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Abstract 

Weaning from mechanical ventilation is still one of the most challenging problems in 
intensive care. Unnecessary delays in discontinuation and weaning trials that are 
undertaken too early are both undesirable. This study investigate a method based on the 
analysis of heart rate and respiration rate by means of Recurrence Quantification Analysis 
(RQA), to detect if a patient on weaning trial is ready to remove its endotracheal tube. The 
analysis has been done on a database of patients, WEANDB, where they are classified, 
patients who overcome the process and those without. The proposed method is based on 
taking as reference for classification, time series RQA from the analysis of the physiological 
signals sliced in time. Two types of binary classifiers, “Support Vector Machine” and RQA 
signals histogram observation, both are used to differentiate successful trials on weaning 
from failed trials. The results show that the use of time series RQA gives promising results 
of classification, in both cases have been obtained results around 80% of success without 
having done an exhaustive parameter optimization. 
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1 Introduction 

 

1.1 Context of the Work 

 

Respiratory failure, depending on its severity, is considered a medical emergency. In the 
case of acute respiratory failure is used as the main treatment the patient connection to a 
mechanical respirator in order to supply the deficiency in gas exchange. Withdrawal of 
mechanical ventilation should be performed as soon as autonomous respiration can be 
sustained. Both, an unnecessary extension, as a premature disconnect they are undesired, 
because the patient's disease is aggravated. 

Weaning process represents a period of transition from mechanical ventilation to 
spontaneous breathing and is associated with a change in autonomic activity; change of 

heart rate variability during weaning is to be expected [1]. There have been several studies 
considering different indexes and methods for successful weaning, however there is still 
no definitive predictor that ensures success in extubation. 

Traditional time-domain techniques of data analysis are often not sufficient to characterize 
the complex dynamics of the cardiorespiratory interdependencies during the weaning trials. 
The cardiovascular and respiratory systems are complex with direct and indirect 
interactions in its subcomponents. Therefore, it is presumed that these complexity can be 
characterized more adequately by dynamic nonlinear analyses rather than by linear time 
series analyses. Different nonlinear approaches have been applied for studying couplings 
within the cardio and respiratory system, such as spectral analysis, Granger causality, 
phase dynamics, conditional information, joint symbolic dynamics and model-based linear 
closed-loop approaches [2]. 

In this work, a nonlinear method has been employed, which is recurrence plots (RPs). The 
RP is a qualitative tool for visualizing non-linear dynamics in time series data. It allows the 
investigation of a variety of aspects of complex systems, such as transition studies, 
dynamical regime characterization, and synchronization analysis. Recurrence is a 
fundamental property of dynamical systems, which can be exploited to characterize the 
system’s behaviour in phase space. The parameter space of nonlinear dynamical systems 
often exhibits a rich variety of qualitatively different types of behaviour, such as periodic 
and chaotic regimes. A possibility to compare different systems is to consider the 
recurrences of their trajectories in their respective phase spaces separately, and look for 
the times when both of them recur simultaneously. 

In this document we have analysed the time series, such as the period between heartbeats, 
the heart rate variability (HRV) and respiratory rate for a group of patients undergoing 
weaning. These patients were recorded in the Departments of Intensive Care Medicine at 
Santa Creu i Sant Pau Hospital in Barcelona, Spain, and Getafe Hospital, Getafe, Spain, 
these series were stored in the WEANDB database. The group of patients is classified 
according to the result with which completed the process of weaning: Success, Failure and 
Reintubated. This study aims to classify patients among the three groups from the time 
series information by means of RP’s [3]. 

 

1.2 Objectives 

 

The main objective of this work is to explore Recurrence Plot (RP) technique for studying 
the breathing duration (TTot) series, heart beat period (RR) and heart rate variability (HRV) 
series and their interactions, in patients on weaning trials from mechanical ventilation, to 
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classify patients with successful spontaneous breathing trials versus patients with failed 
trials. 

From this main objective, the following purposes are derived: 

- Obtaining parameters from RP technique that provide relevant information on 
cardiorespiratory behaviour of patients undergoing extubation. 
 

- Analysis of different methods to characterize and obtain parameters that describe 
the cardiac, respiratory and cardiorespiratory interaction behaviour of patients 
under study. 
 

- Multivariate analysis and classification of the different group of patient according to 
the best parameters obtained from RP.  

 

1.3 Work Organization 

 

This paper is organized into five sections. The introduction, which this subsection belongs, 
a section focused on explaining the cardiac and respiratory signals, another which focuses 
on explaining Recurrence Plot techniques, other focusing on the results obtained from 
applying the RP techniques to RR, HRV and TTot series of different patients, and finally the 
concluding section. 

Below is broken down one on one, information containing each:  

- Introduction: Brief description of the work that has been done and scope from its 
three sections. 
 

- Cardiac and Respiratory System Signals: This section provides a brief description 
of the cardiovascular and respiratory systems, and how the signals to study are 
obtained: heart rate (RR), heart rate variability (HRV) and respiration rate (TTot). In 
this section it is also described the weaning process and the database WEANDB, 
the source of where the study is conducted. 
 

- Recurrence Plots: In this section the techniques of Recurrence Plots and Joint 
Recurrence Plot are described. Recurrence plot (RP) is a technique based on the 
study of the recurrence in the phase space trajectory of the non-linear data and 
Joint recurrence plot (JRP) is an extension of RP and it allows studying the 
relationship between two different signals. Recurrence and joint recurrence plots 
are characterized by the quantification of their diagonal and vertical line structures, 
this is the Recurrence Quantification Analysis (RQA). Finally an analysis of the 
technique is performed through different known signals. 
 

- Results: This section consists of three parts. In the first one, a RQA analysis over 
the full signals is performed, after that, a RQA analysis of time sliced signal is 
carried out, and finally, the time series classification of patients is done by means 
of the histograms of the RQA parameters and by means of Supported Vector 
Machine (SVM) technique. 

 
- Discussions and Conclusions: In this section all the deductions that have been 

obtained from the different results presented in the previous section are 
summarized.  
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2 Respiratory and Cardiac System Signals 

 

2.1 Respiratory and Cardiac System  

 

The function of the respiratory and cardiac systems are tightly linked and regulated to 
maintain blood pressure, tissue oxygen delivery and carbon dioxide removal.  

 

Respiratory System 

 

The main function of the respiratory system is to carry out gas exchange, oxygen and 
carbon dioxide between human beings and their environment. Thus the respiratory system 
facilitates oxygenation and removal of carbon dioxide and other gases metabolism 
discarded. 

In the respiratory system we differentiate two stages: inspiration, breathing air, during this 
the diaphragm contracts and flattens in order to expand the chest cavity, and earn a 
vacuum to suck air into the lungs. The second stage is the exhalation, the diaphragm 
relaxes so that regains its shape expelling air from the lungs. 

 

Cardiac System 

 

The cardiac system is composed by the heart, and the heart is a muscular organ, which 
pumps blood through the blood vessels of the circulatory system.  

The main function of the circulatory system, is to maintain a correct exchange of nutrients 
and oxygen to ensure proper operation of the cells and survival. While nourishes the cells 
is responsible for collecting metabolic wastes and carbon dioxide (CO2), products of cellular 
activity, which will be eliminated through the kidneys in urine and lungs in the exhaled air . 
Additionally, the circulatory system is involved in transporting the body's defence cells and 
proteins of the immune system, regulates body temperature, transports hormones, etc. 

The heart operation is divided into two parts: the right side charge pump blood with a high 
content of CO2 to the lungs for elimination of this compound and oxygen uptake; and the 
left side that pumps oxygen-rich blood O2 to peripheral organs. Both the right and left heart 
are formed by two chambers known as pulsatile atrium and ventricle. Venous blood 
reaches the right atrium while blood from the lungs reaches the left atrium. During atrial 
contraction blood passes from the atria to the respective ventricles, later, with a ventricular 
contraction hosted blood in the right ventricle goes to the lungs, while the blood in the left 
ventricle is ejected towards other organs. This cardiac cycle begins with an action potential 
generated spontaneously in the sinoatrial node (SA) that spreads through the atria, then 
move to the ventricles where muscle contraction that produces the pumping action is 
generated. 

 

Respiratory and Cardiac System Couplings 

 

Through the autonomic nervous system (ANS) and its two branches sympathetic and 
parasympathetic, central nervous system (CNS) controls the activity of the respiratory and 

https://en.wikipedia.org/wiki/Muscle
https://en.wikipedia.org/wiki/Organ_(anatomy)
https://en.wikipedia.org/wiki/Blood
https://en.wikipedia.org/wiki/Blood_vessel
https://en.wikipedia.org/wiki/Circulatory_system
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cardiac systems. Activation of the sympathetic system prepares the body for activity or 
stress events, increasing heart rate and dilating the bronchi, while the parasympathetic 
system is related to the rest, relaxing and contracting myocardium bronchi. The regulation 
of interaction cardiorespiratory made through the ANS regulates the respiratory rate, the 
instantaneous lung volume, blood pressure, cardiac output, heart rate, among others. The 
ANS is responsible for maintaining homeostasis in cardiac and respiratory systems 
ensuring proper distribution of oxygenated blood flow to organs based on the physical 

needs [1]. 

The cardiorespiratory behaviour is a combination of ANS regulation and changes in the 
behaviour of the cardiac and respiratory systems. Intrathoracic pressure changes due to 
the different phases of the respiratory cycle to changes in the behaviour of the heart. 
Similarly, changes in the central blood circulation and venous return modify the respiratory 
behaviour. 

Stretch receptors of the lungs inhibit vagal activity of the heart during the inflation of these 
processes, while during deflation activate vagal cardiac response. During inspiration 
intrapleural pressure drops, having thus the expansion of the lungs and the heart chambers. 
This expansion causes an increase in the systolic ejection volume and a decrease in the 
pressure of the right atrium, increasing venous return during spontaneous inspiration and 
during expiration decreased.  

 

2.2 Respiratory Flow and Electrocardiographic signals 

 

In this section the generation of respiratory flow and electrocardiographic (ECG) signals 
related to cardiac and respiratory systems, are explained. 

 

Respiratory Flow signal 

 

Characterizing respiratory activity is through the measurement of pulmonary ventilation, 
recording the volume of air that is exchanged between the lungs and the exterior. Equally 
important is monitoring for quantifying the degree of gas exchange. 

One way to characterize signs of respiratory flow (FLW), it is from the series that define the 
times of inspiration and expiration of the respiratory cycle, and area under the curve of the 
signal flow, to estimate the volumes of circulating air during inspiration and expiration. 

The time series calculated from the times and estimated respiratory flow signal can 
describe the behaviour of the respiratory pattern volumes. Next time series are described: 

 
- Breathing duration (TTot): Time from dialing cycle start dialing until the end of the 

respiratory cycle, measured in seconds. 
- Inspiration time (TI): Time between dealing the beginning and end of inspiration, 

measured in seconds. 
- Expiratory time (TE): Time between marking the beginning and end of the 

exhalation, measured in seconds. 
- Volume of inspiration (VI): Area under the curve flow between the start and end 

points of inspiration, measured in ml. 
- Expiratory volume (VE): Area under the curve flow between the start and end points 

of expiration, measured in ml. 
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Figure 2-1 shows, as an example, times and volumes extracted from a respiratory cycle of 
the respiratory flow signal [4]. 

 

 
Figure 2-1: Graphic of respiratory flux over time. Example with indications of its main 

parameters.[4] 

 

Electrocardiographic (ECG) Signal 

 

The electrocardiographic signal represents the electrical activity of the heart. From its 
characterization can be made various studies associated with heart rate variability (HRV) 
related to the activity of the autonomic nervous system. 

A normal ECG is comprised of the P wave, Q wave, R and S which form the QRS complex, 
and the T wave time between two consecutive R waves is defined as the RR interval; based 
on this measure can calculate heart rate variability. In Figure 2-2 it is possible see a 
graphical representation of a normal ECG and waves that compose it. 
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Figure 2-2: Electrocardiograma signal with the main reresentative shape named [23]. 

 

 

The electrocardiogram is composed of the sum of the different waves from electrical activity, 
of different areas of the heart, over time. The P wave and the QRS complex are waves 
produced by depolarization of the atria and ventricles, respectively. The T wave is produced 
by the ventricles repolarization after depolarization. 

Electrocardiography is the process of recording the electrical activity of the heart over a 
period of time using electrodes placed on a patient's body. These electrodes detect the tiny 
electrical changes on the skin that arise from the heart muscle depolarizing during 
each heartbeat. 

In electrocardiography, the word "lead" refers to the measurement of voltage between two 
electrodes. Electrodes are placed on the patient's body connected to the device via cables. 
Leads of an ECG uses different combinations of electrodes to measure different signals 
from the heart, figuratively, each lead is like a "photograph" of the electrical activity of the 
heart, taken from a different angle [5]. 

Leads I, II and III are called the limb leads. The electrodes that form these signals are 
located on the limbs—one on each arm and one on the left leg. The limb leads form the 
points of what is known as Einthoven's triangle. 

 Lead I is the voltage between the (positive) left arm (LA) electrode and right arm 
(RA) electrode. 

 Lead II is the voltage between the (positive) left leg (LL) electrode and the right 
arm (RA) electrode. 

 Lead III is the voltage between the (positive) left leg (LL) electrode and the left 
arm (LA) electrode. 

 

 

https://en.wikipedia.org/wiki/Electrode
https://en.wikipedia.org/wiki/Cardiac_striated_muscle
https://en.wikipedia.org/wiki/Depolarization
https://en.wikipedia.org/wiki/Cardiac_cycle
https://en.wikipedia.org/wiki/Einthoven%27s_triangle
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2.3 Weaning Process 

 

Weaning is the process of transferring the ventilatory work back to the patient and should 
be made as soon as the patient can maintain a spontaneous breathing. Extension 
unnecessary or premature disconnect the ventilator adverse effects on the patient's 
recovery process, prolonging the need for mechanical ventilation and length of stay in 
intensive care. There are several methods of weaning and different clinical indices that are 
used in clinical practice before weaning. However, these indexes do not always guarantee 
the success of patient disconnection from mechanical ventilator. The selection of the 
optimal time for continuous disconnection being one of the challenges in clinical practice, 
and subject of study. 

 

The release of mechanical ventilation involves the following steps: 

 
- Clinical evaluation of patient status by the medical staff to determine if a successful 

weaning is possible. 
- In case of clinical indices are favourable for weaning, a spontaneous breathing trial 

(SBT) is performed, this allows an initial assessment of the patient's ability to 
maintain breathing without mechanical support. 

- For patients connected to the fan through an endotracheal tube, if the SBT test is 
passed the tube is removed from the patient. In other cases the period of 
spontaneous breathing is increased progressively. 

- If after some time (48-72 hours) the patient continues maintaining spontaneous 
breathing, weaning process is considered successful, otherwise the patient should 
be reconnected to the ventilator. 

 

Several studies locate between 13% and 25% the percentage of patients who successfully 
pass the test of SBT, but before 48 hours have to be re-intubated [6]. 

 

2.3.1 WEANDB Data-Base 

 

WEANDB data-base contains the recording of electrocardiograms (ECG) and respiratory 
flow signals (FLW) of 154 patients assisted by mechanical ventilation under test T-tube 
weaning and off ventilator. These records were made in the Departments of Intensive Care 
Hospital de la Santa Creu i Sant Pau, Barcelona, and at the Hospital of Getafe, Getafe, in 
Spain [4]. 

ECG signal was obtained using medical Spacelabs monitor. The respiratory flow signal 
was recorded via a pneumotachograph connected to the endotracheal tube directly. The 
pneumotachograph is a Datex-Ohmeda monitor with a variable reluctance transducer 
(Model Validyne MP45-1-871). The two signals were recorded simultaneously at a 
sampling frequency of 250 Hz for 30 minutes. 

According to the outcome of the SBT, the patients were classified into three groups: GSucc, 
93 patients with successful weaning trials who could maintain spontaneous breathing after 
48h; GFail, 40 patients who failed to maintain spontaneous breathing and were 
reconnected to mechanical ventilation after 30 min; and GRein, 21 patients who 
successfully passed the weaning trial, but had to be reintubated within 48h, Figure 2-3.  
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Figure 2-3: Weaning process diagram 

 

The baseline characteristics of the patients such as age, sex, respiratory rate, ventilation 
mode, days of mechanical ventilation and the main diagnosis are summarized in Table 2-1. 

 

 
 GSucc GFail GRein 

 

# Patients (%) 73 (60) 33 (27) 15 (12) 
Age (years) (mean ± sd) 64 ± 18 65 ± 14 66 ± 15 
Male, n (%) 46 (63) 21 (64) 7 (47) 
Female, n (%) 27 (37) 12 (36) 8 (53) 
Respiratory rate (bpm), (mean ± sd) 20.1 ± 5 24.0 ± 5 17.1 ± 3 
Ventilation mode, n (%)    

AC 33 (45) 15 (45) 5 (33) 
PS 40 (55) 40 (55) 10 (67) 

Days of mechanical ventilation (mean ± sd) 5 ± 5 12 ± 9 7 ± 5 
Main diagnosis, n (%)    
Chronic heart failure 14 (19) 3 (9) — 
Neurological disease 14 (19) 11 (34) 5 (36) 
Pulmonary disease 17 (24) 4 (12) 2 (14) 
Abdominal disease 19 (26) 6 (18) 6 (18) 
Postoperative cardiac surgery — 3 (9) 1 (7) 
Miscellaneous 9 (12) 6 (18) 2 (7) 
GSucc: successful group; GFail: failed group; GRein: reintubated group; 
AC: assist-control ventilation; PS: pressure support ventilation. 
There is only information of 136 patients of the 154 total. 

   

 

Table 2-1: WEANDB Clinical Information [6] 
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2.4 Extraction of TTot and RR series 

 

2.4.1 Pre-processing Respiratory Flow and ECG signals 

 

All signals, cardiac and respiratory were filtered eliminating high frequency components 
outside the working range of each, the baseline was removed, the frequency component 
produced by interference from power supplies, and removed outliers peaks. 

Signals were filtered by applying a digital IIR lowpass filter with a cut-off frequency of 250 
Hz, and a notch filter centred at 50 Hz. The filters applied allow removal of high frequency 
noise and eliminating interference from electrical network, respectively. Removing the 
baseline is performed by applying cubic spline method baseline [7]. 

 

2.4.2 Extraction of TTot Series 

 

Applying an adaptation of the method of summation slope function SSF [4], respiratory flow 
signals were characterized, marking the points of maximum inspiration, minimum expiration 
and zero crossings. Based on these marked points the series presented in section 2.2 were 
obtained: 

- Breathing duration (TTot). 
- Inspiratory time (TI). 
- Expiratory time (TE). 
- Volume of inspiration (VI). 
- Volume of expiration (VE) 

For the work done in this master thesis, only it is taken into account the time series TTot. 

 

2.4.3 Extraction of RR and HRV series 

 

The ECG signals were delineated marking the main points in each cardiac cycle. The marks 
that determine the Q, R and S waves were obtained by applying the technique based on 
wavelet. The time series RR were obtained from distances of successive peaks of the R 
waves. Both signals with detection of the heartbeat as time series RR were pre-processed 
to rule out abnormal heartbeats as values out of range, outliers, spurious values, etc. The 
RR series were analysed in a moving window of 60 seconds in length to determine and 
discard values that were outside the range of the mean value ± 5 standard deviations. 

The RR series were resampled at 4 Hz using the technique of cubic spline. Subsequently, 
the series were filtered, and the linear trend was removed. From this RR series, the heart 
rate variability (HRV) was obtained by calculating the standard deviation of the RR series 
in a moving window, was calculated the SDNN (standard deviation of normal to normal RR 
intervals). 

𝑆𝐷𝑁𝑁 =  √
1

𝑁 − 1
∑[𝐼(𝑛) − 𝐼]̅2

𝑁

𝑛=2

 

Where I, is an interval of RR series and 𝐼 ̅is the interval mean.
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3 Recurrence Plots 

 

3.1 Non-linear Dynamics and time delay method 

 

The states in the different systems change in time. The objective is usually to find 
mathematical models which can be adapted to the real processes and used for solving the 
given problems. The measuring of a state, which leads to observations of the state but not 
to the state itself, and subsequent data analysis are the first steps toward the understanding 
of a process. Nowadays, different analysis methods has been based in methods of the 
theory of nonlinear dynamics, in contrast to the typical linear methods used previously. 
Some of these new methods base on a metric or topological analysis of the phase space 
of the underlying dynamics or on an appropriate reconstruction of it [8]. 

The state of a system can be described by its state variables  

 

𝑥1(𝑡), 𝑥2(𝑡), … , 𝑥𝑑(𝑡), 

 

The superscript number is used here as an index of the component and not as an exponent. 

The d state variables at time t form a vector �⃗�(𝑡) in a d-dimensional space which is called 
phase space. This vector moves in time and in the direction, the temporary succession of 
the phase space vectors forms a trajectory (phase space trajectory, orbit). The time 
evolution of the trajectory explains the dynamics of the system, the attractor of the system. 

The observation of a real process usually does not yield all possible state variables. Either 
not all state variables are known or not all of them can be measured. Most often only one 
observation 𝑢(𝑡) is available. Couplings between the system’s components imply that each 
single component contains essential information about the dynamics of the whole system. 

Suppose that information is available on a univariate time series, which is part of a larger 
n-dimensional (maybe deterministic) model. Takens theorem, [8], shows that we can 
recreate a topologically equivalent picture of the original multidimensional system 
behaviour by using the time series of a single observable variable, by means of the method 

of time delays: for the scalar series 𝑥𝑖, we construct the embedded vectors: 

 

𝑥𝑖
𝑚 = (𝑥𝑖, 𝑥𝑖+𝑑 , 𝑥𝑖+2𝑑, … , 𝑥𝑖+(𝑚−1)𝑑) 

 

Where m is the embedding dimension and d is the time delay. Thus, if m ≥ 2d + 1, a single 
output variable is sufficient to recreate completely the dynamics of the underlying system. 
However, the sequence of embedded vectors is useful only if parameters m and d are 
properly chosen by using appropriate methods [9]. 

 

3.2 Recurrence Plot Technique 

 

Recurrence plot (RP) measures the recurrences in the phase space of a dynamical system. 
It may be formally defined by a matrix called Recurrence plot. RP allows visualization of 
phase space trajectories using a two-dimensional graph. 
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The phase space matrix is constructed by time delay embedding of the data and 
reconstructed phase space maintains the topological properties of the original system. RP 
is the visualization of a square matrix, in which the matrix of elements corresponds to those 
times at which a state of a dynamical system recurs (columns and rows corresponds then 
to a certain pair of times).  

Technically, the RP reveals all the times when the phase space trajectory of the dynamical 
system visits roughly the same area in phase space. RP can be mathematically expressed 
as: 

  

𝑅𝑀𝑖,𝑗 = Θ(𝜀�⃗� − ‖𝑥𝑖⃗⃗⃗⃗ − 𝑥𝑗⃗⃗⃗⃗ ‖)     𝑥𝑖⃗⃗⃗⃗ ∈ 𝑅𝑚,   𝑖, 𝑗 = 1 … 𝑁 

 
Where, ‘N’ Number of considered states, ε the threshold distance, || · || a norm, Θ(·) the 
Heaviside function [9]. 
 

3.3 Joint Recurrence Plots 

 

Joint recurrence plot (JRP) is a technique that also allows the study of the interaction 
between two time series. Joint recurrence matrix JRM is calculated from the RM of each 
signal being sought where both states have recurrence signals simultaneously. Analysis of 
recurrence of each data series is done in its own phase space, allowing comparison of 
different scale parameters, units, or physical definition [9]. JRM is defined by: 

 

𝐽𝑅𝑀𝑖,𝑗
𝑥,�⃗⃗⃗�

(𝜀𝑥, 𝜀 �⃗⃗�) = Θ(𝜀𝑥 − ‖𝑥𝑖⃗⃗⃗⃗ − 𝑥𝑗⃗⃗⃗⃗ ‖) Θ(𝜀 �⃗⃗� − ‖𝑦𝑖⃗⃗⃗ ⃗ − 𝑦𝑗⃗⃗⃗⃗ ‖)     𝑥𝑖⃗⃗⃗⃗ , 𝑦𝑖⃗⃗⃗ ⃗ ∈ 𝑅𝑚,   𝑖, 𝑗 = 1 … 𝑁 

 

3.4 Recurrence Quantification Analysis 

 

In order to go beyond the visual impression of RPs, several measures of complexities which 
quantify the small scale structure in RPs have been proposed and are known as 
Recurrence Quantification Analysis (RQA). It quantifies the number and duration of 
recurrences of a dynamical system presented by its phase space trajectory. RQA 
measures are based on the recurrence point density and the diagonal and vertical line 
structure of the RP [9].  

Computation of these measures in small windows (sub-matrices) of the RP moving along 
the line of identity (LOI) yields the time dependent behaviour of these variables. 

- The first measure of the RQA is the recurrence rate (rr) recurrences, which is a 
measure of the density of recurrence points in the RP. This parameter in percent 
will be called fan (fixed amount of nearest) is equivalent to name %REC in [3]. 
 

𝑟𝑟 =
1

𝑁2
∑ 𝑅𝑖,𝑗

𝑚,𝜀

𝑁

𝑖,𝑗=1

 

 

- Determinism (DET) is the ratio of recurrence points that form a diagonal structure, 
where P(l) is the histogram of the length of diagonal lines. The threshold lmin 
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excludes the diagonal lines which are formed by the tangential motion of the phase 
space trajectory. 
 

𝐷𝐸𝑇 =
∑ 𝑙𝑃(𝑙)𝑁

𝑙=𝑙𝑚𝑖𝑛

∑ 𝑙𝑃(𝑙)𝑁
𝑙=1

 

 

- Diagonal structures show the range in which a segment of the trajectory is rather 
close to another segment of the trajectory at a different time; thus these lines give 
a hint about the divergence of the trajectory segments. The average diagonal line 
length is the average time that two segments of the trajectory are close to each 
other, and can be interpreted as the mean prediction time. 
 

𝐿 =
∑ 𝑙𝑃(𝑙)𝑁

𝑙=𝑙𝑚𝑖𝑛

∑ 𝑃(𝑙)𝑁
𝑙=𝑙𝑚𝑖𝑛

 

 
- The maximum length of the diagonal structures or its inverse, the divergence, 

 

𝐿𝑚𝑎𝑥 = 𝑚𝑎𝑥({𝑙𝑖; 𝑖 = 1 … 𝑁𝑙})  𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒 𝐷𝐼𝑉 =
1

𝐿𝑚𝑎𝑥
  

 
- Entropy (ENTR) refers to the Shannon entropy of the probability p(l) to find a 

diagonal line of length l, and reflects the complexity of the deterministic structure in 
the system. 

 

𝐸𝑁𝑇𝑅 =  − ∑ 𝑝(𝑙) ln 𝑝(𝑙)  𝑤𝑖𝑡ℎ 𝑝(𝑙) =
𝑃(𝑙)

∑ 𝑃(𝑙)𝑁
𝑙=𝑙𝑚𝑖𝑛

𝑁

𝑙=𝑙𝑚𝑖𝑛

 

 
- Analogous to the definition of the determinism, we compute the ratio between the 

recurrence points forming the vertical structures and the entire set of recurrence 
points and call it laminarity (LAM). The computation of LAM is realized for those v 
that exceed a minimal length vmin in order to decrease the influence of sojourn points. 
LAM is the measure of the amount of vertical structures in the whole RP and 
represents the occurrence of laminar states in the system without, however, 
describing the length of these laminar phases. LAM will decrease if the RP consists 
of more single recurrence points than vertical structures. 

 

𝐿𝐴𝑀 =
∑ 𝑣𝑃(𝑣)𝑁

𝑣=𝑣

∑ 𝑣𝑃(𝑣)𝑁
𝑣=𝑣𝑚𝑖𝑛

 

 
- It is defined the average length of vertical structures which we call trapping time 

(TT). The measure TT contains information about the amount and the length of 
the vertical structures in the RP. It measures the mean time that the system will 
abide at a specific state (how long the state will be trapped). 
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𝑇𝑇 =
∑ 𝑣𝑃(𝑣)𝑁

𝑣=𝑣𝑚𝑖𝑛

∑ 𝑣𝑃(𝑣)𝑵
𝑣=𝑣𝑚𝑖𝑛

 

 
- Finally, we use the maximal length of the vertical structures in the RP. 

 

𝑉𝑚𝑎𝑥 = 𝑚𝑎𝑥({𝑣; 𝑖 = 1 … 𝑁𝑙})  

 

3.5 Practical Analysis of Recurrence Plots  

 

In this section, the RP technique on known signals are applied. This is done to know how 
the technique behaves, so we can extrapolate and draw conclusions when the technique 
on physiological signals RR, HRV and TTot applies. 

 

3.5.1 Structures in Recurrence Plots 

 

The initial purpose of RPs is the visual inspection of higher dimensional phase space 
trajectories. The view on RPs gives hints about the time evolution of these trajectories. The 
typology of RP offers a global impression, which can be characterized as homogeneous, 
periodic, drift and disrupted. 

 

 Oscillating systems have RPs with diagonal oriented, periodic recurrent 
structures (diagonal lines). 

 

  

 

Figure 3-1: RP of sinusoidal signal. Parameters: m = 3; τ = 10; fan = 5%; lmin = 10; vmin = 10; 

 

 Homogeneous RPs are typical of stationary and autonomous systems in which 
structures diagonal/verticals are short in comparison with the time spanned by 
the RP. An example of such an RP is that of a random time series. A large 
amount of single points and the vanishing amount of lines are caused by heavy 
fluctuation, which is characteristic for uncorrelated noise. 
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Figure 3-2: RP of WGN noise signal Parameters: m = 3; τ = 10; fan = 5%; lmin = 10; vmin = 10; 

 

 Abrupt changes in the dynamics as well as extreme events cause white areas 
or bands in the RP. RPs offer an easy possibility to find and to assess extreme 
and rare events by using the frequency of their recurrences. The nonregular 
occurrence of extended black clusters and extended white areas corresponds 
with a nonregular behaviour in the system, which could be, for example, 
correlated noise. 

 

 The drift is caused by systems with slowly varying parameters. Such slow 
change brightens the RP’s upper-left and lower-right corners. The exact 
recurrent dynamics cause long diagonal lines separated by a fixed distance. 
The nonregular occurrence of short as well as of long diagonal lines is 
characteristic for chaotic processes. 

 

  

 

Figure 3-3: RP of Chaotic signal (Chua’s circuit) Parameters: m = 3; τ = 10; fan = 5%; lmin = 10; vmin = 
10; 
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The closer inspection of the RPs reveals small scale structures (the texture) which are 
single dots, diagonal lines as well as vertical and horizontal lines (the combination of 
vertical and horizontal lines obviously forms rectangular clusters of recurrence points). 

 

 Single, isolated recurrence points can occur if states are rare, if they do not 
persist for any time or if they fluctuate heavily. 

 

 A diagonal line occurs when a segment of the trajectory runs parallel to another 
segment, the trajectory visits the same region of the phase space at different 
times. The length of this diagonal line is determined by the duration of such 
similar local evolution of the trajectory segments. 

 

 A vertical (horizontal) line marks a time length in which a state does not change 
or changes very slowly. It seems, that the state is trapped for some time. This 
is a typical behaviour of laminar states. 

 

3.5.2 RQA for different RP structures 

 

In this chapter we have conducted an analysis of the different parameters for different types 
of RP signal. It has done this exercise to understand how the different parameters and 
variables move, then it can be interpreted more clearly on the signals that affect us RR, 
TTot and HRV series. 

Thus it has become an exploration of the RQA parameters for the following signal types: 

 Deterministic signal (sinusoid) 

 Noisy Signal (WGN with zero mean) 

 Chaotic Signal (Chua’s circuit oscillation) 

 

Deteministic signal: sinusoid 

This periodic signal only see diagonal , as it is possible notice in Figure 3-1, so laminarity 
is 0 and determinism is 1 when it is computed with a lmin and vmin equal to 10, the percentage 
of diagonal larger  than value 10 is total and the percentage of vertical/horizontal lower than 
10 is null. On the other hand entropy is not close to 0 (ENTR = 1.39), this is because there 
is not a single diagonal value. 

 

Noisy Signal (WGN with zero mean) 

In this case, noisy signal, all values are set to 0, determinism, laminarity and entropy. 
Vertical or diagonal not exceeds the minimum value, lmin and vmin in the RQA analysis for 
noisy signal in Figure 3-2 with lmin and vmin equal to 10. 

If we choose as parameters now lmin = 2 and vmin = 2, it is possible see how determinism 
and laminarity are no longer 0, as there are diagonal and vertical / horizontals greater than 
or equal to 2. Entropy has a value of ENTR = 0.2073, relatively low compared with the 
deterministic signal, where ENTR = 1.3940, this is because the diagonals are all 
concentrated in low values.  
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The following table lmean, lmax, vmean and vmax shown for different values of dimension m and 
τ. It is possible see two different behaviours, for τ = 1 and for the rest of τ's. For τ = 1, the 
different variables increase with m, while the rest remain the same. This is because for 
calculating the matrix recurrence displacement between vectors is a single sample, takes 
a vector of dimension m, Euclidean distance is calculated with another vector of dimension 
m, for the next position moves the second vector position and distance it measured ... and 
so on. Thus when the vectors of dimension m are formed with τ = 1, when we produce a 
unit displacement after a recurrence, we modify only two samples ... while when τ = 10 
modify all samples, being much more difficult than the recurrences stay together and 
forming long lines. 

 

lmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 1,77 1,11 1,11 1,11 

m = 6 2,61 1,11 1,11 1,11 

m = 9 3,30 1,11 1,11 1,12 

 

lmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 16 6 7 7 

m = 6 29 7 7 7 

m= 9 43 8 7 8 

 

 

 

vmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 15 9 8 8 

m = 6 25 14 11 10 

m= 9 39 11 11 12 

 

Figure 3-4: lmean, lmax, vmean, vmax for noisy wgn signal. Parameters: m 3-6-9, τ 1-10-50-100 

 

Chaotic Signal (Chua’s circuit oscillation) 

 

This section describes and assess the RP with RQA for a signal from a non-linear system 
with chaotic behaviour. In the case that concerns us Chua’s circuit. Such systems are 
difficult to predict behaviour because of the great sensitivity to initial conditions. It was 
decided to evaluate this type of signal by the similarities that literature warns there with the 
cardio-respiratory interaction [12] [18]. 

Analyse signals from a chaotic system without noise disturbances can help to identify the 
evolution of the most important parameter for different RQA variables [20]. 

The non-linear system formed by the Chua’s circuit contains three state variables, as can 
be deduced from the equations that comprise [10] [11]: 

 

𝑑𝑥

𝑑𝑡
= 𝛼(𝑦 − 𝑥 − 𝑓(𝑥)) 

vmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 1,25 1,16 1,16 1,16 

m = 6 1,32 1,19 1,18 1,18 

m = 9 1,35 1,20 1,19 1,19 
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𝑑𝑦

𝑑𝑡
= 𝑥 − 𝑦 + 𝑧 

𝑑𝑧

𝑑𝑡
= −𝛽𝑦 − 𝛾𝑧 

𝑓(𝑥) ≜ 𝑏𝑥 +
1

2
(𝑎 − 𝑏)(|𝑥 + 1| − |𝑥 − 1|) 

0 <  𝛼, 𝛽, 𝛾 ;    𝑎 < 𝑏 < 0  

 

The following figures show three-dimensional graphical representation of the three state 
variables when evolve over time. 

 

Figure 3-5: Chua’s circuit signal, three-dimensional graphical representation of the three state 
variables 

 

The representation shown in Figure 3-3 is the x state variable depending on the time.  

After this initial explanation we analyse the RP and RQA for different parameters set. 

In a first survey we generate RP analysis on the state variable x from the Chua system, 
with the image generated in Figure 3-3. In the image of the recurrence plot of Chua’s 
system can be observed irregular occurrences of "duration" combined with long diagonal 
cuts, this is a feature of chaotic systems. The obtained RQA from the Figure 3-3 for lmin and 
vmin equal to 10 takes the values of DET=0.9782, ENTR=4.4715 and LAM = 0.9866. 
Compared with the values obtained in the noisy signal and the sinusoidal signal it is 
possible notice that determinism is high due to a certain periodicity of the signal, but also 
laminarity due to the permanence of signal in certain states. Entropy is high due to the wide 
variety of diagonals found. 

It has made a graphical representation of the evolution of the different variables that 
characterize the recurrence matrix for different input parameters. 
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Thus, in the following graphic, for embedding dimension m = 3, we have a representation 
of determinism and entropy depending on the parameter lmin and another representation of 
laminarity depending on the parameter vmin, Figure 3-6. 

It can be deduced in these graphs for high values of lmin, determinism decreases and 
entropy increases. The fact that decreases determinism is entirely logical by definition, 
because it represents the percentage of diagonal larger than lmin, the faster it decreases it 
indicates that there are more short diagonal length than long. 

As entropy indicates the dispersion of the diagonals, a high entropy value means that the 
amount of diagonals of each size is equally distributed in all sizes. Instead a low value of 
entropy indicates that a large number of diagonals belong to the same size. So in the graph 
that concerns us it can be seen that the entropy for cases τ = 1 fan = 1 and 5% grows with 
lmin, this means that there are more diagonal length shorter than in the other cases. 

 

  

 

Figure 3-6: Entropy / Determinism evolution with lmin for Chua’s signal. 

 

Laminarity case is very similar to the determinism but focusing on vertical and horizontal 
lines. Now that decreases laminarity is entirely logical by definition, because it represents 
the percentage of larger vertical/horizontal than vmin. The faster decrease would indicate 
that there are more vertical/horizontal short length. 
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Figure 3-7: Laminarity evolution with vmin for Chua’s signal. 

In the previous graphs one can also check the difference in behaviour with fan and τ. fan 
is the recurrence rate from which generate the matrix of recurrence, so for higher 
percentages have more points and logically diagonal and vertical / horizontal will be larger. 
If τ is the delay in samples between component and component of the vector, the larger 
this delay, are generated matrices recurrence structures longer diagonal and vertical, they 
are generated tracings thicker because recurrences are generated in the same areas. 

What is described in the above lines it is possible be seen graphically in the following 
recurrence plots, Figure 3-8. 

 

 

τ = 1, m = 3, fan = 10 

 

τ = 10, m = 3, fan = 10 
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τ = 100, m = 3, fan = 10 

 

 

Figure 3-8: Chuas’s signal RP for parameters: τ = 1,10,100 m=3 fan = 10 

Below there is a table drawn with lmax, lmean, vmax and vmean values for m = 3,6,9 and τ = 
1,10,50 and 100. It is noteworthy to see how both L’s and V’s increase with τ and m. When 
we increase m, it is increased the number of components of the vector, then it is more 
difficult to find points of recurrence, since there are more components. It also verifies the 
above for large Τs, is more difficult to find locations of recurrence, so that when this occurs, 
the shorter distances are in the vicinity, increasing lines to cover the recurrence rate 
specified in the fan. 

 

lmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 43,03 51,75 200,32 233,44 

m = 6 43,17 91,45 285,71 348,99 

m = 9 43,31 131,20 360,89 321,90 

 

lmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 5997,00 5979,00 5899,00 5799,00 

m = 6 5994,00 5949,00 5749,00 5499,00 

m= 9 5991,00 5919,00 5599,00 5199,00 

 

 

 

vmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 1059 1058 1021 932 

m = 6 1058 1051 906 853 

m= 9 1057 1038 836 1071 

 

Figure 3-9: lmean, lmax, vmean, vmax for Chua signal. Parameters: m = 3-6-9, τ = 1-10-50-100 

 

vmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 61,46 69,80 126,15 143,71 

m = 6 61,62 96,86 148,24 167,42 

m = 9 61,81 112,36 167,02 177,18 
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Signal composed by Chua’s signal and noise 

In this section, the same analysis as above but introducing WGN with  SNR = 6 dB is 
performed. To graphically visualize the difference that occurs in the absence of noise the 
recurrence plot shown with identical parameter in the initial RP in the previous section. It 
can be clearly seen how the structures obtained previously are now blurred. 

 

Figure 3-10: RP of Chua signal with AWGN (SNR=6dB). Parameters: m = 3; τ = 10; fan = 5%; lmin = 
10; vmin = 10; 

 

Now the RQA for lmin and vmin equals to 10 shows the following results DET = 0, ENTR = 0 
and LAM = 4.3064e-05. Results much more close to the noise signal than de Chua’s 
isolated. 

In the following graphs it is seen how determinism and laminarity decrease much earlier 
than in the previous case. The noise produces many more short figures (diagonals and 
verticals). Also entropy is lower, the variety of diagonals decreases dramatically and the 
peculiarities of the RP system Chua are masked. 
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Figure 3-11: Entropy / Determinism / Laminarity evolution with lmin / vmin for Chua’s signal with 
AWGN (SNR=6dB). 

 

In the table below you can see what happens with L's and V's, initially decrease from τ = 1 
to τ = 10 and then left in values more "stuck", unlike what happened previously that 
increased. With the parameter m for τ = 1, L's and V's increase unlike what happened with 
the signal without noise that remained invariant. This is due to the introduction of noise, the 
behaviour of the different variables is altered, now there are more "space" of equally-
distributed recurrence and those who already had are dimmed due to the introduction of 
randomness in the signal. The table shows very similar values to those obtained with just 
noise. 

 

lmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 2,31 1,30 1,30 1,33 

m = 6 3,71 1,34 1,39 1,53 

m = 9 4,88 1,37 1,51 1,91 

 

lmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 27 13 12 11 

m = 6 53 26 15 19 

m= 9 76 33 19 28 

 

 

 

vmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 33 23 28 20 

m = 6 77 55 41 46 

m= 9 106 86 80 180 

 

Table 3-1: lmean, lmax, vmean, vmax for Chua signal with AWGN (SNR=6dB). Parameters: m = 3-6-9, τ = 
1-10-50-100 

vmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 1,67 1,46 1,50 1,55 

m = 6 1,89 1,57 1,67 1,88 

m = 9 2,02 1,63 1,84 2,43 
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3.5.3 RQA evaluated over time 

 

This section is continued on the analysis in Section 3.5.2. Before, it was based on the 
complete signal and now we will focus on the analysis of the sliced signal at different time 
windows. In this section, it is performed the analysis on the signal from Chua’s circuit, to 
establish as different situations on the RP's are reflected. In this first approach, we will 
focus on the analysis of determinism, entropy and laminarity, the most representative 
parameters [17][19]. 

From here, two criteria will considerer to set the value of ε. The first, which has been using 
so far, the value of ε will be the one that generates a desired percentage of recurrence, 
and that we have called fan as seen in section 3.4. Thus, for calculating the temporary 
RQA series, each window will have a different value of ε, so that the RM has its level of 
recurrence rate constant, Figure 3-13. The second is to set a fixed value of ε, so rr value 
of RM will vary over time as shown in Figure 3-12. 

In the figure below, Figure 3-12, you can see the evolution of one of the state variables 
circuit Chua, together with the evaluation of its determinism, entropy and laminarity in 
function of time (represented in samples) for a time window of 100 samples and an overlap 
of 10%. In the last graph is represented the recurrence rate, which takes different values 
over time because its fixed value of ε. 

 

Figure 3-12: RQA time evolution for Chua signal. Parameters: m=3, τ=1, ε=0.05, lmin=10, vmin=10, 
window_size = 100 samples, overlap = 10% 

 

The graph above was performed by calculating the RM's with a fixed and absolute ε, so 
you can clearly see how in areas less swing the rr takes high values unlike what happens 
when local oscillations are more pronounced. On the other hand, include the decrease in 
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entropy determinism and when a state transition occurs from positive level to negative level 
state or vice versa. Laminarity, however, has a behaviour similar to that of rr, takes high 
values in areas where "local" oscillations do not occur. 

The following figure, Figure 3-13, represents the same parameters as those shown above, 
but in this case the RM has been taken for a ε to produce a 5% constant recurrence. Both 
determinism and laminarity can see a behaviour similar to that obtained previously, but not 
as pronounced, when a transition occurs. Laminarity now produces sustained low values 
when a transition occurs. 

 
Figure 3-13: RQA time evolution for Chua signal. Parameters:  m=3, τ=1, fan=5%, lmin=10, vmin=10, 

window_size = 100 samples, overlap = 10% 

 

3.5.4 JRQA evaluated over time 

 

This section is intended to evaluate the behaviour of parameters RQA, determinism, 
entropy and laminarity for Joint Recurrence Plot matrix (JRM) in two state variable of 
Chua’s circuit. It should be noted that the analysis done over two state variables is carried 
out over signals of different nature, one is a voltage and the other is an electric current, 
strongly related. Somehow, similar to what happens with Ttot and HRV variables of the 
cardiorespiratory interaction. 

As in the previous subsection, first representation is shown for a fixed value of ε and then 
to a value of ε that always produce the same percentage of recurrence. 

In the first graph we see that the Joint Recurrence Quantification Analysis (JRQA) 
simultaneous transitions between states are detected in the two state variables, especially 
if we focus on the laminarity, can be seen as laminarity decreases. Similarly, the entropy 
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can also serve us to detect these situations, but in this case, the entropy detects this 
situation with high values. 

 

Figure 3-14: RQA time evolution for JRM of two state variables of Chua system. Parameters:  m=3, 
τ=1, ε=0.05, lmin=10, vmin=10, window_size = 100 samples, overlap = 10% 

 

In the following chart if you look at the entropy, when the two variables are linked entropy 
is stable, when a transition occurs in the two variables at once entropy increases. If one of 
the two variables is totally opposite state then takes low values of entropy. 

On the other hand, the laminarity, as already seen in other cases when the state variables 
take very similar values over time, an increase occurs. This happens just after each 
transition, at that moment is when minor local oscillation occurs. 
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Figure 3-15: m=3, τ=1, fan=5%, lmin=10, vmin=10, window_size = 100 samples, overlap = 10% 

 

The analysis with time signals has shown how it is possible that certain behaviours are 
detected. This has led us to believe that the temporary assessment of GSucc and GFail 
RQA can produce two different types of signals RQA, and this differentiation may lead us 
to describe the different behaviour of the two groups. 
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4 Results 

 

4.1 Parameter Definition for Cardiorespiratory signals 

 

The correct definition of a recurrence depend on the selection of the threshold value ε. 
Small values of ε are more sensitive to the effects of noise, while large values have a high 
rate of false positives in detecting recurrence. Several authors have defined different 
criteria for selecting the optimum value of ε, but this value depends heavily on the data set 
with which this work and the particular problem being treated [13]  

According to different criteria, it is suggested that the optimum value of ε should be the 
minimum value that ensures that recurrence is produced by the studied parameter and not 
by the noise. 

The selection of m and ε value can be performed through different techniques such as: the 
algorithm nearest neighbour, the autocorrelation function, or the function of mutual 
information, among others. The length of the combination m and ε should be sufficient to 
contain the different states of the system dynamics, but should be considered that the 
influence of noise increases as the length of the window [14] . 

Parameters m and ε that define the study of RP have been set to some values in a 
preliminarily way. It has been extracted from different literature references that the values 
of embedding dimension more appropriate for the series of cardio-respiratory which 
concerns us, are of dimension 3 to dimension 6 and delay τ most widespread is just 1, but 
also exists studies which takes 10 samples [15] [16]. 

 

4.2 Analysis of RQA parameters behaviour 

 

The variables derived from the analysis RQA have to characterize the shape / image from 
the RP they represent, it has made a preliminary analysis in section 3.5, with known signals 
in order to explore the meaning of RQA variables. Now, the same exercise for the 
respiratory signal, TTot patient 33 patient’s success series, is performed.  

 

  

 

Figure 4-1: RP TTot serie of patient 33. Parameters: m = 3; τ = 10; fan = 5%; lmin = 10; vmin = 10; 
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In the case of the respiratory signal we can see clear differences from that obtained in the 
Chua’s oscillation circuit and, of course, respect to the deterministic signal. It is got a signal 
input that is much noisier. RQA values were obtained for analysis with vmin and lmin equal to 
10, DET = 0, ENTR = 0 and LAM= 0. 

So if we represent the same plots as in the previous case, we obtain the graphs that can 
be seen below. Graphic entropy and determinism, we can deduce that as we increase lmin, 
determinism and entropy down, this is because we have rather short diagonals, due to the 
mentioned randomness in the signal because of noise. Logically as smaller the recurrence 
rate, less determinism due to the decreased number of diagonals, as with entropy. On the 
other hand, until it begins to decrease, entropy is fairly stable with lmin, this means that the 
diagonals, to the mentioned value that begins decreasing, are quite equally-distributed. 

 

  

 

 

Figure 4-2: Entropy / Determinism / Laminarity evolution with lmin / vmin for TTot serie of patient 33. 

 

Below is a table with the values of L's and V's maximum and average for fan = 10% 
recurrence rate obtained for the series TTot shown. The behaviour seen on the table is quite 
similar to that obtained in the stage of "chua + noise", we must be able to extract from the 
analysis of RQA everything that characterizes different patients and eliminate as far as 
possible all that can be attributed to noise. 
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lmean τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 2,11 1,31 1,27 1,29 

m = 6 3,16 1,44 1,39 1,57 

 

lmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 17 13 7 7 

m = 6 31 29 10 12 

 

 

 

vmax τ = 1 τ = 10 τ = 50 τ = 100 

m = 3 20 23 17 11 

m = 6 39 25 19 11 

 

Table 4-1: lmean, lmax, vmean, vmax for TTot serie of patient 33. Parameters: m = 3-6-9, τ = 1-10-50-100 

 

In section 3.5.2 proceeded to make an assessment of RQA for different known signals and 
thus be able to compare and to read the different values of RQA we get to cardiorespiratory 
signals that have worked in this paragraph, specific TTot signals. From this study have noted 
certain similarities between the signal "Chua + Noise" and TTot signal. Similar results were 
found from HRV and RR signals. 

After exploring the full signal of the HRV, TTot and joint TTot –HRV series, has not been 
obtained for a meaningful differentiation of different groups of patients. It is believed this is 
because of noise appearance but also because there are being comparing states far 
removed in time, this can induce RP structures that do not provide information to the 
distinction of the groups. 

In the following sections TTot and HRV series have been windowed, this is a temporally 
evolution over the time, to study and evaluate only recurrences in signal that occur locally. 

 

4.3 RQA Parameter evaluated in timing windows 

 

This section describes the time evolution of the variables from the RQA, such as 
determinism, entropy and laminarity, as was done in section 3.5.3. In this case it has been 
made for variables TTot (blue) and HRV (green) from 33 patient of the group successfully 
(Figure 4-3) and 33 patient of the group failure (Figure 4-4). 

RQA analysis has been performed on JRP matrix between TTot and HRV. To perform the 
calculation of the matrices, it has had to interpolate the TTot signal samples. The TTot signal 
has period marks higher than those of the HRV signal, so that, in order to both signals have 
the same number of samples, have been introduced samples in TTot repeating the same 
period value as often as required by the number of samples present in HRV. 

vmean τ= 1 τ = 10 τ = 50 τ = 100 

m = 3 1,66 1,59 1,53 1,56 

m = 6 2,16 1,86 1,77 2,02 
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Figure 4-3: RQA time evolution for JRM of TTot-HRV for Success Patient 33. Parameters:  m=3, 
τ=1, εttot = 0.5, εhrv = 0.016, lmin=5, vmin=5, window_size = 60 s, overlap = 10% 
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Figure 4-4: RQA time evolution for JRM of TTot-HRV for Faile Patient 33. Parameters:  m=3, τ=1, 
εttot = 0.5, εhrv = 0.016, lmin=5, vmin=5, window_size = 60 s, overlap = 10% 

 

In the previous figures can be seen similar behaviours to those obtained with the Chua’s 
circuit (section 3.5.4). We can see how determinism and entropy take high values, when 
both signals are fairly stable within a certain oscillation. Instead laminarity takes high values 
when both signals are stable and virtually without flickering. 

 

4.4 Patients Classification 

 

The aim of this subsection is to glimpse a possible method that allows us to classify patients, 
success and failure, from the properties of time signals obtained in RQA. As has been 
shown in previous sections, section 3.5.3, the analysis of the temporal evolution of the RQA 
variables is capable of detecting certain situations in the behaviour of the time series. 

They are to be tested two methods of classification, one extracted or inferred from the 
observation of the histograms of the temporary signal entropy. And another through optimal 
classification technique, Supported Vector Machine (SVM). 

Throughout this study has tried to differentiate groups of failure and success patients, 
obviating the reintubated group. The reintubated group is considered to have important 
similarities with the successful group, this is the reason why it has been ignored, it has 
preferred to focus efforts on first classify groups of success and failure and then focus on 
sorting correctly the reintubated. The final classifier should classify cases of re-tube as if 
they were failure. 
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4.4.1 Mean TTot series subgroups division 

 

Prior to the classification of different groups, subdivision of time series based on average 
duration of breathing (TTot) is performed. It is considered that the different ranges of average 
breathing may result in different properties of RP according to the segment to which they 
belong. 

Also, it is worth noting that patients with breathing problems breathe in a more precipitously, 
as shown by the histograms presented under these lines. 

 
Figure 4-5: Histogram of patients in function of TTot mean. 

 

4.4.2 Histogram Observation 

 

From the observation of the histograms obtained in time series of determinism, entropy 
and laminarity of patients of different groups, is seen the possibility of differentiate between 
success and failure groups evaluating these signals. 

As a first approximation of this capacity, criterion 1, it has been tested with the following 
method of differentiation: is to take the temporal signal derived from joint entropy between 
HRV and TTot, consider that the signal may be a candidate for extubation if it exceeds a 
certain threshold, we will call th_entr a over_th number of times. See the figure below 
(Figure 4-6) to support in the explanation. When the entropy exceeds a certain time over_th 
the green line, we consider that the patient can be extubated. This comparison is made 
independent way on the different means TTot groups that have been divided patients, such 
as explained the previous section. 
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𝑊𝑒𝑎𝑛𝑖𝑛𝑔 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 → ( ∑ ⊝ (𝐸𝑁𝑇𝑅(𝑛) ≥ 𝑡ℎ_𝑒𝑛𝑡𝑟)

𝑙_𝑠𝑒𝑟𝑖𝑒

𝑛=0

) > 𝑜𝑣𝑒𝑟_𝑡ℎ 

 

Figure 4-6: Patients classification criteria. 

 

From this criterion, it is provided a mechanism to define parameters that allow detection. 
Has been made an exhaustive search to establish the different thresholds of the detection 
system, these are, the ε through which the matrix joint recurrence is defined, the th_entr 
level entropy and over_th number of times is considered which has exceeded this threshold 
of entropy to determine whether a patient's success or failure. 

So, first it has limited the study to a number of ε derived from previous simulations, 
considering a sufficient range where the recurrence produces entropy values not null and 
not saturate completely. It is possible assess an example of evolution of entropy for 
different values of ε in the following graphs. In the figures of first level, to the left, are time 
series TTot (blue) and HRV (green), to the right, we have the recurrence rate of the JRP 
matrix of both series. In the figures in the second level, to the left, the entropy of the JRP 
matrix and, to the right, its histogram. 
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εttot = 0.3   εhrv = 0.008 

  

εttot = 0.5   εhrv = 0.016 

  

εttot = 0.7   εhrv = 0.032 
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εttot = 0.9   εhrv = 0.064 

  

 

Figure 4-7: Evolution of Entropy for different ε values. Success Patient num 88: m=6, τ=1, lmin=6. 

 

For each of the values selected ε has made the double exhaustive search on th_entr and 
over_th to obtain the values greater successes number results, in patients distinction 
between success and failure. It has sought the maximum number of success for all 
combinations. They have tried all the combinations of a representative of possible values, 
which can take th_entr and over_th range. 

Below are displayed three tables where the results are displayed, th_entr, over_th and 
percentage of correct classification obtained. In the columns, the classification of patients 
by mean value of TTot sections, and in rows, according to the different values of ε taken into 
account. 

The first table shows the values obtained from th_entr. 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

εttot = 0.3   εhrv = 0.008 3,340 1,330 0,050 0,050 0,050 

εttot = 0.5   εhrv = 0.016 3,840 2,105 0,050 0,050 0,050 

εttot = 0.7   εhrv = 0.032 4,275 2,305 0,050 0,640 0,050 

εttot = 0.9   εhrv = 0.064 4,500 4,095 1,360 1,750 0,050 

εttot = 0.11 εhrv = 0.128  4,500 4,265 1,805 2,415 0,050 

εttot = 0.13 εhrv = 0.256 4,500 4,500 0,050 2,780 0,050 

εttot = 0.15 εhrv = 0.512  4,500 4,535 1,995 3,095 0,050 

εttot = 0.17 εhrv = 1.024  4,500 4,370 2,100 3,450 0,050 

εttot = 0.19 εhrv = 2.048 4,500 3,530 2,085 3,515 0,050 

 

Table 4-2:th_entr vlaues for criterion 1 

Here is the table with the values obtained for over_th. In columns, as classified by sections 
of TTot mean, and in rows, according to the different values of ε taken into account, as 
before. It has been forced to minimum value that you can take over_th is 20 and maximum 
220 samples (which is the value to be taken as maximum length). 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

εttot = 0.3   εhrv = 0.008 220 220 20 20 26 

εttot = 0.5   εhrv = 0.016 220 217 20 189 20 

εttot = 0.7   εhrv = 0.032 218 220 20 219 20 
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εttot = 0.9   εhrv = 0.064 117 58 219 184 20 

εttot = 0.11 εhrv = 0.128  202 73 212 116 20 

εttot = 0.13 εhrv = 0.256 211 65 20 82 20 

εttot = 0.15 εhrv = 0.512  213 55 219 49 20 

εttot = 0.17 εhrv = 1.024  213 89 218 24 20 

εttot = 0.19 εhrv = 2.048 215 141 218 30 20 

 

Table 4-3: overt_th values for criterion 1 

Finally the most interesting table shows the percentage of success for each case, for 
optimum values of over_th and th_entr shown in the above tables. 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

εttot = 0.3   εhrv = 0.008 0,600 0,667 0,676 0,800 0,733 

εttot = 0.5   εhrv = 0.016 0,600 0,708 0,735 0,900 0,844 

εttot = 0.7   εhrv = 0.032 0,600 0,708 0,735 0,950 0,844 

εttot = 0.9   εhrv = 0.064 0,600 0,750 0,765 0,900 0,844 

εttot = 0.11 εhrv = 0.128  0,600 0,750 0,765 0,900 0,844 

εttot = 0.13 εhrv = 0.256 0,600 0,750 0,735 0,900 0,844 

εttot = 0.15 εhrv = 0.512  0,600 0,750 0,765 0,900 0,844 

εttot = 0.17 εhrv = 1.024  0,600 0,750 0,765 0,900 0,844 

εttot = 0.19 εhrv = 2.048 0,600 0,750 0,765 0,900 0,844 

 

Table 4-4: Percentage of success for each case. Criterion 1 

 

The following table shows the same information as before, but now disaggregating the 
outcome depending on the group, the percentage of success for GFail and the percentage 
of success for the GSucc. 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

Group GFail GSucc GFail GSucc GFail GSucc GFail GSucc GFail GSucc 

εttot = 0.3   εhrv = 0.008 0 1.000 0.333 0.866 0.800 0.222 0.882 0.667 0.789 0.143 

εttot = 0.5   εhrv = 0.016 0 1.000 0.444 0.800 1.000 0 0.941 0.667 1.000 0 

εttot = 0.7   εhrv = 0.032 0 1.000 0.778 0.600 1.000 0 1.000 0.667 1.000 0 

εttot = 0.9   εhrv = 0.064 0 1.000 0.333 0.933 1.000 0.111 1.000 0.333 1.000 0 

εttot = 0.11 εhrv = 0.128  0 1.000 0.333 0.933 1.000 0.111 1.000 0.333 1.000 0 

εttot = 0.13 εhrv = 0.256 0 1.000 0.222 1.000 1.000 0.111 0.941 0.667 1.000 0 

εttot = 0.15 εhrv = 0.512  0 1.000 0.333 0.933 1.000 0.111 0.941 0.667 1.000 0 

εttot = 0.17 εhrv = 1.024  0 1.000 1.000 0.533 1.000 0.111 0.941 0.667 1.000 0 

εttot = 0.19 εhrv = 2.048 0 1.000 0.333 0.866 0.800 0.222 0.882 0.667 0.789 0.143 

 

Table 4-5: Percentage of success for each case separated by GFail and GSucc. Criterion 1 

 

This table shows the overall percentage for different values of ε weighting the values 
obtained in each of the sections of the mean TTot. 
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εttot = 0.3   
εhrv = 0.008 

εttot = 0.5   
εhrv = 0.016 

εttot = 0.7   
εhrv = 0.032 

εttot = 0.9   
εhrv = 0.064 

εttot = 0.11 
εhrv = 0.128 

εttot = 0.13 
εhrv = 0.256 

εttot = 0.15 
εhrv = 0.512 

εttot = 0.17 
εhrv = 1.024  

εttot = 0.19 
εhrv = 2.048 

0,707 0,782 0,789 0,797 0,797 0,789 0,797 0,797 0,797 

 

Table 4-6: Overall percentage of success for criterion 1 

 

As a second approach, criterion 2, has been considered the next classifier, it was 
considered that the entropy has to be less than a certain value th_entr, over_th number of 
times. Unlike the previous one that had to be greater or equal. 

 

𝑊𝑒𝑎𝑛𝑖𝑛𝑔 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 → ( ∑ ⊝ (𝐸𝑁𝑇𝑅(𝑛) < 𝑡ℎ_𝑒𝑛𝑡𝑟)

𝑙_𝑠𝑒𝑟𝑖𝑒

𝑛=0

) > 𝑜𝑣𝑒𝑟_𝑡ℎ 

 

The following tables show the values obtained from th_entr and overt_th in columns 
according to the classification by segments of average TTot and rows according to the 
different values of ε taken into account. 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

εttot = 0.3   εhrv = 0.008 1,28 0,05 2,13 1,98 1,76 

εttot = 0.5   εhrv = 0.016 2,11 0,05 2,68 2,51 2,46 

εttot = 0.7   εhrv = 0.032 2,51 0,64 2,83 2,97 2,73 

εttot = 0.9   εhrv = 0.064 3,52 1,87 2,98 3,25 3,06 

εttot = 0.11 εhrv = 0.128  2,97 2,64 3,01 3,49 3,21 

εttot = 0.13 εhrv = 0.256 3,09 3,14 3,14 3,81 4,66 

εttot = 0.15 εhrv = 0.512  3,18 0,05 3,15 4,20 4,63 

εttot = 0.17 εhrv = 1.024  3,40 4,07 3,26 4,26 4,63 

εttot = 0.19 εhrv = 2.048 3,47 4,03 3,30 4,49 4,63 

 

Table 4-7: th_entr vlaues for criterion 2 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

εttot = 0.3   εhrv = 0.008 220 31 219 219 220 

εttot = 0.5   εhrv = 0.016 219 94 220 220 219 

εttot = 0.7   εhrv = 0.032 217 216 220 220 219 

εttot = 0.9   εhrv = 0.064 106 185 220 220 219 

εttot = 0.11 εhrv = 0.128  220 139 219 220 219 

εttot = 0.13 εhrv = 0.256 220 90 216 220 24 

εttot = 0.15 εhrv = 0.512  220 20 220 220 55 

εttot = 0.17 εhrv = 1.024  220 23 215 220 74 

εttot = 0.19 εhrv = 2.048 220 35 220 220 92 

 

Table 4-8: overt_th vlaues for criterion 2 

As before, the most interesting table shows, where the percentage of success for each 
case shown, with optimal values th_entr and over_th shown in the above tables. Below, 
the same table is shown but with the results of the two groups separately. 
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Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

εttot = 0.3   εhrv = 0.008 0,900 0,667 0,765 0,850 0,844 

εttot = 0.5   εhrv = 0.016 0,900 0,708 0,765 0,850 0,844 

εttot = 0.7   εhrv = 0.032 0,900 0,708 0,765 0,850 0,844 

εttot = 0.9   εhrv = 0.064 0,900 0,708 0,794 0,850 0,844 

εttot = 0.11 εhrv = 0.128  0,900 0,667 0,882 0,850 0,844 

εttot = 0.13 εhrv = 0.256 0,900 0,667 0,853 0,850 0,867 

εttot = 0.15 εhrv = 0.512  0,900 0,625 0,853 0,850 0,867 

εttot = 0.17 εhrv = 1.024  0,900 0,667 0,853 0,850 0,867 

εttot = 0.19 εhrv = 2.048 0,900 0,667 0,882 0,850 0,867 

 

Table 4-9: Percentage of success for each case. Criterion 2 

 

Ttot intervals < 1.68s 1.68s-2.08s 2.08s-2.49s 2.49s-2.89s 2.89s < 

Group GFail GSucc GFail GSucc GFail GSucc GFail GSucc GFail GSucc 

εttot = 0.3   εhrv = 0.008 0.833 1.000 0.867 0.222 0.111 1.000 0 1.000 0 1.000 

εttot = 0.5   εhrv = 0.016 0.833 1.000 1.000 0.222 0.111 1.000 0 1.000 0 1.000 

εttot = 0.7   εhrv = 0.032 0.833 1.000 1.000 0.333 0.111 1.000 0 1.000 0 1.000 

εttot = 0.9   εhrv = 0.064 0.833 0.750 1.000 0.222 0.556 0.920 0 1.000 0 1.000 

εttot = 0.11 εhrv = 0.128  0.833 1.000 1.000 0.111 0.556 1.000 0 1.000 0.142 1.000 

εttot = 0.13 εhrv = 0.256 0.833 1.000 1.000 0 0.556 1.000 0 1.000 0.142 1.000 

εttot = 0.15 εhrv = 0.512  0.833 1.000 1.000 0 0.667 1.000 0 1.000 0.142 1.000 

εttot = 0.17 εhrv = 1.024  0.833 1.000 0.867 0.333 0.778 0.960 0 1.000 0.428 0.947 

εttot = 0.19 εhrv = 2.048 0.833 1.000 0.867 0.222 0.111 1.000 0 1.000 0 1.000 

 

Table 4-10: Percentage of sucess for each case separated by GFail and GSucc. Criterion 2 

 

In the last board, the percentage of global accuracy for different ε shown. 

 

εttot = 0.3   
εhrv = 0.008 

εttot = 0.5   
εhrv = 0.016 

εttot = 0.7   
εhrv = 0.032 

εttot = 0.9   
εhrv = 0.064 

εttot = 0.11 
εhrv = 0.128 

εttot = 0.13 
εhrv = 0.256 

εttot = 0.15 
εhrv = 0.512 

εttot = 0.17 
εhrv = 1.024  

εttot = 0.19 
εhrv = 2.048 

0,7970 0,8045 0,8045 0,8120 0,8271 0,8271 0,8195 0,8271 0,8346 

 

Table 4-11: Overall percentage of success for criterion 2 

 

With the results of the previous processing can see that it has obtained a classification 
capacity close to 83% following criterion 2. Knowing that the classification method is far 
from optimal, it has just tested to see different levels taking entropy. 

 

4.4.3 SVM Classification 

 

In order to ensure that there are differences capable of distinguishing the two groups by 
some classical method of classification, we proceed to perform sorting between failure and 
success by Support Vector Machine (SVM) with the tools provided by Matlab. SVM are 
based on statistical learning theory [22]. 
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Assuming a typical two-class problem SVMs transform data into a high-dimensional space, 
to convert a complex classification problem into a simpler one that can be solved by a linear 
discriminant function. known as a hyperplane. The kernel function maps the input data into 
a higher dimensional space. Given a set of binary-labelled training data vectors SVM 
constructs an optimal hyperplane that maximizes the distance between categories and 
allows discrimination. If the data is not separable, the hyperplane is defined by maximizing 
the distance between categories and minimizing the number of misclassified samples. 

The best hyper plane for an SVM means the one with the largest margin between the two 
classes. Margin means the maximal width of the slab parallel to the hyperplane that has no 
interior data points. The following figure illustrates these definitions, with blue circles 
indicating data points of type 1, and red circles indicating data points of type –2. 

 

 

Figure 4-8: SVM “Optimal hyperplane” and “Maximum margin” diagram 

 

In our case we used as kernel function, the Gaussian radial basis function. 

 

𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑒−(𝑥𝑖,𝑥𝑗)
2

/2𝜎2
 

 

Ideally, the SVM-based model should produce a completely separating hyperplane data 
universe studied in two categories. However, perfect separation is not always possible and, 
if so, the result of the model cannot be generalized to other data. In order to allow some 
flexibility, the SVM handle a C parameter that controls the tradeoff between training errors 
and rigid margins, creating a soft margin (soft margin) that allows some misclassification 
while penalizes. 

The choice of the appropriate penalty parameters (C) and the kernel characteristic 
parameter (sigma) is essential to obtain a well-tuned SVM. It is not known beforehand 
which C and sigma are best for a given problem; consequently some kind of parameter 
search must be done. In our case the parameter search has been carried out by means of 
Cross-Validation procedure [21]. In cross-validation, we first divide the training set into v 
subsets of equal size. Sequentially one subset is tested using the classifier trained on the 
remaining v - 1 subsets. Thus, each instance of the whole training set is predicted once so 
the cross-validation accuracy is the percentage of data which are correctly classified. 

SVM has been trained with 20 series of fail and 20 series of success. The series subject to 
classification are the same as in the previous section, series obtained from the entropy of 
the matrices JRM HRV-Ttot with εTTot = 0.19 and εhrv = 2.048. And the Cross-Validation 
procedure has been produced the following parameter selection C = 50 and sigma = 2. 
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The selected series has been produced a result of 79% success rate. These results have 
occurred without subdividing the classification sets for different levels of average breathing, 
unlike, of how we proceeded in the previous section, and without a debugged utilization of 
the SVM technique. 

These results indicates that it is possible to classify these two groups of patients through 
RQA time series beyond the method. The different classification results may give the 
description of behaviour to distinguish patients success of failure. Throughout the analysis 
carried out to date it has not obtained any conclusive results. It is believed that after the 
application of classifiers may be obtained findings regarding the physiological behaviour. 
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5 Discussions and Conclusions 

 

In this work a study of the technique of Recurrence Plots on the time series of heart rate, 
heart rate variability and respiration rate is performed to obtain a judgment from which 
decide whether a patient undergoing weaning is enabled to take out the endotracheal tube. 

First, there has been a brief description of the cardiovascular and respiratory system, and 
how the time series (RR, HRV and TTot), which are being studied to decide whether or not 
extubate, are obtained. It has also presented data base WEANDB, a database filled with 
data obtained in patients in the Hospital of Sant Pau in Barcelona and in the Hospital of 
Getafe in Madrid. 

After the description of the data available for each case or patient, the technique of 
Recurrence Plot, on which it will base the analysis of time series of different patients, is 
presented. Description of recurrence plot, joint recurrence plot and quantitative study of the 
matrices of recurrence, the Recurrence Quantitative Analysis (RQA), is performed. Based 
on the theory exposed, a practical analysis of different known signals is done: that is on a 
sinusoidal signal, on a noisy signal and a signal from a chaotic system as Chua's circuit. 

In the largest section of the document, a series of results obtained from the time series of 
RR, HRV and TTot are exposed. These results have three parts: first, an analysis of the 
complete series is performed, then an analysis of the signal divided into time windows and 
finally the classification of patients is performed. The analysis of the sliced signal is 
performed to analyse the evolution of the different parameters RQA with time. 

From the analysis of different complete time series RR, HRV and TTot, has not been able 
to clearly see any feature in the RQA analysis to distinguish patients in the success group 
from patients in the failure group. Nor it has any clear results obtained in the analysis Joint 
Recurrence Plot for RR-TTot and HRV-TTot. There not have achieved results that go beyond 
the results already obtained [3]. In our case we have seen great similarities of behaviour in 
signal analysis of Chua circuit with noise with signal analysis of the physiological time series, 
where a behaviour that closely resembles the noise. This leads us to believe that the 
analysis that we are conducting dominate the properties of the noise. 

In view of the difficulties in distinguishing patients from the analysis of the entire series, we 
proceeded to analyse the temporal evolution of the different variables RQA for different 
series of RR, HRV and TTot, and also for the Joint Recurrence matrix between RR-TTot and 
HRV-TTot. This same exercise had been carried out with known signals and it was seen 
that the time evolution of temporary variables RQA were able to detect certain dynamic 
signal such as abrupt transitions and, in the case of joint, when both signals remains in the 
same state. 

The time series of determinism, entropy and laminarity, which are derived from RQA 
analysis of the windowed signals, generate a certain type of histograms. From the different 
types of observed histograms and the fact discussed above, regarding the temporal 
evolution of the temporary variables RQA display certain behaviors in the series, it was 
decided to take as a basis for detection and classification of patients, the temporal evolution 
of RQA variables. 

Two methods of classification, one based on the analysis of histograms of temporary 
variables RQA, and another based on Supported Vector Machine (SVM) are used. The first 
method is created specifically to test if there are any obvious pattern in the histograms of 
determinism, entropy or laminarity that allow classification. Specifically it is based on 
evidence that the temporary signal exceeds a certain number of times a certain level, could 
give rise to a differentiation. In the case of the method based on histograms, for the 
temporal evolution of the entropy of the JRM of TTot-HRV, it has obtained a correct 
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classification rate of 83%, while for the case of using SVM was obtained of 79%. Note that 
the result obtained with SVM has occurred with one preliminary use of the technique, 
without extensive debugging of the various parameters. The aim was to compare the 
results obtained with the intuitive method. 

The results are comparable to those obtained in other studies although that has not been 
worked in detail the selection of the various parameters that lead RQA analysis as they 
could be the dimension m, or the time delay τ. For further developments, it would be 
desirable to incorporate the study methods of selection of parameters, which allows, for 
example, discriminate any variation due to noise than it actually is information from 
cardiorespiratory process. These methods select values of different parameters, based on 
a maximization of the amount of information. 

Another pathway analysis to explore would be to work with full signals, analyse continuous 
ECG signal and fluxograma. Thus we would have access to information phase, and could 
see how couplings behave, including the cardiovascular system and the respiratory system, 
and to see if any synchronizations occur. To have control over the processes that are to be 
detected, it is proposed to make a comparison on known signals again, which may present 
a similar case mix to cardiorespiratory couplings. 

In summary, in this document, it has been seen as a possibility to detect the optimal 
moment of weaning, the variable of temporal evolution of the entropy of the JRM of TTot-
HRV series. The results give grounds for optimism given that there are still several 
parameters to be optimized. 
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