot)

72

48

24

A(j)[ms]
0

—24

~48

-72

-96

—-96 =72 —-48 =24 O

A(i)[ms]

24 48

72

96

-2

96

ST [group H] (log plot)

72 1

48

24 4
A(j)[ms]
0

—24

A

—48

=72

—-96

I |

.

—96 —72 —48 —24 0

A(/)[ms]

24 48

12

96

ST [group CR] (log plot)

96

72

48

24

A(j)[ms]
0

—24

—48

-72

—96

—-96 —72 —-48 -24 O

24 48
A(i)[ms]

72 96






media/file34.png
MK K XK

XI0MGK  OCHOCHEE XX X MK X WK JOK MK MWOORK X XK

. e

VT

.
oAl e
oy

e

AW

2.75 A
2.50
1.50 4
2.75 A

1.50 4

e]

ASUr

C

1RV me

Tt

ENir

=

Q
S

50

400
400
320

o~
9zIs Juswbas

150
150

250 300 350 400 450
segment size

200

150

2.75 A

100





media/file17.jpg





