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Abstract: The aim of the study is to evaluate the complexity matching between the 
HRVs of the group of Healers and the Healee during the various stages of the 
meditation protocol by employing a novel mathematical approach based on the 
H-rank algorithm. The complexity matching of heart rate variability is assessed 
before and during a heart-focused meditation in a close non-contact healing 
exercise. The experiment was conducted on a group of individuals (eight Healers 
and one Healee) throughout the various phases of the protocol over a ~75-minute 
period. The HRV signal for the cohort of individuals was recorded using high-
resolution HRV recorders with internal clocks for time synchronization. The 
Hankel transform (H-rank) approach was employed to reconstruct the real-world 
complex time series in order to measure the algebraic complexity of the heart rate 
variability and to assess the complexity matching between the reconstructed H-
rank of the Healers and Healee during the different phases of the protocol. The 
integration of the embedding attractor technique was used to aid in the 
visualization of reconstructed H-rank in state space across the various phases. 
The findings demonstrate the changes in the degree of reconstructed H-rank 
(between the Healers and the Healee) during the heart-focused meditation 
healing phase by employing mathematically anticipated and validated 
algorithms. It is natural and thought-provoking to contemplate the mechanisms 
causing the complexity of the reconstructed H-rank to come closer; it can be 
explicitly stated that the purpose of the study is to communicate a clear idea that 
the H-rank algorithm is capable of registering subtle changes in the healing 
process, and that there was no intention of delving deep to uncover the 
mechanisms involved in the HRV matching. Therefore, the latter might be a 
distinct goal of future research.  
Key Words: Hankel matrix, meditation, complexity matching, attractors, heart 
rate variability 
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INTRODUCTION 
Before we begin describing the introduction section of this study, it is 

considered imperative to outline the study structure while keeping the research's 
main objectives and targets in mind. The main objective of this study is to 
introduce the notion of the H-rank technique as a reliable and efficient 
mathematical method for identifying complexity matching between the HRVs of 
the group of individuals known as Healers and the Healee during the meditation 
exercise. It should also be emphasized that when we mention about the complexity 
of the HRV, we effectively mean the number of algebraic components required to 
reconstruct the given HRV time series with a given accuracy (epsilon). With the 
study's purpose in mind, the following arrangement will be followed in the 
Introduction section: We will begin our study introduction by first describing the 
(a) human interactions and synchronization, then (b) meditation, its various styles 
and psychological impacts, (c) heart rate variability as the measure of the 
complexity, and lastly (d) Measuring complexity with the H-rank technique. 

Human Interactions and Synchronization 
Study of synchronization between the human within groups and with the 

outside world are prominent fields of study in psychology, psychophysiology, 
clinical and the social and environmental sciences. There can be various setups 
when persons are performing coordinated activities (Guastello & Peressini, 2017), 
for example watching an orientation video together, an individual decision task, 
and a group decision task (Guastello, Mirabito, & Peressini, 2020), or the persons 
may be connected due to the physiological activity (Palumbo et al., 2017), or the 
coordinated activity exists between or among the individuals for a shared 
objective (Kazi et al., 2021); in all scenarios, the synchronization appears to take 
place in time. Observations from everyday life show that widespread coherent 
activities among people are associated with successful interpersonal relationships 
(Zhang, Meng, Hou, Pan, & Hu, 2018). During social interaction, people tend to 
contemporize with individuals with whom they desire to build favorable 
relationships (Miles, Lumsden, Richardson, & Neil-Macrae, 2011) and the 
coherent flow in social interactions largely depends on the unconscious harmony 
between people (Cohen, Janicki-Deverts, Turner, & Doyle, 2015; McCraty, 2004, 
2017; Murphy, Janicki-Deverts, & Cohen, 2018). When we are engaged in 
conversation, we unconsciously begin to coordinate our movements, postures, 
speaking rates and length of pauses (Cleeland et al., 1994). A growing body of 
literature has shown that important aspects of people's physiology also can 
become same (Cohen et al., 2015).  

The coordination of the rhythmic activity among separate individuals 
requires some type of a signal (chemical, light, tactile, electromagnetic, or sound) 
to convey information between them. For example, the matching of physical 
activities through visual cues has been shown to increase compassion and 
altruistic behavior (Vacharkulksemsuk & Fredrickson, 2012; Valdesolo & 
DeSteno, 2011), and pro-social behaviors (Steinhoff et al., 2004). Examining 
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synchronized brain activity in groups is of interest in social neuroscience, 
however, the ability to conduct studies in real-world social contexts or in groups 
is methodologically challenging, due to the lack of suitable recording set-ups and 
appropriate tools for multi-participant analysis. Multiple studies have 
demonstrated brain-to-brain synchronization in pairs of participants suggesting 
that the perceptual systems of one person's brain can be coupled or linked to 
another person's brain (Fusaroli & Tylén, 2012) and has been suggested as a 
mechanism for extended consciousness and group consciousness, potentially 
explaining the known association of contemporation with the feeling of being 
together with someone else (Valencia & Froese, 2020). For example, in functional 
magnetic resonance imaging (fMRI), studies have demonstrated synchronization 
between listener and speakers’ brains which exhibit coupled temporal response 
patterns during communication and more extensive neural coupling, which was 
associated with more successful communications (Stephens, Silbert, & Hasson, 
2010). The increased interest in fMRI (Bilek et al., 2015; Koike et al., 2016; 
Schippers, Roebroeck, Renken, Nanetti, & Keysers, 2010; Stephens et al., 2010; 
Tanabe et al., 2012) and electroencephalography (EEG) in physiological 
synchronization research (Astolfi et al., 2010; De Vico Fallani et al., 2010; 
Kawasaki, Yamada, Ushiku, Miyauchi, & Yamaguchi, 2013) has revealed that 
verbal and nonverbal communication promotes interpersonal links between brain 
activity (Timofejeva et al., 2017).  

In a study examining patient-clinician interactions during simultaneous 
fMRI recordings, clinicians interacted with the patient via live video, during the 
treatment of evoked pain in patients with chronic pain (Ellingsen et al., 2020). 
The results showed that patient analgesia was mediated by patient-clinician 
nonverbal behavioral mirroring and extensive dynamic brain-to-brain 
synchronization in circuitry associated with social mirroring, but only in dyads 
where pre-established clinical rapport was established. There is numerous 
evidence showing that close contact with another person significantly reduces 
viral illness, strengthens immunity, and for those who are already ill, having 
contact with someone improves the course of the disease and relieves the 
occurrence of severe symptoms (Cohen et al., 2015). Close contact has also been 
shown to have a positive effect on the dynamics of interpersonal conflicts 
(Murphy et al., 2018), the stabilization of blood pressure and heart activity (Light, 
Grewen & Amico, 2005). Identification of clusters in a group of people is an 
important aspect in this context, and psychologists have been using various 
questionnaires to identify sub-groups of people based on their psychological traits. 
This has been done with various purposes, such as anticipating the success of 
intimate relationships (Lucchi, Basili, & Sacco, 2020), effective leadership and 
team dynamics (Delice, Rousseau, & Feitosa, 2019) etc. However, when 
observing human behaviors and interactions, more complex dynamics than the 
compatibility of psychological traits become apparent. Relevant to this study, a 
study of shared intentionality where individuals had a shared goal and needed to 
coordinate their efforts, functional near-infrared spectroscopy was used to 
demonstrate a significant increase in interpersonal neural synchronization 
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between the pre-frontal cortex of participant pairs engaged in a mutually held goal 
(Fishburn et al., 2018). In contrast, when participants were engaged in identical, 
but individual-focused goals significant interpersonal neural synchronization 
were absent.  

In a nutshell, synchronization phenomena exist in different complex 
dynamical systems. For example, clocks, chirping crickets (Strogatz, 2003), 
cardiac pacemakers, firing neurons, and applauding audiences all tend to operate 
in tandem. These phenomena are widespread and may be characterized with a 
paradigm based on current nonlinear dynamics (Pikovsky, Rosenblum, & Kurths, 
2001; Sulis, 2016).  

 In the next section, we will discuss meditation in general, its various 
types, and the psychological interactions that occurs as a result of meditation. 

Meditation, Its Various Styles and Psychological Impacts 
The health effects of various types of meditation are another important 

aspect to consider when discussing the complex dynamics of human health and 
healing. Meditation has been practiced over millennia by diverse groups of people 
in many different traditions, has widely spread into Western society and is quite 
often used as a therapeutic approach to facilitate healing (Behan, 2020). In 
general, meditation could be described as a process of concentrating on your inner 
self and expanding consciousness or awareness beyond one’s normal day-to-day 
experience (Sharma, 2015), in many cases involving a specific intention to 
connect with another person to facilitate healing (Lindhard, Hermann, & Edwards, 
2021). According to one study, mindfulness meditation has significant impacts on 
brain and immunological functions (Davidson et al., 2003). Meditation has been 
shown to increase the activity in the prefrontal cortex, the cingulate cortex and the 
hippocampus, and to decrease activity in the amygdala, resulting in better emotion 
regulation (Gotink, Meijboom, Vernooij, Smits, & Hunink, 2016). Meditation has 
also been shown to reduce age-related brain degeneration (Khalsa, 2015; Luders, 
2014; Newberg et al., 2014) and improve prospective and spatial memories 
(Lardone et al., 2018). In addition, meditation has been positively associated with 
reduction of anxiety, depression, rumination and overall improvement in mood 
control (Afonso, Kraft, Aratanha, & Kozasa, 2020; Zhang, Wang, Wang, Liu, & 
Huang, 2019) which is related to physiological indicators such as HRV, blood 
pressure and others. 

There are many styles of meditation that suggest different ways to 
redirect one’s focus and attention, although some share similar approaches, they 
can have different theoretical orientations. Many approaches to meditation focus 
on attempting to still one’s mind and thoughts while others such as HeartMath’s 
Heart Lock-In and there are some Buddhist meditations which focus specifically 
on cultivating feelings of appreciation, unconditional loving-kindness, and 
compassion. In a study of Zen monks, who focus on generating positive feelings, 
it was found that the more advanced monks tended to have coherent heart rhythms, 
while the novices did not (Lehrer et al., 1999). In a number of studies that have 
used the Heart Lock-In technique, it has been shown that it results in a significant 
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increase in heart rhythm coherence, which is associated with a wide range of 
mental, emotional and physiological benefits (Lehrer, Sasaki, & Saito, 1999; 
McCraty, 2017; McCraty, Atkinson, Tiller, Rein, & Watkins, 1995; McCraty, 
Atkinson, Tomasino, & Bradley, 2009).  

The new tools that have been developed for the study of non-linear, 
complex dynamic systems offer a promising area for new systematic research in 
the study of HRV complexity and how it may be facilitated by meditation 
practices that increase physiological coherence (Timofejeva et al., 2021). In the 
next section we will elaborate about the HRV as an efficient measure of analyzing 
the complexity of the signal. 

Heart Rate Variability as a Measure of Complexity  
An approach for evaluating physiological communication between 

individuals and between people and environmental influences, such as the 
resonant frequencies in the Earth’s magnetic fields is the heart rate variability 
(HRV). HRV is the measurement of the change in the time intervals between 
successive pairs of heartbeats, is an emergent property of interdependent 
regulatory systems which operate across different time scales to adapt to 
environmental and psychological challenges (McCraty & Shaffer, 2015). HRV 
provides a widely validated means to evaluate changes in the autonomic nervous 
system (ANS) dynamics in real-time, in ambulatory contexts, with no technical 
limit on the number of participants that can be recorded simultaneously with 
synchronized timing. It, therefore, provides an ideal assessment for studying the 
real-time, complex dynamics of groups and psychological activity.  

All analyses of HRV are conducted on the R–R (R-wave of the ECG) 
intervals, which can be done over various time frames. These intervals may then 
be examined by employing time or frequency domain analysis (Martinmäki & 
Rusko, 2008), nonlinear analysis (de Godoy, 2016), and chaotic analysis (Naghsh, 
Ataei, Yazdchi, & Hashemi, 2020). Because of the nonlinear nature of the HRV 
signal, nonlinear techniques may be employed to analyze HRV signals efficiently 
(Voss, Schulz, Schroeder, Baumert, & Caminal, 2009). Nonlinear techniques can 
describe the hidden dynamics of the ANS and cardiovascular system (Steven, 
2010). 

The human body is a complex system (Clermont & Angus, 2001; 
Ladyman, Lambert, & Weisner, 2013) in which many different systems within 
the body must work together in coherence to maintain life's functions. A complex 
and constantly variable heart rate (HR) indicates the presence of robust regulatory 
mechanisms capable of successfully adjusting to environmental and psycho-
logical challenges and stressors (Lombardi, Malliani, Pagani, & Cerutti, 1996; 
Obrist, 2012; Selye, 1956; Vila et al., 2007) while decreased age-adjusted HRV 
is associated with poor self-regulatory capacity, cardiovascular and vascular 
diseases (Obrist, 2012) and mental and cognitive disorders (Stein et al., 2000; 
Taylor, 2010; Tulen et al., 1996). Due to the fact that the interdependent 
underlying physiological sources of HRV work across various time scales, the 
frequencies found in the heart's rhythm are distributed in different frequency 
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bands. Because it can distinguish sympathetic from parasympathetic control of 
the sinoatrial node, the mathematical transformation of HRV is frequently utilized 
as a noninvasive test of integrated neurocardiac function (Ziemssen & Siepmann, 
2019). Due to the convenience and low cost of HRV data collection, as well as its 
clinical health significance and strong correlations with psychophysiological 
variables, the use of HRV in research has flourished over the last several decades 
(Pham, Lau, Chen, & Makowski, 2021), including physiological synchronization 
studies (McCraty, 2004, 2017; McCraty et al., 2017; Pérez et al., 2021; 
Timofejeva et al., 2021; Yoon et al., 2019). 

As stated above, for the physiological activity of separate individuals to 
map, a signal of some type is needed to convey information between the 
individuals. The role of visual, tactile, and auditory signals as the mediating signal 
for the physiological communication between participants has been explored.  

Measuring Complexity with the H-rank Technique 
The dynamical principles that govern human physiology are far from 

linear, necessitating an examination of nonlinearity that exists in the dynamical 
systems. For example, physiological data such as EEG, ECG, and fMRI, gene 
expression data, etc., can be characterized as nonlinear time series. In order to 
describe the underlying dynamical system of a given nonlinear time series, a few 
characteristic values are often taken from a wide sample of the data sets. As a 
result, the compressed information represented by these characteristic numbers 
must highlight certain system properties (Zou, Donner, Marwan, Donges, & 
Kurths, 2019). The fast evolution of dynamical systems theory, sometimes known 
as” chaos theory,” which examines system dynamics using a set of nonlinear 
difference equations, gives way to the collection of nonlinear time series 
analytical concepts and approaches. Many mathematical techniques have been 
used to solve the nonlinear system. Nonlinear stochastic approaches, data-based 
mechanistic models, artificial neural networks, support vector machines, 
wavelets, evolutionary computing, fuzzy logic, entropy-based techniques, and 
chaos theory are just a few of the methodologies (Sivakumar, 2017).  

For systems identification, the Hankel matrix, named after Hermann 
Hankel, is often implemented. For instance, in a method for clocking the 
convergence of iterative chaotic maps, the Hankel rank concept is used (Ragulskis 
& Navickas, 2011). The H-rank approach is presented by (Ragulskis, Navickas, 
Palivonaite, & Landauskas, 2012) to decompose the solution into algebraic 
primitives. The notion of the H-rank is used by (Ragulskis, Lukoseviciute, 
Navickas, & Palivonaite, 2011) to find a base fragment of the time series. As 
previously stated, the adaptability of the H-rank approach lies in the fact that it 
aids not only in the study of complex time series such as HRV, but also in 
determining the number of algebraic components required to reconstruct the given 
time series with the given accuracy (the threshold parameter epsilon) (Ragulskis 
et al., 2012). 

Before we single out the H-rank algorithm to establish a precedent for 
identifying the complex dynamics of the HRV. It is worth mentioning to state the 
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fact that the comparative analysis of other algorithms with H-rank is beyond the 
scope of this paper. However, we would want to highlight the degree of 
complexity associated in dealing with HRV signal and the adaptability of the H-
rank algorithm to deal with complex time series contaminated by noise yields 
promising results (Ziaukas, Alabdulgader, Vainoras, Navickas, & Ragulskis, 
2017). Of course, implementing other mathematical algorithms and their 
comparison with the H-rank technique can be said to serve as the objective of 
future research. 

With the utility and adaptability of the H-rank approach for analyzing 
diverse nonlinear systems (Landauskas, Navickas, Vainoras, & Ragulskis, 2017; 
Ragulskis et al., 2012), we do implement it on HRV data. The primary goal of this 
study is to analyze the complexity matching between the HRVs of the group of 
Healers and the Healee during the various stages of the meditation protocol. Our 
method is distinctive in that we use the Hankel matrix-based approach to examine 
the algebraic complexity matching of the HRV data for a cohort of individuals 
(Healers and the Healee). When the HRV of the Healers and Healee exhibit 
similar H-rank, this suggests that there is relationship in the form of complexity 
matching. The concept of complexity matching used in this paper is closely 
related to synchrony which is also discussed in the following studies on dyadic 
interaction where researchers examined the processes of synchronization, 
entrainment, alignment, and convergence and proposed a coordination term 
known as complexity matching (Abney, Dale Paxton, & Kello, 2014; Fine, 
Likens, Amazeen, & Amazeen, 2015).  

METHODS 
Participants 

The study population consisted of nine female volunteer meditators 
attending a 7-day meditation retreat in the USA, led by Dr. Joe Dispenza in 
September 2019. During the retreat over 1000 attendees were guided through a 
series of lectures by Dr. Dispenza regarding the mind-body connection and 
participated in ~35 hours of meditation varying in intent and posture (including 
sitting, standing, lying, walking, and healing focused meditations). It should be 
noted that the meditation was guided, but no control mechanisms were involved. 
When we mention about control mechanisms, we are addressing the fact that there 
are no intentions to influence the healers. 

Prior to the retreat, all attendees were invited via email to volunteer in 
HRV research during the event. Over 600 attendees (mostly female) volunteered 
to take part and completed an online HIPAA compliant application form capturing 
their name, gender, date of birth, pre-existing health conditions, current 
meditation, and consent. 

After excluding applicants who did not fit the inclusion criteria (i.e., 
those on heart rhythm altering medications which could invalidate HRV data 
accuracy), 92 healthy applicants were selected at random and 8 participants with 
pre-existing (non-cardiac) health conditions were selected to be Healees. The 100 
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selected participants were then divided into groups of 20, and each day (for 5 
consecutive days of the retreat) a new group of 20 participants were fitted with 
the HRV recorders. 

All participants underwent 24-hour ambulatory HRV recordings using 
high-resolution HRV recorders (Bodyguard2, first beat Technologies Ltd., 
Jyväskylä, Finland) which were attached by the site coordinator. Ambu Blue 
Sensor L microporous disposable electrodes were located in a modified V5 
position. The inter-beat-interval (IBI) was calculated by the HRV recorder from 
the electrocardiogram with a sample rate of 1000 Hz. The RR intervals were 
stored in the HRV recorders’ memory. The HRV data were then downloaded to a 
workstation and edited for artifacts from moment and ectopy using DADiSP 6.7. 
IBIs less or greater than 30% of the mean of the previous four intervals were 
removed from the analysis record. Following the automated editing process, all 
recordings were reviewed manually by an experienced technician and, where 
needed, corrected. All the HRV recordings were segmented into consecutive 5-
min segments. Any 5-min segment with more than 10% of the IBIs either removed 
or missing were excluded from the analysis. The local time stamps in the HRV 
recordings were used for time synchronization between participants. 

The HRV data analyzed here is from 9 of the participants during a close 
non-contact healing exercise that took place over ~75 minutes on September 21st, 
2019. All 9 participants were female, aged between 33-67 (mean age of 48 years) 
and all healthy subjects other than the 1 Healee (56 years old) who was selected 
due to their pre-existing (non-cardiac) medical condition (-lung fibrosis post 
pneumonia). All Healers had limited interaction with their Healee prior to the 
healing protocol and were unaware of their Healee’s medical diagnosis. 

Ethics Statement 
The research met all applicable standards for the ethics of 

experimentation in accordance with the Declaration of Helsinki as reflected in 
prior approval by the Regional Biomedical Research Ethics Committee of the 
Lithuanian University of Health Sciences (ID No. BE-2-4, 15 March 2016). The 
permit to perform biomedical investigation was granted by the (copies of 
documents are enclosed as Supplementary Materials). Participants provided 
written informed consent prior to the experiment. 

Experiment 
The healing protocol lasted for ~75 minutes and consisted of 9 phases. 

After the Healers gathered (Phase 1), the meditation phase began with Healers 
standing up and closing their eyes for fifteen minutes (Phase 2). All Healers then 
opened their eyes and began walking around the conference room for eleven 
minutes (Phase 3). After a brief period of returning to the standing meditation 
phase (Phase 4, eyes closed), all Healers opened their eyes and formed circles of 
8 Healers (Phase 5). The Healees then entered the room and took their positions 
in the healing circle (Phase 6). The Healers then sat down around their Healee and 
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began a heart-centered meditation (Phase 7). All Healees then rubbed their own 
hands together and extended their hands towards the Healee (Phase 8). This is the   
Table 1. Timing of the Nine Phases of the Synchronization Shifts. 

 
Phase 

Local Time Seconds 
 

Description Start End Start End 
1 17:00 17:06 0 360 Healers assemble: All Healers 

gather and stand waiting 
outside the conference (healing) 
room prior to the healing 
protocol.   

2 17:06 17:21 360 1260 Standing meditation part 1: 
Healers participate in the 
standing section of the guided 
healing meditation (eyes 
closed).  

3 17:21 17:32 1260 1920 Walking meditation: Healers 
open their eyes and walk in a 
large circle around the room to 
the guided healing meditation 
(eyes open).  

4 17:32 17:35 1920 2100 Standing meditation part 2: 
Healers stop, close their eyes 
and stay standing during final 
guided Healers meditation. 

5 17:36 17:39 2160 2340 Healing-circle formation: 
Healers open their eyes and 
form healing-circles (in groups 
of 8).   

6 17:39 17:51 2340 3060 Healees enter healing-circle: 
Healees enter the healing room, 
lie down in the center of the 
healing circles, and close their 
eyes. (Healers remain standing 
with eyes closed throughout).  

7 17:51 18:01 3060 3660 Healers and Healees connect: 
Healers open their eyes, sit 
down, and look at their Healee 
and other Healer’s briefly, then 
close their eyes to begin a 
guided heart-focused 
meditation.  

                                                                                        (Continued) 
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Table 1. Continued. 

 
Phase 

Local Time Seconds  
Description Start End Start End 

8 18:01 18:07 3660 4020 Healers intend to influence the 
Healee: All Healers rub their 
own palms together, before 
pointing their hands in the 
direction of the Healee and 
meditate on creating a coherent 
energetic field around Healee. 

9 18:07 18:15 4020 4500 Healers conclude the Healing 
Meditation: All Healers place 
their own hands over their 
hearts and are guided to 
meditate on directing their heart 
energy inward, which 
concludes the healing 
meditation protocol.   

moment when the Healers intend to direct their elevated individual energy to the 
Healee, and then synchronize this with the collective energy of all Healers, thus 
creating a coherent energetic field around the Healee. Finally, the Healers laid 
their hands over their own hearts, indicating the conclusion of the healing 
meditation protocol (Phase 9). See Table 1. 

The next section presents and defines the computational techniques used 
to interpret the recorded HRV for both the Healers and the Healee, followed by 
an explanation of the phase plane representation of the healing process throughout 
the experiment. 

H-rank Algorithm Adaptability for Synthetic Data 
This section will provide a summary of the Hankel matrix and the 

mathematical form of the Hankel transform. Later, we shall describe the 
adaptability of the H-rank approach by analyzing the chaotic time series as an 
example, which we will refer to as synthetic data. Finally, the applicability of the 
H-rank is demonstrated using the complex time series (RR-cardiac interval) 
exploited in our research.  

A Hankel matrix:  

x A୬ = ⎣⎢⎢
⎢⎡ c଴ cଵ   ⋯ c୬ିଵcଵ cଶ   ⋯ c୬⋮     ⋮      ⋱ ⋮c୬ିଵ c୬ ⋯ cଶ୬ିଶ⎦⎥⎥

⎥⎤
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is a matrix (aij) in which for every r the entries on the diagonal i + j = r are the 
same, i.e., ai,r-j = cr for some cr. If we consider a scalar time series of real numbers 
 ൛x୨ൟ୨ୀଵାஶ

. The Hankel transform maps this series into a sequence ൛h୨ൟ୨ୀଵାஶ , 

where hj = det (Hj) and Hj is a j-order catalectican Hankel matrix: 

Hj = ⎣⎢⎢
⎢⎡ 

xଵ xଶ   ⋯ x୨xଶ xଷ   ⋯ x୨ାଵ⋮     ⋮      ⋱ ⋮x୨ x୨ାଵ ⋯ xଶ୨ିଵ⎦⎥⎥
⎥⎤
 (Tamm, 2001).  

The H-rank algorithm was demonstrated in (Landauskas et al., 2017; 
Palivonaite & Ragulskis, 2014; Ragulskis et al., 2011) and has been widely 
employed to determine not just the order of a linear recurrence sequence, but also 
to evaluate algebraic complexity of complex time series. We shall recall the 
primary goal of this research, which is to identify the complexity matching 
between the Healers and the Healee throughout the meditation exercise by 
registering the RR cardiac interval. The analysis of complex time series (such as 
RR cardiac intervals) demands the utilization of credible computation techniques 
in order to determine the number of algebraic components required to reconstruct 
the original time series. As a result, in order to fully comprehend the functioning 
of the H-rank algorithm for the RR cardiac interval, we will first thoroughly assess 
the H-rank method's applicability on synthetic data. The synthetic data we intend 
to examine in our study is the Master Slave coupling logistic map equations. The 
intent of employing the synthetic chaotic time series as an example, is to 
demonstrate how efficient the H-rank technique is in determining the algebraic 
components required to reconstruct the original complex time series and then 
visualize the synchronization between the two systems. 

Consider the model of the master slave coupled logistic map (MSC; 
Brown, Rulkov, & Tracey, 1994); we refer to this example as synthetic data. As 
the model's name implies, the primary system is "master," and the secondary 
system is "slave;" the slave only follows the master. The MSC model is analyzed 
using the H-rank algorithm in order to demonstrate its capability to detect the 
synchronization between the two systems. It should be emphasized that the term 
"synchronization" refers to the "complexity matching" as mentioned earlier. Many 
types of chaos synchronization can be observed in coupled chaotic systems for 
instance amplitude envelope synchronization (González-Miranda, 2002), lag 
synchronization (Sun, Wang, Wang, & Wu, 2015) and others etc., (Ahmadlou & 
Adeli, 2012; Hoon, Mohd Radzi, Mohd Zainuri, & Zawawi, 2019; Wang, Wen, 
Yu, Yu, & Huang, 2018). We will examine the master slave coupled 
synchronization by analyzing the model with H-rank technique. 
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Fig. 1. The complexity matching revealed by the H-rank algorithm can identify the 
synchronization between the “master” and the “slave” in MSC logistic maps. The 
first panel of the figure shows the original time series x(t)-which is the master. The 
second panel of the figure contains the values of delta. The following figure shows 
the slave time series y(t). The second last figure panel exhibits the difference 
between time series X and Y. The last figure of the panel shows the H-rank 
computed for the master and the slave. 

The equations of the MSC model read: 𝑥௞ାଵ = 𝑟௫ 𝑥௞ ሺ1 െ 𝑥௞ሻ (1) 
Equation 1 does represent the paradigmatic logistic map. The variation range of 
the discrete variable xk is limited between 0 and 1 when the initial condition x0 is 
between 0 and 1, and the parameter rx is in the range [0, 4]. We choose x0 = 0.1 
and rx = 3.9 what guarantees that the dynamics of the “master” is chaotic.  
 y୩ାଵ = r୷ y୩ ሺ1 െ y୩ሻ (2) 
Equation 2 does represent the “slave” in the model of MSC logistic map. The 
value of parameter ry is set to 3.89. 
 𝑞௞ = ∆  𝑥௞ ൅ 𝑦௞ ሺ1 െ ∆ሻ (3) 
The third equation defines the coupling between the “master” and the “slave”; the 
coupling parameter ∆ determines the coupling strength. Equations 1 and 2 are 
completely uncoupled when ∆ = 0 (the “slave” is completely free from any impact 
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from the “master”). Analogously, the “master” and the “slave” get fully coupled 
when ∆ = 1.  

In Fig. 1, the first panel of the figure shows the time series x(t) plotted 
for the first system (the “master”). The second panel of the figure depicts the 
continuous variation of the coupling parameter ∆. The third panel shows the time 
series y(t) which refers to the “slave”. The fourth panel exhibits the difference 
between time series x(t)and y(t). The last panel depicts the H-ranks computed for 
both systems, which are plotted on the same graph to visualize the complexity 
matching during the synchronization of the two systems.  

Looking at the graph, it appears that the second system (slave) is acting 
independently initially. However, as ∆ progressively increases, the H-ranks of the 
two systems appear to synchronize; in other words, the “slave” begins to listen to 
the “master”. The blue graph depicts the H-rank of the first system (the “master”), 
whereas the red graph depicts the H-rank of the “slave”. One can observe that the 
H-ranks of the two systems are considerably different when ∆ is small, and that 
the evolution of x(t) is far more complicated than the evolution of y(t) due to the 
difference between parameters of the two logistics maps. However, once the two-
time series are in sync, the H-rank of the two systems becomes almost identical, 
rather than fully identical, because we do not bring ∆ to 1. In our case, we did 
increase ∆ only to 0.6. This indeed is a good example to demonstrate the 
complexity matching between the two systems, which is identified by the means 
of the H-rank algorithm. In the next section we will describe in detail the 
adaptability of the H-rank algorithm for the complex time series (RR cardiac 
interval). 

Algebraic Complexity of Time Series Defined by H-rank 
The heart rate variability (cardiac RR intervals) of the eight Healers and 

 one Healee was recorded as a time series ൛x୨ൟ୨ୀଵାஶ
  .  In  Fig. 2, the vertical black 

lines indicate the nine phases of the protocol during the experiment. The blue 
traces are the HRV of the eight Healers and the red trace is the HRV of the Healee. 
We apply the H-rank technique to the HRV data to examine the algebraic 
complexity of the time series using the algorithms illustrates in the previous 
section. When the Hankel matrix is produced, each row of the Hankel matrix is 
displaced by one element, and the overlapping between the phases is maximized. 
The SVD routine is used to produce the standard singular values of the time series. 
The range of the H-rank matrices in this study is, 150-by-150, which corresponds 
to 300 data observation points. The lowest and maximum ranges of the matrix are 
0 and 150, respectively.  

Afterwards, the moving average was also applied to smooth the results 
of the examined scalar time series data. Many research studies (Hansun, 2013; 
Hunter, 1986) make use of the moving average approach. The time series data is 
processed using a three-point simple moving average approach. Each point in the 
time series data is equally weighted. The algebraic complexity of the time series 
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data is defined by H-ranks reflecting the mathematical model’s backwards 
memory horizon, which is used to estimate time series data to a given accuracy. 
It is based on the SVD (singular value decomposition) and the Hankel matrix 
pseudospectrum (Palivonaite & Ragulskis, 2014).  

The following section describes reconstruction of the attractors for the 
reconstructed H-rank for Healers and Healee during the nine phases of the 
experiment. 

Reconstruction of the Embedded Attractor 
This section discusses the implications of the embedding attractor 

method to visualize the process’s state space representation during the different 
stages of the protocol. The ordered set of embedded points is defined as an 
attractor, and the 2D plane is known as the state space. One of the characteristics 
that characterize the dynamics of the time series is the area occupied by the 
embedded attractor. However, the area of the attractor is determined by the time 
lag τ utilized for state space reconstruction. We used a simple criterion for 
determining the area of the embedded attractor, which was based on a direct 
assessment of the geometric area occupied by the set of points of the trajectory 
matrix in state space. We consider a finite range of time lag values τ = 1 … τmax. 
The maximal value of time lag τ is set to 100. The embedded attractor is 
reconstructed for the 2-dimensional phase space to visualize the HRV 
synchronization throughout the experiment. It’s worth noting that a scalar time 
series’ Hankel rank is conceptually distinct from the system’s state-space 
realization. The Hankel rank accurately depicts the algebraic relationships 
between sequence elements without attempting to recreate the analytical model of 
an underlying dynamical system (Ragulskis et al., 2011). As a result, we 
reconstruct the embedded attractors from H-rank and their SVD analysis data. For 
a conventional sine wave, the best time lag τ for an attractor to be in two-
dimensional phase space is one fourth of the wavelength, γ / 4. In this study, the 
HRV signals for all participants are not typical sine waves, therefore, the goal was 
to reconstruct the attractor so that its maximum expansion in two-dimensional 
phase space was determined by computing various time delays τ experimentally 
to identify its maximum size in phase space. As shown in Fig. 5, the typical fixed 
time delay τ = 100 has been used for all nine attractors reconstructed. In the next 
section, the statistical analysis has been shown for the cohort of individuals. 

Statistical Analysis of the Complexity Matching 
To further second the hypothesis of this study, the statistical analysis is 

performed. The statistical analysis helps to corroborate the mathematical 
interpretation of the complexity matching and to visualize the overall pattern of 
the HRV during the phases of meditation as shown in Fig. 6. It was decided to 
employ the boxplot representation and analyze it for the cohort of Healers and 
Healee over the nine consecutive phases of the experiment. In Fig. 6, the x-axis 
represents the evenly spaced vertical lines where the box plots are plotted in each  
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phase. It should be noted that the boxplots are displayed according to the phases 
indicated in Table 1, but for better visualization, the boxplots in Fig. 6 are 
positioned in equal spaced places along the x-axis. In Fig. 6, the y-axis indicates 
the scale from 0 to 100. The statistical characteristics of the boxplot that are 
assessed are the mean (μ), standard deviation (σ), 25th percentile, 75th percentile 
as shown in Tables 2 and 3. The black boxplots represent the averaged H-rank of 
all Healers, whereas the red boxplots represent the H-rank of the Healee. First the 
two hypotheses are defined: Hypothesis One: “The means of the averaged H-rank 
of the Healers and the Healee are equal”. Hypothesis Two: “The means of the 
averaged H-rank of the Healers and the Healee are not equal.” 

To validate the suggested hypothesis, a decision support statistical 
condition is also proposed. To begin with, first the mean and standard deviation 
of the averaged Healers H-rank and Healee H-rank are computed. Then with the 
implication of one sigma rule, the upper μA + σA and lower μA - σA boundaries are 
defined (see Tables 2 and 3). The statistical condition is formulated as: (μB - σB) > 
uB & (μA + σA) < uA; where uA is the 75th percentile of the Healers and the uB is 
the 25th percentile of the Healee. The percentiles will be used as a variation 
interval to analyze the conditions in each phase of the experiment. In other words, 
the variation intervals uA and uB will serve as a baseline for assessing whether one 
of the two hypotheses should be accepted or rejected. For instance, if the condition 
(μB - σB) > uB and (μA + σA ) < uA holds true, it signifies that it must be inside the 
variation interval, and the hypothesis one is eventually accepted. If the conditions 
are not satisfied, hypothesis one is rejected, and the second hypothesis is 
ultimately accepted. The statistical analysis outcomes are discussed in the sections 
that follow. 

Comparison of the Efficacy of the H-rank Approach vs the Permutation 
Entropy 

The efficacy of the H-rank technique is assessed by comparing it to 
Permutation Entropy (PE) technique. PE is a robust time series analysis tool which 
provides a quantification measure of the complexity of a time series by capturing 
the order relations between values of this time series. PE has been introduced by 
(Bandt & Pompe, 2002), and is extensively used for the quantification of 
complexity of different technological (Landauskas et al., 2020), financial (Li, 
Shang, & Zhang, 2019), biological processes (Mansourian, Sarafan, Torkamani-
Azar, Ghirmai, & Cao, 2023). We are employing the efficient validated PE 
algorithm (Unakafova & Keller, 2013) for the computation of complexity 
matching between the Healers and the Healee. The idea of comparison between 
the H-rank technique and the PE is simple and straightforward. It is aimed to 
investigate if the PE technique will reveal the complexity matching of HRV 
between the group of Healers and the Healee during the meditation protocol for 
the nine phases of the experiment. 

RESULTS 
During the  healing  protocol, the heart  rate variability  data of the nine  
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Fig. 2. HRV is monitored and registered for eight Healers and one Healee, shown 
here as the IBI. The blue plots depict the time series of HRV for Healers (RR-
cardiac interval). The Healer’s HRV is depicted in red. The experiment is windowed 
such that the Healee’s as well as the eight Healers’ HRV signal can be observed 
and analyzed from the beginning to the end of the experiment. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3. The H-ranks graph for the participants is constructed throughout the 
experiment. (a) The blue plot depicts the H-ranks for eight Healers. (b) The 
arithmetic mean of the H-ranks for eight Healers is plotted in black. (c) The red plot 
shows the Healee’s H-ranks. The x-axis represents time in seconds, while the y-
axis represents the algebraic complexity of the RR- cardiac interval manipulated 
using H- ranks. 
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Fig. 4. The H-ranks graph for both participants is constructed throughout the 
experiment. (a) The arithmetic mean of the H-ranks for eight Healers is plotted in 
black. (c) The red plot shows the Healee’s H-ranks. The x-axis represents time in 
seconds, while the y-axis represents the algebraic complexity of the RR- cardiac 
interval manipulated using H- ranks. 

participants (eight Healers and one Healee) were recorded as time series. The 
experimental session lasted for 75 minutes which corresponds to 4500 seconds as 
shown in Fig. 2. In order to leverage the mathematical model for defining the 
algebraic complexity of the time series, the H-rank was incorporated with the 
range of the matrix as 150-by-150, which corresponds to the 300 consecutive data 
points and makes up the phase for our experiment as shown in Fig. 2. The proper 
selection of ε = 0.05 guarantees a good sensitivity of the H-rank algorithm. In Fig. 
3, the Healers’ H-rank has been displayed in blue graphs, the averaged H-rank for 
Healers is shown in black, and the Healee’s H-rank is displayed in red. For the 
better visualization purpose, the averaged H-rank for Healers, and the Healee’s 
H-rank is shown in Fig. 4. The x-axis is windowed for the nine phases in line with 
the time (in minutes) indicated in Table 1, but in the following Figs. 2, 3 and 4, 
the time is presented at a second’s resolution. 

Beginning form the very-left side of Fig. 3, is the first phase of the 
experiment, which corresponds to the first 6 minutes of the exercise, during which 
all Healers are standing outside the room where the protocol will take place. The 
healing protocol has not started at this point. Fig. 3 depicts that the H-rank 
reconstructed for Healers and Healee’s appeared to have distinct trends. The 
averaged H-rank plots of the Healers and the Healee’s H-rank plots clearly 
demonstrate a different mean level, which signifies the difference in the 
complexities of the recorder HRV signals. This suggests the lack of complexity 
matching.  

The next activity, which lasted fifteen minutes until the 21st minute of 
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the exercise, is represented by the second phase. During this time period, all the 
Healers are now standing in the large conference room where the healing protocol 
will take place, and a pre-recorded guided meditation is streaming on the audio 
system. The Healers are advised to remain standing, close their eyes, and begin 
shifting their energy state as this audio begins. The differing mean level of the H-
rank traces in Fig. 3 continue to suggest a lack of matching.  

The third phase lasts eleven minutes until the exercise's 32nd minute. 
During this time, the Healers open their eyes and begin walking in a huge circle 
around the room, listening to guided meditation during the activity. During this 
time period, the closeness in matching between the reconstructed H-rank of the 
Healers and the Healee is not yet very observable.  

The fourth phase corresponds to the HRVs observed for the following 
three minutes, until the exercise ends at 36 minutes. This phase corresponds to the 
activity when the Healers close their eyes and stand. During this time the Healees 
are gathering outside the conference room, waiting to enter the room, so both 
Healees and Healers are standing still and anticipating the healing is about to 
begin. During this phase we observe the matching of the reconstructed H-ranks 
for both the Healee and the group of Healers, with their H-ranks nearly coinciding.  

The fifth phase lasted 3 minutes and corresponds to the activity in which 
the Healers open their eyes briefly and form healing circles (groups of 8 people 
sitting in a circle). Fig. 3 shows that the reconstructed H-ranks throughout this 
time period converge less.  

The sixth phase had a duration of 12 minutes. During this time, the 
Healees enter the room and are instructed to lie down in the center of the healing 
circles of eight Healers. Healers continue standing with their eyes closed 
throughout this time. The H-rank constructed for this time period showed 
matching in the means level of their graphs during this activity period. 

The seventh phase lasted for 10 minutes. The Healers are instructed to 
open their eyes, sit down, look at their Healee and other Healer’s briefly, before 
closing their eyes to begin practice changing their state to by harnessing heart-
energy. The complexity matching between the reconstructed H-ranks seems to be 
very close for both Healers and the Healees as seen in Fig. 3.  

The following phase is 6 minutes long. During this time, the Healers rub 
their hands together, aiming their hands towards the Healee, and begin to create a 
cohesive field of heart-focused energy around the Healee. Complexity matching 
of the reconstructed H-rank could be seen this time interval. 

In the final phase, all Healers place their own hands over their hearts, 
and are guided to meditate on directing their heart energy inward for 8 minutes, 
which concludes the healing meditation protocol at 75 minutes. During this 
period, the apparent complexity matching continues, as perhaps the Healee is 
absorbing the positive energy or information transfer that appears to have 
occurred during the meditation phase. Statistical analysis description in the 
subsequent paragraph also confirms the means coming closer to each other for the 
averaged H-rank of the Healers and the Healee. 

The trajectories’ state space realization had been explored using the  
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Fig. 5. The reconstruction of the embedded attractors for the group of Healers and 
Healee, as well as the set forth of phase plane representation. The nine trajectories 
have been reconstructed for the nine phases of experiment for 4500 seconds (75 
min). The red trajectories are for the Healee and their beginning is marked with a 
magenta-filled circle, whereas the black trajectory is for the Healers and the 
beginning of the trajectory is marked with green-filled circle. 

mathematical approaches described in detail in previous sections. Embedded 
attractor techniques, which are based on a direct evaluation of the geometric area 
occupied by the set of points of the trajectory matrix in state space with a finite 
range of time lag values τ = 100 are implemented in this paper. Each trajectory is 
a representation of the complex algebraic relationship between the Healers and 
the Healee’s H-rank, as mentioned in the preceding paragraph. The nine 
trajectories plotted for each of the nine phases and are shown in Fig. 5. In Fig. 5, 
the red trajectory represents the Healee’s H-rank data points dispersed in the state 
space, while the black trajectory represents the average of all Healers’ H-ranks. 
The green circle represents the start of the trajectory for the Healers, while the 
magenta circle represents the beginning of the H-rank trajectory for the Healee. It 
is worth noticing that the trajectories plotted for both the Healee and the group of 
Healers are relatively widely apart in the state space during the first phase. In the 
second time frame, the red trajectory appears to be slowly approaching the 
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Healer’s trajectory. The third phase demonstrates that the trajectories are growing 
closer as the Healers open their eyes and start walking in a large circle around the 
room. From the fourth to the ninth trajectory, the Healee's trajectories grew 
progressively closer to the Healers' trajectories providing strong computational 
evidence of increased complexity matching during the later phases of the healing 
process. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 6. Statistical analysis of the H-rank for the cohort of Healers and the Healee. 
The boxplots have been represented for the nine phases of the experiment. The 
x-axis shows the time intervals (equally spaced). The y-axis is classified from 0-
100 scaling. We can see the median, 25th quartile, 75th quartile and the minimum 
and maximum values of each boxplot (see Table 2 & Table 3). The black boxplot 
shows the averaged H-rank of all the Healers throughout the meditation exercise. 
The red boxplot shows the H-rank of the Healee’s HRV during the meditation 
exercise. 

The statistical analysis of the averaged H-rank of the Healers and Healer 
allowed us to confirm our hypothesis of complexity matching of the reconstructed 
H-rank as well as assess the dynamical transitions from one phase to another 
during the healing protocol. The statistical results show that for the initial four 
phases of the experiment, the statistical condition (μB - σB ) > uB & (μA + σA ) < uA 
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does not hold true which implies that the means of the averaged H-rank of the 
Healers and the Healee is not equal and eventually this results in the rejection of 
hypothesis one. This is also depicted by the boxplot representation for the initial 
four phases of exercise (see Fig. 6). Upon the further analysis of the statistical 
outcomes for the other phases of the exercise, it is noticed that the statistical 
condition holds true; meaning that the means of the averaged H-rank of the 
Healers and the Healee lies with the variation interval, and it can also be verified 
in Fig. 6. 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
Fig. 7. Complexity of the HRV is computed using the Permutation Entropy (PE). 
(a) The blue lines depict the PE for each individual Healer. (b) The arithmetic mean 
of the PE for the eight Healers is plotted in black. (c) The red plot shows the HRV 
complexity measure of the Healee’ by the PE method. The x-axis represents time 
in seconds, while the y-axis represents the complexity of the HRV computed using 
the PE algorithm. 

The efficacy of the H-rank approach is further demonstrated by 
comparing it to another validated and state-of-the-art algorithm, namely 
Permutation Entropy (PE). The PE is used to compute the complexity matching 
of the HRV for both Healers and the Healee'. In Fig. 7, the x-axis shows the time 
in seconds, whereas the y-axis represents HRV complexity computed using the 
PE technique. The blue graph in Fig. 7 indicates the HRV complexity determined 
for each of the individual Healers, whereas the black graph represents the 
averaged HRV complexity computed for all the Healers. The Healee's HRV 
complexity is computed in red. The HRV complexity computed using the PE 
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approach during each phase of the exercise can be vividly seen and analyzed in 
the Fig. 7. It can be observed that the HRV complexity computed for both the 
Healers and the Healee does not seem to match at any phase of the protocol. This 
is strong evidence that the H-rank technique revealed the complexity matching 
during the phases of the meditation exercise, whereas the PE approach did not 
detect these important details. 

The notion of incorporating and deploying the H-rank technique to 
reconstruct the mathematical model for defining the algebraic complexity of the 
HRV during the healing protocol, as well as the reconstruction of the embedded 
attractors technique for the state space realization of the trajectories spread in a 2-
D plane, provides a clear picture of complexity matching. The convergence of the 
reconstructed H-rank over the course of the experiment and visualization of the 
increased closeness between the HRVs over the later phases of the healing 
process, are accomplished for the real time complex time series, which is the 
essence of this work. While the study's findings provide a convincing 
mathematical structure in the form of the H-rank approach to analyze and 
visualize the complexity matching that occurs between the groups during the 
meditation. In the end, the efficiency of the H-rank algorithm is also shown by 
comparing it with the PE approach.  

DISCUSSION 
This experiment revealed complex findings and further research will be 

required to better understand the many complex and subtle factors hinted at in the 
results. The fact that the Healers’ and the Healee’s HRV began portraying similar 
patterns during the phases of the protocol in which heart-focused healing 
intentions were being sent to the Healee which confirms the complexity matching 
that occurs in interpersonal communication and reflects the interaction effects 
(Joffė-Luinienė, Vainoras, & Šmigelskas, 2019). This phenomenon, however, 
raises additional questions about the factors that mediate such effects to occur. 
For instance, this study cannot establish the processes involved in modulating the 
closeness of the Healers and Healees reconstructed H-ranks during the healing 
process. For example, as shown by the attractor figures, the HRV of the Healers 
and the Healee becomes closer during the phases of the meditation. The question 
here is what mechanism generated this closeness; is it happening because of 
interaction (coming into the same place for both Healers and Healees)? Another 
question to consider is what happens if the meditation exercise is both guided and 
controlled. Will the result be the same or different? 

 These and similar questions emerging in the mind can be said to serve 
as definite targets for future research and are beyond the scope of the current 
study. As previously stated, this study demonstrates and mathematically confirms 
the fact that complexity matching happens for a group of individuals during a 
heart-coherence healing exercise.  

 Based on the reviewed scientific sources on physiological synchroniza-
tion and their benefits (Benson et al., 2006; Tatsumura, Maskarinec, Shumay, 
Kakai, 2003) it can be conditionally presumed that one of the important factors in 
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this context is a heart-coherence state, and intention. In our experiment, Healers 
were lead in a heart-coherence induction activity after which focusing on 
transmitting positive healing intentions towards the Healee, which may be one of 
the key factors involved in close non-contact healing effects. Having in mind that 
meditation has already proved to provoke and stimulate significant 
transformations (McCraty et al., 2009) perhaps it makes us better able to accept 
that similar transformations are possible in non-contact healing processes. When 
we already know that such intangible feelings and emotional states as 
experiencing gratitude (Kyeong, Kim, Kim, Kim, & Kim, 2017) praying for 
yourself or others (Benson et al., 2006; Jana, 2011) etc. have objectively 
measurable physiological and emotional changes, then in this light our findings 
about the effects of distant healing are in line and contributing to the dynamic and 
complex perception of human health and well-being. Nonetheless, the study's goal 
is entirely focused on highlighting the H-rank technique as an efficient 
mathematical model for analyzing complexity matching and evaluating groups 
HRVs as a result of meditation. This research study may pave the way for future 
research on healing methods by providing a validated mathematical approach for 
assessing HRV which could be employed in a variety of experiments.  

CONCLUSION 
The findings of this study revealed mathematical evidence of complex 

interactions happening during a close non-contact healing protocol. The H-rank 
approach was utilized as an effective mathematical technique to illustrate the 
complex algebraic relationship and complexity matching between Healers and the 
Healee’s heart rate variability. In addition to the H-rank technique, the embedding 
attractor approach was used to visualize the complexity matching during the 
various phases of a healing protocol.  

The Hankel matrix technique proved to be an effective mathematical 
approach for defining the algebraic complexity of the reconstructed H-ranks 
during the healing protocol, and the reconstruction of an embedded attractors 
technique for the state space realization of the trajectories spread in a 2-D plane, 
provided a clear picture of the reconstructed H-rank becoming closer. These 
results could be used to encourage and stimulate the subsequent scientific studies 
of comparable circumstances when studying complexity matching. 

Perceiving the subtle, emotional processes involved in human 
interactions can often be challenging, however, these findings undoubtedly show 
that relationships are complex, dynamic, and have great potential for better 
understanding the coordinated activity that occurs in various contexts involving 
human interactions. 
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